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Cognitive and Representational Cues for Assigning Weight to Numerical Information in 
Decision-Making 

 
by 
 

Luke Frederick Rinne 
 

Doctor of Philosophy in Education 
 

University of California, Berkeley 
 

Professor Michael Ranney, Chair 
 
 

Incorporating relevant numerical information into decision-making is a fundamental and 
important aspect of numeracy. However, the process through which weight is assigned to 
particular numerical values is not well understood. The central theory proposed in this 
dissertation is that the weight assigned to numerical information may be conceptualized 
as a function of a set of discrete and largely independent cognitive and representational 
cues, each of which makes a relatively unique contribution to the information weighting 
process. This study focuses on five cues that may frequently be important for assigning 
weight to numerical information (though this list is not meant to be exhaustive): a) the 
ease with which information can be processed, b) the extent to which information 
deviates from expectations, c) the manner in which information is acquired, d) the 
precision of numerical representations, and e) the perceived uncertainty associated with a 
piece of information. For ease of processing, existing research was reviewed and 
implications for the practice of presenting numbers were considered. Experiments were 
conducted to investigate the roles of the remaining cues in the information weighting 
process.  
 
The first experiment’s results indicated that when confidence in expectations was high, 
information received more weight when expectations were incorrect. However, contrary 
to predictions, information received more weight to the extent that it conformed to 
expectations when confidence was low. The second experiment’s results showed that the 
weight assigned to numerical information was greater when it had been actively searched 
for before its value was learned (as opposed to being passively received). In the third 
experiment, the precision of numerical representations (as measured by the number of 
significant figures) was observed to be proportional to the weight assigned to 
information, while differences in precision across two numbers in a comparison made 
that comparison less influential. Finally, in the fourth experiment, the weight assigned to 
the probability level (as opposed to the interval width) was greater for confidence 
intervals with lower probabilities and narrower ranges, and also for intervals based on 
subjective judgments rather than empirical data. Implications were discussed for fields 
including education, journalism, and risk communication, among others.  
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Chapter 1: Introduction 
 

In modern society, numerical information that could potentially impact everyday 
decisions is widely available. Food at the grocery store has nutritional information printed on its 
packaging. News outlets report how much competing government proposals will cost. 
Universities offer a wide array of statistics in hopes of enticing top students. Most people would 
surely claim that such information influences their decisions. The question this raises, though, is 
how, exactly, do people go about utilizing numerical information? How does one determine how 
much weight or influence a particular numerical value for some quantity should carry? After all, 
other forms of relevant information often abound as well. Some food with high nutritional 
content doesn’t taste very good. The costs of government programs must be weighed against 
their benefits. And of course, prospective students may want to weigh indices of academic 
performance against sunny weather or bustling nightlife. 

Prior research on the use of numbers in decision-making has tended to focus on 
differences in utilization regarding broad categories of numerical information (e.g., base rate 
neglect; Tversky & Kahneman, 1974), rather than on the processes by which particular 
numerical values are incorporated into particular decisions. Though such research is important, it 
does not address the fundamental question of how the numerical value associated with any given 
quantity is “cashed out” in a unique decision context. Determining how heavily a given decision 
ought to be influenced by a particular numerical value—how much “weight” that value should 
carry—is not at all a trivial problem; in most cases, there seems to be no simple way to make 
such a determination, though the outcome of this process may have meaningful consequences. 
For example, how do voters incorporate information in the form of, say, the unemployment rate, 
into their views about the necessity of government intervention in the economy—views that may 
strongly impact choices at the polls? Or, how do patients and doctors balance information about 
the frequency of possibly lethal side effects against potential improvements in quality of life 
when deciding on a course of treatment? Such decisions can clearly affect people’s lives in 
profound ways. Yet, not much is known about how people solve problems like these—despite 
the fact that they epitomize some of the core concerns of researchers like Paulos (1989) who 
bemoan the “innumeracy” of the general population and enumerate its negative consequences at 
length. If educators are truly interested in helping to create a more numerate populace—if they 
really wish to increase the extent to which people use numerical information and mathematical 
concepts to help them make everyday, important decisions—they should be greatly interested in 
learning about the processes through which weight is assigned to numerical information during 
decision-making. These processes are the focus of this dissertation. The hope is that the research 
undertaken here can help inform practices for presenting numerical information used by 
educators, journalists, doctors, lawyers, financial advisors, public officials, and many others—
indeed, anyone who presents numbers for the purpose of helping people make common, 
everyday, yet important decisions. 

When decisions depend on information that is on the qualitative end of the spectrum, that 
information can oftentimes be incorporated into the decision-making process on the basis of 
logical relations through deliberative reasoning. For example, one might decide to wear a coat 
because it is snowing outside, or to buy a certain sofa because it matches one’s curtains. A 
prosecutor might decide to pursue charges against an alleged thief because he was found to be in 
possession of stolen property. However, numerical information does not seem to be as amenable 
to this kind of reasoning, particularly when numerical values do not lie near extremes and 
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benchmarks for comparison are not readily available. Logical relations can’t straightforwardly 
tell someone how a statistic about automobile accidents ought to influence one’s willingness to 
pay for a car with airbags. Even seemingly simple matters—such as how many cans of soup to 
buy upon encountering a certain sale price—do not seem clearly resolvable through sheer 
reasoning alone. The cliché of something being “a matter of quantity, not quality,” really seems 
to hold in cases such as these.  

Decisions that depend at least in part on information that is quantitative are more readily 
described in terms of multi-attribute models (Fishbein & Ajzen, 1975). Multi-attribute models 
are used to account for various phenomena (e.g., attitudes, valuations, choice behaviors, etc.) in 
terms of a linear combination of attribute values and weights. For instance, a decision regarding 
one’s willingness to pay (WTP) for some good would be modeled as follows: 

 
WTP = ! wivj 

 
Essentially, the value of a given quantity can be viewed as an attribute value, while the 
importance of that quantity (according to the decision-maker) for the decision process is viewed 
as its weight. This weighted term can be combined with other weighted terms that represent 
additional external sources of information, internal attitudes, and personal values in order to 
reach a decision outcome. On this view, the fundamental question of this dissertation has to do 
with how people go about assigning the wi’s for previously unknown (or previously uncertain) 
numerical values that are presented in external representations. Though uncertain or vague 
beliefs about the values of certain quantities may carry some weight in the decision making 
process, the weight assigned to the values of quantities will tend to increase once actual values 
are learned (at least as long as the issue is not particularly politicized or controversial, in which 
case learning the actual value may sometimes actually decrease reliance on the information; see 
Garcia de Osuna, Ranney, & Nelson, 2004, for an example of this). Thus, what will be referred 
to throughout this dissertation as “information weight” may be thought of as the increase in 
weight assigned to the value of a quantity over and above what it would receive before its true 
value was known. “Information weight” reflects the additional weight assigned to a numerical 
value by virtue of having received its true value as information in the form of an external 
representation. Whereas internal attitudes or values (with which the individual is already 
familiar) may be assigned weight relatively intuitively, it seems likely that people will oftentimes 
lack strong intuitions regarding how to weight novel, external representations of numerical 
information. If people nonetheless incorporate this kind of information into decisions, however, 
there must be some kind of process by which they weight it relative to other forms of 
information. 

Subjective expected utility theory (Savage, 1954) from classical economics would seem 
to provide a logic by which weight could be assigned to quantitative information, even when 
individuals differ in terms of their attitudes or personal values; however, when one looks closely, 
the assumptions of this theory appear to be problematic if they are interpreted realistically. In 
subjective expected utility theory, people are viewed as rational decision makers who have 
complete information and logically consistent preferences over any pair of options, and it is 
assumed that they consistently maximize subjective utility—the fulfillment of their desires or 
wants—when making choices. Although utility theory indeed accounts for how particular 
numerical values held by quantities—even under conditions of uncertainty—may translate into 
decision outcomes, this is accomplished only by making the question of how people incorporate 
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information into choices or decisions essentially trivial; for any given numerical value a 
particular quantity might hold, it is simply assumed that people will choose according to 
whatever is best for them. This means that the weight assigned to a piece of numerical 
information will simply be that which yields an optimal outcome for the individual. Although 
utility theory may be useful for the purposes of economic prediction, especially in aggregate over 
whole populations, it seems unlikely that utility theory could realistically describe the actual 
process by which individuals incorporate numerical information into decisions. This is consistent 
with the general view in behavioral economics—which aims to study individual decision-making 
in a more descriptive way, with greater consideration of findings from psychology—that utility 
theory often fails to adequately account for behavior at the level of the individual and is 
implausible as a realistic description of psychological processes (Camerer, Loewenstein, & 
Rabin, 2004; Rabin, 1998).  

If accounts based on logical reasoning and/or utility theory are insufficient to describe the 
process by which numerical information is weighted, what other account might be given? It is 
proposed here that the weight or influence a given piece of quantitative information carries is 
probably determined based on a variety of different psychological and representational cues, 
each making a somewhat unique and independent contribution to the weighting process. A useful 
analogy can be drawn to the study of depth perception in vision science. Humans’ perceptual 
systems determine depth based on over a dozen different visual cues: motion parallax, 
perspective, relative size, occlusion, etc. (Palmer, 1999). These cues are combined to produce a 
three-dimensional image, but their contributions are often taken to be largely independent of one 
another; thus, cues are often studied one at a time (e.g., motion parallax; Rogers & Graham, 
1979). Analogously, this dissertation will investigate the potential contributions of a variety of 
cues that may be involved in the process by which people assign weight to numerical 
information during decision-making. These cues include: a) the ease with which information can 
be processed, b) the extent to which information deviates from expectations, c) the mode in 
which the information is acquired, d) the precision of numerical representations, and e) the 
perceived degree of uncertainty associated with the information. By no means is this listing of 
cues meant to be exhaustive; there are surely other kinds of cues that affect the weight numerical 
information receives. For instance, a number of cues that are somewhat intractable for empirical 
studies like this one—relevance, credibility, compatibility with opinions, etc.—could also be 
expected to affect the weight assigned to information that is either quantitative or qualitative in 
nature.  

Though the emphasis in this piece will be on numerical information, some of the cues 
that are studied here could potentially affect weighting for other kinds of quantitative 
information in a wide variety of formats (e.g., graphs or charts, verbal expressions of quantity or 
similarity, etc.), or even some kinds of qualitative information. Further, weighting of other forms 
of quantitative information may not necessarily rely on the cues considered here, and may 
instead be based on wholly different kinds of cues. Thus, although generalizations to broader 
classes of information may often be quite appropriate, this will not always be the case. For the 
sake of brevity and focus, such issues of generalization will not be considered here; the scope of 
the present study will be limited to written numerical representations of quantitative information. 
The plan for the dissertation will be to devote a chapter to each of the potential cues outlined 
above. 

The first chapter to follow this one will consider the role that ease of processing plays in 
the assignment of weight to numerical information. This is the only one of the cues to be 
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considered whose influence on information weighting has been relatively well studied in 
previous research. As a result, no empirical work will be undertaken in the investigation of how 
this cue may function; rather, there will simply be a review of prior research and a discussion of 
implications for various practices of presenting numerical information to recipients in different 
contexts. 

Ease of processing is obviously a very broad concept, and may be manifested in a variety 
of different ways when it comes to issues of information utilization. The chapter will investigate 
how different ways in which information may vary in terms of ease of processing have been 
linked to the weight or influence that information carries in decision-making. The review will 
begin with well-known work by Hsee (1996) and others on the “evaluability hypothesis.” The 
evaluability hypothesis is the simple idea that numerical values are utilized to the extent that they 
are easy to evaluate—that is, to the extent that there are other numerical values available for 
comparison to the target value. Numerical information will likely carry more weight in decision-
making when it is relatively easy to evaluate. Findings by a number of researchers that support 
this claim will be detailed, and implications for presenting information will be discussed. 

One important factor that may contribute to evaluability is the degree to which numerical 
information has affective content—that is, the degree to which numbers presented as information 
cause individuals to have either positive or negative feelings. Several researchers have shown 
that the affective content of information (and that of nearby reference points) may contribute to 
evaluability (Kunreuther, Novemsky, & Kahneman, 2001; Peters et al., 2006; Peters et al., 2009). 
Peters et al. (2006) and Peters et al. (2009) argue that when information is relatively complex, 
information that evokes either a positive or negative response may be easier to process during the 
course of decision-making than information that must be dealt with in a more calculated and 
thoughtful manner. Accordingly, it may be helpful to enhance affective responses by directly 
attaching evaluative labels to numerical values when appropriate. As will be seen, this branch of 
research has strong implications for presentations of health care information; health care 
decisions often require balancing patients’ interests in freely making the choices that are best for 
them with the need to communicate the expertise possessed by health care providers. 

The second, and perhaps most well known way in which ease of processing may vary is 
by virtue of the format in which numerical information is presented. Foremost, a debate has gone 
on for the better part of two decades over the issue of why probability information tends to be 
easier to process when it is presented as in a frequency format rather than a single-case 
probability format. A considerable amount of research has been conducted with the aim of 
showing that the ease of processing afforded by “natural frequency” formats helps to eliminate 
cognitive biases (Cosmides & Tooby, 1996; Gigerenzer & Hoffrage, 1995), and, more 
importantly for the purposes of the present study, helps to facilitate use and increase the 
influence of probability information in decision-making (Brase, 2002; Gigerenzer, 1996; Peters 
et al. 2006). As will be shown, although the evidence that natural frequency formats increase the 
influence of probability information is relatively uncontroversial, the explanation for why this 
occurs is not, and the controversy surrounding the explanation has implications for how such 
findings inform practical recommendations for presenting information. An attempt will be made 
to resolve some of this controversy, and several other ways in which numerical information 
format may affect the weight assigned to numerical information will be considered as well. 

A final dimension of processing ease that will be considered involves what might be 
termed “perceptual accessibility.” One aspect of perceptual accessibility involves what Shah and 
Oppenheimer (2007) and others describe as “perceptual fluency.” For external presentations of 
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numerical information, fluency refers fundamentally to the ease with which information can be 
perceived; in other words, the fewer cognitive resources someone needs to devote to perceive the 
information, the more weight a piece of information will receive during the decision-making 
process. The idea that high fluency increases the utilization of information fits well with the 
conception of decision-makers as “cognitive misers” proffered by Fiske and Taylor (1991). 
Another aspect of perceptual accessibility that will be considered is the perceptual “salience” of 
numerical information. Salient presentations “stand out,” making them perceptually easier to 
process, causing them to carry more weight during decision-making. Stone, Yates, and Parker 
(1997) and Stone et al. (2003) have invoked the notion of salience to explain why numerical 
representations of quantity tend in general to carry less weight than graphical representations of 
quantity. The implication here is that if numerical information can be presented in a more 
“salient” or “fluent” manner, the weight it receives during the decision-making process will 
increase. 

Following the review of ease of processing effects, all subsequent chapters will be 
focused on empirical investigations of potential cues for weighting numerical information that 
have not been investigated extensively in previous research. In each of these chapters, 
experiments will be described in which participants were presented with numerical information 
and asked to make related decisions regarding how to divide a sum of money between two 
different public goods/investments, a method used previously by Lurie and Ranney (2003a, 
2003b, 2004) and Rinne, Ranney & Lurie (2006). In the experiments conducted for this study, 
dependent variables captured differences in the cues hypothesized to be of use in assigning 
weight to numerical information. The allocation of funds indicates a given participant’s 
willingness to pay (WTP) for investments in one good relative to the other; each experiment was 
designed so that the WTP allocation would be positively and monotonically related to the value 
of the quantity presented as information (i.e., wi > 0 in WTP = ! wivj). Since the only 
theoretically relevant factors that varied in the experiments related to the presentation of the 
target piece of numerical information, differences in WTP can be taken to reflect differences in 
the weight assigned to that piece of information as opposed to other forms of information 
(assuming that providing the new information does not simply change the weights assigned to 
other forms of information; experimental prompts were designed so that such an occurrence 
would be unlikely). Thus, in the experiments conducted for this study, increases in WTP indicate 
that greater weight was assigned to the piece of numerical information presented. For each 
experiment, information weight (a latent variable measured by WTP) was modeled via linear 
regression on predictors that included dependent variables from the experiment and background 
information collected after experiments were complete.      

Chapter Three, the first of the empirical studies, will address the role played by the extent 
to which information deviates from expectations. Prior research in the “Numerically-Driven 
Inferencing” (NDI) paradigm using the “EPIC” method (Estimate-Prefer-Incorporate feedback-
Change preference) has shown that surprising numerical information may spawn lasting 
conceptual changes in views on societal issues (Garcia de Osuna et al., 2004; Munnich, Ranney, 
& Bachmann, 2005; Munnich, Ranney, Nelson, Garcia de Osuna, & Brazil, 2003; Ranney, 
Cheng, Nelson, and Garcia de Osuna, 2001). Such work has also shown that post-feedback 
preferences (i.e., those elicited after information is received) change more relative to pre-
feedback preferences when information markedly contrasts with expectations (Garcia de Osuna 
et al., 2004; Ranney et al., 2001). However, it is not known whether people may use deviation 
from expectations more broadly as a cognitive cue for assigning weight to numerical 
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information, particularly when expectations and initial preferences/decisions are not elicited 
prior to the receipt of information. The core hypothesis investigated in Chapter Three is that 
numerical information that deviates from expectations by more than anticipated generally 
indicates poor calibration of expectations, and greater weight may be assigned to numerical 
information during decision-making as a result. An experiment was conducted in which 
participants stated their prior expectations regarding the values of quantities either before or after 
learning actual values and making a closely related decision to measure the degree of influence 
of the information presented. The fundamental idea is that receiving information that deviates 
from expectations by more than anticipated provides evidence of overconfidence in prior 
expectations. When overconfidence in prior expectations is indicated, this may imply that one’s 
judgmental faculties are somehow deficient, potentially leading to an increase in reliance on 
external sources of information—such as the numbers that are presented—and a decrease in 
reliance on more “intuitive” internal signals. 

The experiment will also allow for a determination of whether other effects related to 
calibration of expectations may affect information weighting as well. Prior research has shown 
that overconfidence in expectations may be positively related to “hindsight bias,” a phenomenon 
that occurs when individuals who are presented with the value of some quantity incorrectly 
believe that they would have predicted the value of that quantity relatively accurately (Fischoff, 
1975, Hawkins & Hastie, 1990; Winman, Juslin, & Bjorkman, 1998). Hindsight bias may 
decrease the weight that numerical information receives during subsequent decision-making, as 
hindsight biased individuals may be more likely to find information to be relatively mundane 
while remaining unaware of their overconfidence (Munnich, Ranney, & Song, 2007; Rinne et al., 
2006). Prior research has also shown that overconfidence is common when a quantity’s value is 
relatively difficult to predict, while underconfidence is common when the value is relatively easy 
to predict, a phenomenon known as the “hard-easy effect” (Gigerenzer, 1991; Juslin, 1993; 
Juslin, et al., 1997; Suantak, Bolger, & Ferrell, 1996). Thus, the difficulty of accurately 
predicting a number’s value may also affect the weight assigned to information about that value. 
The roles of both hindsight bias and the hard-easy effect—as well as potential effects of a 
number of other background variables—will be considered as part of a quantitative analysis of 
how deviation from expectations influences the weight assigned to numerical information. A 
linear regression model of information weighting (measured by WTP) will be presented; this 
model was constructed to determine how the extent to which numerical information deviates 
from expectations may influence the weight that information receives during decision-making. 

Knowledge of how deviation from expectations affects information weighting could have 
implications in a wide variety of areas. Research into how information that deviates from 
expectations affects student cognition could have significant implications for classroom 
education (Munnich, Ranney, & Appel, 2004). However, findings could also be important in 
more informal educational settings (Ranney et al., 2008). Journalists (e.g., Ranney et al., 2008), 
public advocates, and politicians, among others, all commonly present information that may tend 
to be jarring or surprising; knowing how information that deviates from expectations will be 
received would of course be useful. And finally, of course, advertisers and salespersons are 
always looking for ways to make their information more persuasive. 

Chapter Four will investigate how the weight assigned to numerical information may be 
influenced by the manner in which the information is acquired. The central question to be 
addressed has to do with whether numerical information that is actively searched for—rather 
than just passively received—tends to carry more weight during the decision-making process. It 
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is possible that the fact that one has actively sought a piece of information may serve as a kind of 
metacognitive signal regarding the importance of that information; if the information were not 
important, why would one wish to learn that piece of information? On the other hand, when one 
is simply presented with a piece of information, no such metacognitive signal can be present. 
Perhaps the information recipient will see the information as important, but the mode of 
acquisition cannot serve as an indication to this effect. Being given a piece of information may 
signal that the presenter of the information believes it to be important or relevant, but this tells 
one nothing regarding what might be yielded by an active search for information on the part of 
the recipient. 

To test the hypothesis described above, an experiment was conducted in which 
participants received a piece of numerical information and then made a closely related decision 
to measure the influence of that piece of information. Half of the participants simply received the 
information and made a decision, while the other half were prompted beforehand to describe one 
quantity they would want to know in order to help them make the decision. The stimuli were 
designed so that a relatively high proportion of participants could be expected to request the 
piece of information that was eventually provided to them. The decision outcome was used to 
measure the weight assigned to the information, with outcomes being compared across the two 
groups. If the weight assigned to the information is greater for participants who requested the 
piece of information they ultimately received than for participants who simply received that 
information, this provides evidence that information is weighted more heavily when it has been 
actively searched for as opposed to passively received. As suggested earlier, this may occur 
because the act of having requested a piece of information provides the recipient with a 
metacognitive signal that the information is important. If this is the case (or even if observed 
effects of this sort has some other cause), this may suggest that it would be prudent for presenters 
of information to try to get recipients to solicit information before presenting it to them. Perhaps 
doing so may allow consumers of information to more effectively situate the information they 
receive in terms of their needs. 

In Chapter Five, the role of the precision of numerical representations in information 
weighting will be investigated. Fundamentally, the precision of a given numerical representation 
is reflected in the number of significant figures it contains; for numbers without decimals, this is 
its number of digits when leading and trailing zeroes are excluded. On the one hand, people may 
prefer more precise representations of numerical information for the purposes of decision-
making. Representations of a numerical value with a given number of digits may be seen as 
deriving from a more precise measurement when there are more significant figures in it 
(regardless of whether this is, in fact, justified). As a corollary, when numbers are more precise, 
the source of the number may also tend to be deemed as more credible—the number may appear 
to be the result of a relatively careful process, rather than just a rough estimate. Again, this belief 
may or may not be justified, and the level of precision of the representation may or may not 
reflect how precise the measurement is. Sometimes, numerical representations can reflect a 
greater level of precision than is justifiable based on the tools or methods used; this phenomenon 
might be termed “pseudo-precision.” For example, one might quickly glance out over a large 
crowd of people and in short order estimate its size to be 24,318—an estimate that would 
obviously be absurdly precise given the limits of human apprehension. However, unless the 
inadequacy of the measurement method is readily apparent, as in the example just given, people 
may tend to assume that the precision of numerical representations is indicative of the precision 
with which measurements are made. 
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On the other hand, extremely precise numerical values are likely more difficult to 
process; there are more discrete characters that need to be identified and internalized, and these 
characters need to be combined to form an overall representation of quantity. It likely takes more 
time and effort to read and understand the number 196,385, for example, than it does to deal with 
a more round approximate value like 200,000. Thus, if difficulty of processing reduces the 
weight assigned to a piece of information, as was suggested earlier, there is reason to believe that 
increasing precision of numerical representation may at some point be associated with decreased 
information weight. Ultimately, the relationship between the level of precision of a piece of 
numerical information and the weight that information receives may in fact have an inverted-U 
shape; more precise numerical representations may carry more weight up to a point, but beyond 
that point the weight assigned to information may decrease due to processing demands. 

To the author’s knowledge, no empirical study has investigated the relationship between 
the precision of numerical representations and the weight that numerical information receives 
during decision-making. If the relationship does indeed have an inverted-U shape, as suggested 
above, it is unclear at what point the inversion of the curve might occur. In response, an 
experiment was conducted to see how the number of significant figures contained in numerical 
representations is related to the weight assigned to those representations. Participants were 
presented with pairs of six-digit numbers—each describing a hypothetical quantity whose value, 
it was believed, would sway hypothetical allocations of funds to related government programs. 
After information was received, imaginary funds were divided between the programs associated 
with the statistics to measure the influence of the information. The number of significant figures 
in the two numbers that were presented was randomly varied, as were the values of all significant 
digits after the lead digit. The hope was that it could be determined whether more precise values 
are indeed favored—something that may occur somewhat unconsciously—and to determine 
where any potential tradeoffs between desirable precision and processing limitations might begin 
to occur. 

Findings from this experiment might impact practices of presenting numerical 
information in a variety of ways. If it were discovered that decreases in utilization due to 
difficulty of processing outstrip concomitant increases in apparent precision after just a few 
significant figures, this might indicate that numbers should be rounded off most of the time, even 
when relatively high levels of precision are achievable. Also, this would show attempts to 
employ “pseudo-precision” as a means of persuasion to be not just deceptive, but actually 
counter-productive. On the other hand, if increased processing demands associated with greater 
numerical precision are relatively modest, this might suggest that rounding numbers off is 
unnecessary and may, in fact, make numbers receive less weight during decision-making. The 
practice of rounding numbers to make them easier to digest could actually undermine 
information utilization—at least when numbers are immediately present in external 
representations (as opposed to in memory)—as the weight assigned to numerical information 
may decrease due to “round” numbers being seen as “rough” or “approximate,” and therefore 
more inaccurate or uncertain. 

In contrast to the situation just described in which uncertainty regarding the values of 
quantities is not apparent and must be inferred, oftentimes numbers that truly are uncertain are 
presented along with information about the degree of uncertainty present. How people interpret 
and use numerical information about a quantity’s uncertainty will be the focus of Chapter Six. 
When there is a choice to be made regarding which pieces of information to rely on to help make 
a decision, those that are uncertain can be expected—all other things being equal—to receive 
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less weight in the decision making process than those that are relatively certain; this is a 
consequence of the common behavior known as “risk aversion,” which has been studied from a 
psychological perspective most notably by Kahneman and Tversky (1979). Thus, the empirical 
investigation undertaken in this chapter will not seek to assess whether the weight assigned to 
information decreases with the level of uncertainty regarding that information; it will simply be 
assumed that this is the case. However, even if it can be assumed that uncertainty about a 
quantity’s value reduces the weight assigned to that particular numerical cue during decision-
making, the question of how people utilize numerical information that describes the degree of 
uncertainty still remains. 

Numerical information about uncertainty regarding a quantity’s value prototypically 
takes the form of a confidence interval—that is, an interval into which a value is expected to fall 
with some associated probability. Fundamentally, presenting an individual with a confidence 
interval gives them two separate cues regarding the uncertainty of the quantity’s value—a range 
of values, and a probability that the value falls into that range. If the probability distribution for 
the value of the quantity can be assumed to be approximately normal (as is commonly the case), 
this is sufficient from a mathematical perspective to construct the entire probability distribution 
for the quantity’s value. However, it can hardly be assumed that laypersons presented with 
confidence intervals can readily approximate such distributions and easily make decisions on the 
basis thereof. That is, it is quite unclear whether people can effectively combine probability and 
range information with relevant assumptions when such information is presented to them. If they 
cannot, it seems likely that individuals will disproportionately rely on one cue or the other in a 
somewhat heuristic manner; either the range information or the probability information will 
receive greater weight than is justified in the decision making process. Thus, people may weight 
a given piece of numerical information more or less during decision-making depending on the 
particular combination of range and probability associated with the value of the quantity, even if 
the two combinations mathematically imply the same probability distribution.  

For instance, if the probability cue carries a disproportionate amount of weight, a 
numerical value given along with a narrow, low probability confidence interval would receive 
less weight than it would if it were given with a wide, high probability confidence interval 
implying the same degree of uncertainty. On the other hand, if the width of the interval 
dominates in the decision-making process, the reverse result would obtain; the weight assigned 
to a number would be greater if it were associated with a narrow, low probability confidence 
interval. To determine whether either of these two behaviors is consistently the norm—or 
whether any of a variety of factors might influence whether the probability or the width of the 
interval carries more weight—a simple experiment was conducted. Participants were given the 
opportunity to choose between pairs of investment prospects, each with the same expected value; 
contrasting styles of confidence intervals (narrow/low probability vs. wide/high probability) 
were presented with the two expected values, though both confidence intervals implied 
approximately the same degree of uncertainty. Participants noted which prospects they believed 
were more risky, as well as which ones they preferred (thus verifying whether they were indeed 
risk averse). The apparent basis of the uncertainty information was also varied. For one item, 
uncertainty information was presented along with a cover story that implied it was based on an 
individual’s subjective judgment; for the other item, the story implied that information was based 
on empirical observation. The goal was to identify conditions under which probability or range 
information used to convey uncertainty may tend to carry more weight during the decision-
making process. 
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Whatever the outcome, the results of this experiment would of course be important for 
anyone who presents uncertain numerical information for the purposes of either education or 
persuasion. In medicine, for instance, the question of how to communicate uncertainty about the 
effects of particular treatments is a thorny issue, as has been noted by Politi, Han, and Col 
(2007). It is hoped that the results of this experiment will shed some light on which styles of 
confidence interval tend to maximize and which tend to minimize the apparent degree of 
uncertainty associated with the value of some quantity. 

The final chapter of the dissertation will draw some broad conclusions regarding the 
overall contribution of the work undertaken. The roles played by each of the potential cues for 
assigning weight to numerical information will be reviewed, their relative importance under 
various circumstances will be assessed, and possible directions for future study will be outlined. 
Knowledge about the cues that people use to assign weight to numerical information has 
implications for classroom instruction, informal education, journalism, medicine, law, and 
finance. The goal will be to make practical recommendations that can be immediately put to use 
in any of these fields. Possible limitations of the studies conducted will also be discussed. 
Ultimately, interventions based on the research presented here could be used to increase the 
propensity to utilize numerical information—a fundamental aspect of numeracy—for particular 
pieces of information in specific contexts. Such interventions might complement efforts like 
those developed by Munnich, et al. (2004), Munnich, et al. (2005), Munnich, et al. (2007), and 
Ranney, et al. (2008), which utilize the NDI framework and EPIC method to produce longer-
term changes in individuals’ memory for numbers, numeracy skills (such as estimation and basic 
math ability), and/or general propensities for using numerical information.  
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Chapter 2: Ease of Processing 
 

The first cue for weighting numerical information that will be considered is the ease with 
which the information can be processed. Due to humans’ cognitive limitations, information that 
is easier to process and understand will likely be utilized more readily and therefore carry more 
weight during decision-making. As was alluded to in the introduction, ease of processing may be 
impacted by a relatively wide array of factors. This chapter considers three different ways in 
which external representations of numerical information may vary in terms of ease of processing: 
1) evaluability, 2) information format, and 3) perceptual accessibility (salience and fluency). For 
each of these factors, prior research will be reviewed and synthesized, and implications will be 
discussed. 
 

Evaluability 
 

The term evaluability has its origins in the “evaluability hypothesis” first proposed by 
Hsee (1996) as an explanation for a certain kind of preference reversal. Preference reversals 
occur when an individual’s preference for one risky prospect over another changes depending on 
how the preference is elicited; such reversals represent a challenge to the assumption in classical 
economics that the manner in which preferences are elicited is inconsequential, assuming they 
are normatively equivalent. The particular kind of preference reversal in question—first observed 
by Bazerman, Loewenstein, and White (1992)—occurs when options are valued differently 
under conditions of joint evaluation (JE) than they are under conditions of separate evaluation 
(SE). In other words, when the two options are presented together, one is rated as more valuable 
than the other, but when the options are rated separately, the order of preference reverses. Hsee 
(1996) demonstrated this phenomenon using a hypothetical scenario in which participants were 
asked to say how much salary they would be willing to pay to two different computer 
programmers who vary in terms of both their experience writing programs in a certain language 
(70 programs written vs. 10 programs written) and their undergraduate GPA (3.0 vs. 4.9 on a 5-
point scale). When the two candidates’ credentials were presented together (JE condition), 
participants were willing to pay more to the candidate with more experience; however, when 
salaries were elicited for each candidate separately (SE condition) from different groups of 
participants, the candidate with the higher GPA received a greater salary on average. Thus, the 
manner in which the preferences were elicited was shown to differentially affect how the 
attributes of the two candidates were evaluated, leading to a reversal in preference. 

The explanation for this result proposed by Hsee (1996) and elaborated on by Hsee, 
Loewenstein, Blount, and Bazerman (1999) is that the experience attribute (70 vs. 10 programs 
written) is much easier to evaluate when the two candidates’ credentials are presented jointly; 
that is, when participants could not directly compare the two values (SE condition), they did not 
know how to determine whether a particular number of programs written constituted a relatively 
high or low level of experience, and therefore, this attribute carried little weight in the 
determination of salary. This left GPA (for which participants likely have some internal metric) 
to be the sole basis upon which a salary would be chosen. When the two options were presented 
jointly, however, it was easy for participants to see that one candidate had much more experience 
than the other, and this difference swayed participants’ decisions in the opposite direction, in 
spite of the difference in GPA. Based on this evidence, Hsee (1996) and Hsee et al. (1999) 
conclude that attributes (which in this case are described by numerical values) are weighted more 
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heavily to the extent that they are “evaluable”—that is, to the extent that it can be determined 
whether attribute values are relatively high or low. When such a determination is difficult to 
make—when neither an internal nor external metric is readily available—the weight an attribute 
receives during the decision-making process is markedly reduced. Hsee et al. (1999) argue that 
the evaluability of a given piece of information—and therefore the weight assigned to that 
information—will be low when no reference points on a common scale are available for 
comparison, but will increase with knowledge of additional data points, zero (neutral) points, and 
maximum and/or minimum values. 

The work conducted by Hsee (1996) and Hsee et al. (1999) clearly implies that 
evaluability may be an important cue for assigning weight to numerical information during 
decision-making. Numerical information may oftentimes be neglected during the decision 
process simply because recipients have little basis for determining whether particular numerical 
values are relatively high or relatively low. Picking up on this idea, Kunreuther, Novemsky and 
Kahneman (2001) investigated whether a lack of evaluability might contribute to the neglect of 
probability information when probabilities are low. Although people may tend to have a 
relatively intuitive sense for probabilities like .5 (1 in 2) or .2 (1 in 5), this may not be true for 
much smaller probabilities, such as .00001 (1 in 100,000). Camerer and Kunreuther (1989) and 
Magat, Viscusi, and Huber (1987) have indeed shown that people often have difficulty 
interpreting very low probabilities when assessing personal risks, and that as a result, this 
information tends not to be very persuasive or effective when it is presented for the purposes of 
influencing decision-making. 

Kunreuther et al. (2001) conducted a series of experiments in which they presented 
participants with probability information about the chance of an accident at a chemical plant; the 
probability of an accident was varied in order to determine whether participants were sensitive to 
differences among small probabilities. For instance, would participants rate a plant with an 
accident probability of 1 in 1 million or 1 in 10 million as posing a greater risk than a plant with 
an accident probability of 1 in 100,000? Obviously, differences in probability of whole orders of 
magnitude such as these seemingly should affect one’s risk perceptions. In order to increase the 
evaluability of these differing probabilities, Kunreuther et al. (2001) presented accident 
probabilities along with the approximate probability of dying in an automobile accident in a 
given year (1 in 6000). Work by Brown and Siegler (1993, 2001) has shown that providing 
information “seeds” of this sort helps to improve estimation of real-world quantities; this might 
suggest that such seeds could similarly increase evaluability. However, results indicated that 
even with this reference point, differing accident probabilities still did not affect ratings of the 
risk associated with the chemical plant. Risks were rated as approximately a three on a five point 
regardless of the accident probability presented to participants. Kunreuther et al. (2001) 
concluded that insensitivity to probability information when probabilities are low may be 
relatively difficult to ameliorate and suggested that part of the problem with their intervention 
may have been that the reference point they provided (1 in 6000 chance of death in an 
automobile accident) was too far from the accident probabilities for the plant (1 in 100,000, 1 
million, or 10 million). Basically, participants may simply have seen any of the accident 
probabilities for the plant as “much smaller” than the probability of automobile death.  

To see whether decreasing the distance between the reference point and the target 
information would increase evaluability, Kunreuther et al. (2001) raised the probability of plant 
accidents relative to that of automobile death (1 in 6000) so that one probability was larger (1 in 
650), one was similar (1 in 6300), and one was smaller (1 in 68,000). Results indicated that 
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evaluability was aided this time, as risk ratings did decrease monotonically across the three 
probability levels (although the omnibus F statistic was still only marginally significant). This 
suggests that providing a single reference point may indeed increase the evaluability of small 
probabilities; however, the reference point needs to be reasonably close to the value of the target 
quantity, and difficulty evaluating the information may still remain. 

To see how evaluability for the plant accident probabilities might be enhanced further, 
Kunreuther et al. (2001) added affective content to reference points by providing relatively vivid 
scenarios along with probability information and also presented some participants with two 
reference points while varying the comparability of scenarios across the two reference points. 
Instead of simply presenting the probability of dying in an automobile accident in a given year, 
participants were presented with probabilities of automobile death associated with different 
descriptions of driving conditions—either relatively dangerous (1 in 5900), or relatively safe (1 
in 66,000). A second analogous pair of scenarios involved the risk of death from eating shellfish 
under dangerous or safe conditions associated with these same probabilities. Results showed that 
adding a description of conditions to a single reference point presented alone increased 
evaluability of plant accident probabilities such that risk ratings did differ significantly with the 
magnitude of those probabilities. As Slovic, Finucane, Peters, and MacGregor (2002, 2004, 
2007) have argued, affective responses oftentimes serve as important signals or benchmarks to 
which probability information can be linked; feelings arise effortlessly and suggest a response to 
information without requiring deeper, more thoughtful analysis. When Kunreuther et al. (2001) 
added a second reference point with a comparable description (such that both reference points 
involved either the automobile accident or shellfish scenario), evaluability was enhanced further, 
leading to even greater disparities among the risk ratings for different plant accident 
probabilities. However, adding a second point did not appear to enhance evaluability unless the 
two reference points were associated with comparable scenarios; when one reference point 
referred to automobile risk and the other to shellfish risk, ratings of risk regarding the chemical 
plant did not differ with the magnitude of accident probability.  
 The results presented in Kunreuther et al. (2001) indicate that the evaluability of 
numerical information—and thereby the weight that information receives during a subsequent 
decision—can be increased via interventions in which additional information is provided. It 
appears that providing reference points may be a good strategy for increasing evaluability of 
numerical information, and that such interventions may be most effective when information 
recipients are given multiple reference points accompanied by descriptions that allow them to 
compare the affective responses produced by the reference points. This likely facilitates the 
construction of an internal metric according to which the target numerical information can be 
effectively gauged. When numerical information can be contextualized in this way, it may 
oftentimes become easier to interpret and therefore easier to process, allowing that information to 
play a greater role in decision processes. 
 A number of other researchers have suggested that adding affective labels directly to 
numbers (e.g., good, fair, poor, etc.) may by itself significantly increase evaluability (Hibbard & 
Peters, 2003; Peters et al., 2009; Slovic, Finucane, Peters, & MacGregor, 2005). Peters et al. 
(2009) demonstrated empirically that adding these kinds of evaluative labels to numerical 
measures of hospital and health plan quality increased the regression weights for these predictors 
in linear models of participants’ overall ratings of attractiveness. This indicates that these 
numerical measures carried more weight in participants’ decision-making processes when 
evaluative labels were attached to the magnitudes of these measures. Of course, it is only 
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reasonable to add affective labels directly to numerical information in this manner if the mapping 
of labels onto numerical values is straightforward and uncontroversial; when the question of 
what numerical values are good, poor, etc. is more subjective, such labels would likely bias 
information recipients in an undesirable way. 
 Ultimately, neglect of information due to a lack of evaluability may be a widespread 
problem for decision-making in a number of domains. Perhaps most notably, several researchers 
in the field of medical decision-making have argued that a lack of evaluability may often lead to 
decreased utilization of numerical information related to the choice of medical plans (Hibbard, 
Slovic, & Jewett, 1997; Peters et al., 2009; Zickmund-Fisher, Fagerlin, & Ubel, 2004) and 
assessments of the risks and benefits of specific treatments (Keller & Siegrist, 2009). In 
consumer decision-making, Hsee (1998) has documented situations in which individuals’ 
difficulty in evaluating numerical product attributes leads people to value options with 
objectively lower utility (7 oz. of ice cream) more than options with objectively greater utility (8 
oz. of ice cream in an under-filled cup). Low evaluability may negatively impact utilization of 
numerical information in similar ways in other contexts (education, journalism, law, etc.). 
Practitioners in any of these fields would likely benefit by trying to assess whether the 
information they provide is likely to be evaluable. If information is not readily evaluable, they 
might consider using strategies such as those proposed by Kunreuther et al. (2001) in which 
recipients are provided reference points with affective content so as to help them generate a 
means for gauging target numerical information. Or, when a mapping of evaluative labels onto 
numerical values is objectively justifiable, adding labels directly to numerical values may 
represent a simple way of increasing the influence of numerical information on decision-making. 

 
Numerical Information Format 

 
 The impact of numerical information format on information use has received 
considerable attention from a variety of researchers (Brase, 2002; Cosmides & Tooby, 1996; 
Evans, Handley, Perham, Over, & Thompson, 2000; Fiedler, 2000; Gigerenzer & Hoffrage, 
1995; Peters et al., 2006; Sloman, Over, Slovak, & Stibel, 2003; Slovic et al., 2005; Slovic, 
Monahan, & MacGregor, 2000). A relatively narrow conception of information format is taken 
here; essentially, “mathematical” format is what will be at issue. Though some other researchers 
(e.g., Kleinmuntz & Schkade, 1993; Sanfey & Hastie, 1998) have taken “format” to also include 
somewhat more nebulous contextual factors such as tabular versus textual presentation, 
embedding of information in a narrative, information ordering, etc., such factors will not be 
considered here. Given this constraint, studies of how the format of numerical information 
influences decision-making generally involve one or both of two issues that are not always 
adequately distinguished from one another: 1) the weight that is assigned to information during 
the decision-making process, and 2) the perceived magnitude of the numerical value conveyed as 
information. These separate issues may be characterized in terms of the multi-attribute model; if 
the dependent variable is a continuous measure of some decision outcome that depends on a 
linear combination of weights and attribute values (e.g., WTP = ! wivj), the former issue has to 
do with a given term’s weight, wi, while the latter issue has to do with that term’s value, vj. 
Because the focus of this dissertation is on the first of these concerns, the question of how 
information format affects perceived magnitude will not be discussed at length. For studies of 
how numerical information format can affect perceived magnitude, see Halpern, Blackman, and 
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Salzman (1989), Peters et al. (2006), Rubaltelli, Rubici, Savadori, Tedeschi, and Ferreti (2005), 
Siegrist (1997), and Slovic, et al. (2000). 

Fundamentally, any piece of numerical information involves one of two kinds of 
expressions: a) an expression of absolute quantity or magnitude, or b) an expression of relative 
quantity or magnitude. In the former case, the issues related to how numerical format affects ease 
of processing are relatively transparent; expressions of absolute quantity—counts, 
measurements, etc. (e.g., the populations of countries or heights of buildings)—are given by 
merely a single number and some kind of unit measure. As will be seen, the more difficult 
outstanding questions about how information format affects ease of processing relate to 
expressions of relative quantity. Before that discussion, however, a couple of ways in which the 
format of absolute quantities or magnitudes may vary should be noted. 

First, absolute numbers may be expressed using scientific notation (i.e., a * 10x), but this 
is typically only done to make numbers easier to process when they are very large or very small, 
and the way in which this makes numbers easier to process is relatively clear. Scientific notation 
makes numbers easier to process insofar as it eliminates the need to for the recipient to count a 
large number of zeroes in order to understand a quantity’s scale. When a piece of statistical 
information contains only a few leading or trailing zeroes in it, scientific notation will likely 
make a number more difficult to process and therefore will likely decrease weighting. The 
crossover point in terms of information utilization and weighting for the two formats probably 
varies somewhat from person to person (and perhaps across different kinds of numerical 
information), and though the author does not know of any systematic research that has been 
conducted to determine locations for this point, it seems likely most people’s intuitions about 
when the use of scientific notation is prudent for aiding information processing can’t be too far 
off. When a piece of statistical information seems like it might be difficult to process or 
understand because of a large number leading or trailing zeroes, it probably is, and in those cases 
one should consider using scientific notation to maximize the weight information receives, 
assuming that is the goal. 

A second way in which the format of an absolute number may vary has to do with how 
non-whole numbers are expressed. Is numerical information easier to process when a non-whole 
value is expressed as a decimal or rather as a fraction? As with scientific notation, this question 
does not seem to have been the subject of systematic study, but the conditions under which 
fractions would be easier to process than decimals, or vice versa, seem relatively clear. When 
reduced fractions have numerators and denominators that are reasonably small or round (e.g., 
1/4, 1/1000, etc.), they seem likely to be easier to process than their decimal counterparts (.25 or 
.001). On the other hand, when they are improper, or involve larger, non-round numerators and 
denominators (e.g., 11/2, 25/72, etc.), it is likely easier to process and understand these 
magnitudes in terms of decimals (5.5, 3.47222…). It would probably be unwise to propose hard 
and fast rules regarding when fraction versus decimal formats are easier to process; again, it is 
probably best for information presenters to rely on their own judgment regarding which format is 
easier to process in a particular instance. 

In contrast, the relationship between ease of processing and the format in which 
numerical information is presented is more complicated for expressions of relative quantity or 
magnitude. Some of this complexity derives from the fact that relative quantity can be expressed 
in a number of different ways. For instance, relative quantity for counts of objects or discrete 
events can be expressed in any of the following forms: a) target probability (between 0 and 1), b) 
relative frequency (a out of n instances), c) rate (x units a per unit b), d) ratio (a:b, a/b, a to b), 
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and/or e) percent (a is x% of n). An urn containing 8 red and 2 green balls can be characterized 
by statements such as: “There is a .8 probability of choosing a red ball,” “8 out of 10 balls are 
red,” “There are 4 red balls per green ball,” “There is a red to green ratio of 4:1,” “80% of balls 
are red,” and so on. Ultimately, such expressions usually end up being dichotomized based on 
how closely they resemble a) or b) above—that is, in terms of whether they seem to 
communicate a single case probability or a relative frequency. These seem to be the only two 
representational forms among those above that are truly conceptually distinct from one another; 
ratios, rates, and percents are relatively interchangeable and can be used to express either 
probabilities or frequencies. However, probabilities and frequencies refer to wholly different 
things—the projected chance of an unobserved outcome, as opposed to an observed proportion 
of past outcomes. Though single case probabilities and relative frequencies are of course 
interrelated, they cannot be made conceptually equivalent to one another in the way that, say, 3/4 
is equivalent to 75% (although cf. “frequentism” as construed by Neyman, 1977). Potential 
differences in ease of processing for probability and frequency formats will be considered 
shortly. Before delving into this difficult issue, however, a few other kinds of format differences 
should be discussed briefly. 

It is possible that more superficial format differences (e.g., between percentage, ratio, or 
rate formats) may be associated with subtle processing differences that could affect information 
weighting to some degree. No research seems to have directly addressed this question, but 
studies have shown perceived magnitude to be affected by these kinds of differences (Halpern et 
al., 1989; Peters et al., 2006; Rubaltelli et al., 2005). As was noted earlier, this issue needs to be 
kept separate from the issue of information weighting, but the fact that differences in perceived 
magnitude were observed is at least suggestive that there could be weighting differences as well. 
Future research might be aimed at determining whether this is, in fact, the case. Findings might 
be most applicable for presentations of relative continuous measurements (e.g., relative 
distance), measurements over time intervals (e.g., salary per year), or information related to other 
non-stochastic processes. Because most research on the effects of numerical information format 
has focused on risk communication (which is of great interest in medical decision making, 
among other fields), much less is known about how people interpret and use information that 
does not refer to uncertain events.  
 A great deal of research, in contrast, has investigated possible differences between chance 
information presented in probability formats and that presented in frequency formats. In response 
to seminal work on heuristics and biases in judgment (e.g., Tversky and Kahneman, 1974), 
several researchers (Cosmides & Tooby, 1996; Gigerenzer & Hoffrage, 1995; Gigerenzer, 1996) 
have argued that many information biases—such as the neglect of base rate information—are 
ameliorated when information is presented in a frequency format instead of as a single case 
probability. Whereas Tversky and Kahneman (1974) suggested that neglect of base-rate 
probabilities is essentially the price one pays for the cognitive ease of heuristic judgment, 
Gigerenzer and Hoffrage (1995) and Cosmides and Tooby (1996) argue that this kind of bias 
only occurs because single case probabilities are difficult to process and understand. In their 
experiments, they presented probability information using relative frequencies (i.e., 10 instances 
out of 100, rather than a 10% or .1 chance), and found that the neglect of base rate probabilities 
was greatly diminished. The fundamental argument they give to explain this finding is that 
humans’ cognitive processes are relatively well adapted to the use of “natural frequencies”—but 
not single case probabilities—due to a long evolutionary history during which knowledge about 
uncertain outcomes was accrued through observed frequencies of occurrence. That is, because 
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conception of chance events in terms of single-case probabilities originated only very recently 
with the advent of modern probability theory, it is thought that the human cognitive apparatus is 
not as well adapted to the use of single case probabilities as it is to the use of frequency 
information. 
 A number of objections have been raised to the claim just described. Most importantly, 
several researchers have argued that the “natural frequencies” presented to participants by 
Gigerenzer and Hoffrange (1995) and Cosmides and Tooby (1996) are easier to process because 
they help the information recipient to see a useful kind of structure in the information (Evans et 
al., 2000; Macchi, 2000, Sloman et al. 2003). Natural frequencies may help people see the 
information in terms of what has alternately been referred to as a “set-inclusion model” (Evans et 
al., 2000), a “partitive formulation” (Macchi, 2000), or a “nested-set structure” (Sloman et al., 
2003). All of these terms fundamentally refer to the same thing. Consider this formulation of the 
commonly cited “disease problem” from Evans et al. (2000) in which chance information is 
presented in a frequency format: 
 

One out of every 1000 people has disease X. A test has been developed to detect when a 
person has disease X. Every time the test is given to a person who has the disease, the test 
comes out positive. But sometimes the test also comes out positive when it is given to a 
person who is completely healthy. Specifically, out of every 1000 people who are 
perfectly healthy, 50 of them test positive for the disease. Imagine that we have selected a 
random sample of 1000 people. Given the information above: On average, how many 
people who test positive for the disease will actually have the disease: __ out of __ 
(Evans et al., 2000, p. 201) 
 

When chance information is presented as it is here—using what Gigerenzer and Hoffrage (1995) 
term a “natural frequency format”—all of the numerical information is presented in terms of 
common denominator (1000 in this case). This allows the information recipient to think in terms 
of a “set-inclusion model” (cf. “partitive formulation” in Macchi, 2000 or “nested-set structure” 
in Sloman et al., 2003) in which they consider a particular group of 1000 people. In this format, 
people are relatively likely to reason that out of that 1000 people, 50 will falsely test positive 
while 1 will test positive and actually have the disease. Thus, out of 51 people who test positive, 
1 will actually have the disease. This response is not perfectly accurate; out of 1000 people, 1 
will have the disease, and an average of 49.95 (999 x .05) healthy individuals will test positive, 
yielding an average frequency of 1 out of 50.95. However, the difference is basically negligible 
as long as the base rate is low, and it is nonetheless clear that base rate information is much more 
readily utilized when chance information is presented in this manner. 
 In contrast, when chance information is presented in terms of probabilities expressed as 
percentages or decimals between 0 and 1, as is customary, it is not possible to maintain a 
common denominator across all of the different pieces of information. For instance, when 
information is presented in a probability format in Evans et al. (2000), the false positive rate is 
presented as 5%, rather than 50 out of 1000. When the question is then posed as to what percent 
of people who test positive will actually have the disease, extra computation is required to 
incorporate both the base rate and the false positive rate. If the problem solver is unable or 
unwilling to do these computations, base rate information will likely be ignored; as Evans et al. 
(2000) show, this often leads to incorrect responses of 95% (100% – false positive rate). Such 
responses are much more common with probability formats, ostensibly because of the extra 
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computational demands. Further, Evans et al. (2000) showed not only that incorrect responses 
were similarly common when the problem was presented in terms of frequencies that did not 
share a common denominator, but also that correct responses increased when probabilities were 
presented as fractions that shared a common denominator. This indicates that the ease of 
processing afforded by natural frequency formats derives from the computational simplicity of 
having a common denominator to work with. Evans et al. (2000), Macchi (2000), and Sloman et 
al. (2003) argue that this calls into question arguments by Gigerenzer and Hoffrage (1995) and 
Cosmides and Tooby (1996) that natural frequencies have been conferred some kind of “special” 
cognitive status by virtue of humans’ evolutionary history. Rather, they argue, the kind of 
general contrast that is often drawn between “natural frequencies” and probabilities regarding 
ease of processing is not really a fair one; other issues of computational simplicity seem to be 
more important than the differences between the two formats per se. 
 Hoffrage, Gigerenzer, Kraus, and Martignon (2002) respond to the objections described 
above with the argument that the computational simplification achieved by the use of a natural 
frequency format is basically an essential characteristic of that format. Objections that it is not 
the natural frequency format per se—but rather the computational simplicity that particular 
format affords—miss the mark, they argue, because it is only by virtue of the natural frequency 
format that this kind of computational simplicity is achieved. They see the ability to deal with 
natural frequency formats as an ecological adaptation, and this adaptation is the source of the 
computational simplicity; instead of arguing that frequency formats make base rate use 
computationally simpler, they argue that probability formats make base rate use artificially 
complicated. 
 The controversy described above may seem to many people (the author here included) to 
be something of a “chicken-or-the-egg” argument. Put more charitably, the argument seems to 
come down to the issue of from where, exactly, the adaptiveness of natural frequency formats 
arises. In other words, the question is really one for evolutionary psychology, and unfortunately, 
there seems to be little or no empirical evidence one way or the other to rely on. Has humans’ 
evolutionary history endowed them with a specific ability to process natural frequencies? Or 
rather, are natural frequencies easier to use simply because they happen to represent information 
in a way that is accessible given humans’ cognitive limitations? To the author of this piece, the 
latter possibility seems more parsimonious and plausible. However, one’s answer likely has 
much to do with how optimistically one views the extent of human evolutionary adaptation, 
which fundamentally begs the original question about why natural frequency formats make 
chance information easier to process. For the purposes of behavioral science, it would likely to 
be wise not to draw conclusions one way or the other regarding why—on a fundamental level—
frequency formats appear to make processing of chance information easier, at least without 
further evidence on the matter. 

The problem with remaining agnostic about the issues just described is that it then 
remains unclear whether presenters of chance information should specifically favor frequency 
formats, or whether they should rather just seek out information formats that make processing of 
information as simple and easy as possible. One argument in favor of the latter goal is that it is 
pretty well established that computational simplicity makes information easier to process and 
use, while it is not clear that frequency formats per se lead to easier processing. From a 
pragmatic viewpoint, the two strategies will rarely be mutually exclusive, however. Perhaps the 
soundest recommendation might be that one should try to present numerical information so as to 
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make its utilization as easy to process as possible, while recognizing that putting information in a 
natural frequency format may quite often be a good strategy for achieving this aim. 

No matter the source of processing ease, empirical evidence suggests that the ease 
afforded by frequency formats indeed affects the weight information receives in decision-
making. Peters et al. (2006) show that this may be especially true for relatively innumerate 
populations. The most extensive study of the effect of frequency formats on information use is 
that of Brase (2002). In a series of experiments, participants received risk information in a 
variety of formats: a) absolute frequencies, b) “simple” relative frequencies (e.g., 1 in 5), c) 
relative frequencies expressed as a percentage, and d) single case probabilities between 0 and 1. 
Data collected included: a) ratings of how “clear” information was, b) ratings of how 
“persuasive” information was, c) statements of which formats made risks seem more or less 
“serious,” and d) monetary decisions meant to measure the influence of information. Results 
indicated that participants found the “simple” relative frequencies and relative frequencies 
expressed as percentages to be the clearest, while absolute frequencies and single case 
probabilities were rated least clear. The same relationship held generally for ratings of 
persuasiveness, although absolute frequencies were relatively persuasive for low frequency 
events and relatively unpersuasive for high frequency events. In a comparison of “simple” 
relative frequencies, absolute frequencies, and single case probabilities, “simple” relative 
frequencies were rated as the format that provided the “best understanding,” while absolute 
frequencies were seen as making the risk seem the most serious, and single case probabilities 
were rated as making the problem seem the least serious. These results provide solid evidence 
that—regardless of the explanation—presenting chance information in frequency formats tends 
to make information easier to process, and therefore increases the extent to which that 
information is relied upon during decision-making. 

One final issue involving information format needs to be addressed. If one presents 
information in a frequency format in order to help maximize the weight information receives 
during decision-making, how large or small should the reference class be? As noted above, Brase 
(2002) showed that “simple” relative frequencies with small reference classes (e.g., 1 out of 5) 
were rated as clearest and most persuasive by participants. However, this conclusion was based 
only on comparisons to relative frequencies expressed as percentages, absolute frequencies, and 
single case probabilities. No comparison was made to relative frequencies with large reference 
classes (e.g., 20 out of 100). Processing differences between relative frequencies expressed with 
different-sized reference classes have been shown in research on what is known as “ratio bias” 
(Alonso & Fernandez-Berrocal, 2003; Denes-Raj & Epstein, 1994; Denes-Raj, Epstein, & Cole, 
2005; Pacini & Epstein, 1999; Pinto-Prades, Martinez-Perez, & Abellan-Perpinan, 2006; Reyna 
& Brainerd, 2007; Yamagishi, 1997). Ratio bias occurs when decision-makers treat equivalent 
relative frequencies differently. For example, an individual might prefer to draw a lottery ticket 
from a bowl containing 10 winners out of 100 tickets, rather than a bowl containing 1 winner out 
of 10 tickets, even though the probabilities of drawing a winner are the same for both bowls. 
Findings generally show that affinity for risky prospects increases—and risks of negative 
outcomes are seen as greater—when frequency information is given in terms of a larger 
reference class. 
 A couple of explanations have been given for ratio bias. First, some have argued that the 
effect may occur because numerosity is easier to process than ratio information (Pacini & 
Epstein, 1999; Pinto-Prades et al., 2006). In other words, risky prospects with greater numerators 
are preferred because the comparison of numerators is often easier than the comparison of ratios. 
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This means that when the ratios seem close to one another, the size of the numerator sways one’s 
view of which prospect is better. For example, a 9 out of 13 chance of winning might be seen as 
better than an 8 out of 11 chance of winning—despite the fact that the latter prospect has a 
greater probability—because the ratios are close enough to make the comparison difficult, 
leaving the relatively clear contrast between numerators to drive the decision. This explanation 
suggests that the ratio bias effect may be an effect on the perceived magnitude of the number, not 
the weight it receives during decision-making. 
 However, another explanation for ratio bias effects has been offered, and this one, if 
correct, would indeed mean that ratio bias effects could impact decisions by virtue of the weight 
the information receives. Fiedler (2000), Miller, Turnbull and MacFarland (1989), and Schapira, 
Nattingly, and McHorney (2001) have all suggested in some form or another that people may 
essentially be more “suspicious” of relative frequencies when they are presented in terms of 
small reference classes. This may occur if people see the reference class as though it were a 
random sample and prefer to rely on information derived from larger rather than smaller 
samples. Of course, when frequencies are presented in terms of a small reference class, this 
doesn’t mean that the sample on which that frequency is based was small; and likewise, were a 
frequency to be presented in terms of a large reference class, this wouldn’t mean that the sample 
size was large. However, if sample size information is not presented along with the relative 
frequency, the information recipient really doesn’t know anything about the sample size, and he 
or she may not be prevented from drawing these kinds of spurious conclusions. Thus, despite the 
findings by Brase (2002) that relative frequencies with small reference classes produce relatively 
high levels of information utilization, it is important to caveat these findings by noting that small 
reference classes may sometimes make information recipients suspicious, potentially decreasing 
reliance on information. 
 To summarize, recommendations to information presenters regarding the choice of 
numerical format include the following: First, to maximize the weight information receives 
during decision making, one should obviously in general try to minimize the computational 
demands associated with understanding and using a given piece of numerical information. For 
absolute quantities, this might mean presenting information using scientific notation when 
standard representations contain a high number of leading or trailing zeroes (assuming the 
audience is numerate enough to understand this format). Care should also be taken to seek out 
more computationally simple representations when deciding between fraction and decimal 
formats for representing non-whole numbers, despite the fact that there may be few hard and fast 
rules for determining computational simplicity. For relative quantities or magnitudes, it is not 
well known whether differences such as those between rate, ratio, and percentage formats are 
associated with differences in ease of processing. However, there is evidence that the particular 
conceptualization afforded or implied by a given numerical representation can make a difference, 
at least for chance information. Chance information conceptualized in terms of relative 
frequencies tends to be easier to process and will therefore likely carry more weight than 
information conceptualized in terms of single-case probabilities. Relative frequencies should 
probably most often be expressed using relatively small reference classes, although it may be 
important when presenting information in this manner to ensure that the audience does not take 
the small reference class to imply a small sample size; simply informing people of the sample 
size in such cases would likely avert this potential problem. Although more research on the 
potential effects of further differences in numerical information format is needed—particularly 
when it comes numerical information regarding non-stochastic phenomena—the findings 
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described here provide some basic guidelines that presenters of information would likely find 
very useful. 
 

Perceptual Accessibility 
 

 The final dimension of processing ease to be explored in this chapter involves the visual 
perception of target numerical information. Although visually recognizing and internalizing 
numerical information may most of the time seem to be relatively automatic and effortless, it is 
nonetheless the case that some amount of cognitive resources must be deployed to perform this 
task. Different ways of presenting numerical information likely entail differences in the cognitive 
resources that are required for visual perception. In this section, the focus will be on a couple of 
different factors that may affect the deployment of cognitive resources for recognizing and 
understanding numerical values—factors that fall under the umbrella of what might be termed 
“perceptual accessibility.”  

The first of these factors is the “salience” of a piece of numerical information—that is, 
the extent to which a numerical value visually “stands out” from its background, drawing the 
recipient’s attention without any effortful searching. Following research on cue utilization by 
Easterbrook (1959) and Duncan (1980), it is generally accepted that attention to a particular cue 
is positively related to utilization of that cue in judgment and decision-making. Accordingly, a 
number of different researchers have investigated potential links between the salience of 
numerical information and the attention and/or weight that information receives during decision-
making (Kim, 2006; Jarvenpaa, 1990; Stone, Yates, & Parker, 1997; Stone et al., 2003). The 
second factor that will be discussed is “perceptual fluency,” or the seeming ease with which a 
particular cue can be processed visually. Shah and Oppenheimer (2007) have shown that greater 
perceptual fluency is associated with greater weight being assigned to numerical cues. 
 Although salience and perceptual fluency may seem somewhat similar, and indeed, 
salience in certain cases could perhaps contribute to perceptual fluency, there are important 
distinctions between the two concepts. First, a particular numerical representation might be 
highly salient, but not particularly fluent. For example, a numerical value might be presented in a 
very bright fluorescent color—thereby making it highly salient against a white background or 
amidst plain black text—but in a font, however, that is very difficult to read (e.g., medieval 
gothic lettering). Alternatively, a particular representation might yield perceptual fluency but not 
salience; some number might be presented in a conventional, easy to read font, but be situated in 
text from which it does not stand out. Below, prior research relating salience and perceptual 
fluency to the utilization of numerical information will be reviewed. As will be shown, both of 
these factors are related in important ways to the weight that a given piece of numerical 
information receives during decision-making. 
 The salience of numerical representations of information has been relevant to researchers 
approaching a number of different topics. To begin, a number of different studies have explicitly 
compared the salience of numerical and graphical representations of quantity. First, Jarvenpaa 
(1990) conducted an experiment in which quantitative information about a range of attributes of 
potential homebuilding sites was presented either numerically or using bar graphs. Before 
receiving information, participants rated the importance of each of the attributes; after 
information was presented, data on the order in which information was attended to and the 
amount of attention granted were collected using verbal protocols. Results showed that when 
information was presented numerically, the order in which cues were attended to and the amount 
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of attention cues received was predicted by importance ratings (which, to recall, were collected 
before information was given). However, when information was presented graphically, attributes 
received attention based on how much their values varied across alternatives. That is, greater 
differences between bar lengths for a given attribute were apparently particularly salient, and this 
salience seems to have driven attention toward those attributes. Because visual discrepancies 
between particular numerical values are not as salient as those between bars of different lengths, 
discrepancies between numbers did not drive attention when information was presented 
numerically. Since attention tends to be positively related to the weight information receives 
during decision-making, these results indicate that numerical differences within a given attribute 
may in general not be salient enough to affect the weight a particular attribute receives during 
decision-making (unless, perhaps, these differences are so large that the numbers differ 
dramatically in their numbers of digits, making them strongly perceptually distinct). 
 Research in the field of risk communication corroborates the finding that numerical 
representations of quantity may tend not to be very salient, at least in comparison to graphical 
displays of quantitative information. Stone, Yates, and Parker (1997) conducted a study in which 
they compared numerical and graphical formats for presenting information about the reduction in 
accident risk associated with a particular brand of tires. Results showed that graphical 
representations produced more risk-avoidant behavior than numerical displays. Stone et al. 
(1997) presented a number of different possible explanations for why this might occur. Several 
possible explanations focused on potential differences in the perceived magnitude of the risk 
reduction, rather than the relative weight the information receives; however, the favored 
explanation was that graphical displays made differences in risk across a pair of options more 
salient, and this salience caused participants to attend to these differences sooner than they would 
have if information were presented numerically. This may have led them to weight the difference 
in risk to a greater extent relative to other factors that were likely considered only after the risk 
difference was recognized. When information was presented numerically, however, these other 
factors were more likely to be considered before participants noticed the risk difference. Thus, 
Stone et al. (1997) offer further evidence that numerical representations of information may in 
general exhibit relatively low salience, leading to decreased utilization of information compared 
with graphical representations. 
 Given the findings of Jarvenpaa (1990) and Stone et al. (1997), does this mean that 
numerical representations will always tend to be characterized by relatively low salience? Or is 
this true only in comparison with graphical displays? In other words, is it possible that the 
salience of numerical information may itself vary depending on how information is presented, 
potentially leading to differences in the weight that numerical values receive? A follow up study 
by Stone et al. (2003) that was aimed at adjudicating amongst the potential explanations for the 
findings of Stone et al. (1997) lends some insight on this point. In addition to demonstrating that 
increased risk avoidance in response to graphically presented information indeed seems to stem 
at least partly from a difference in salience, Stone et al. (2003) also showed that differences in 
salience of strictly numerical information likewise seems to affect decision-making. When a 
numerical reduction in risk was presented nearby, but separately from the size of the reference 
class (i.e., reduction from 30 to 15 incidences, with the reference class size of 5000 noted 
elsewhere in the text), risk avoidance was greater than when the incidence rate and reference 
class information were presented together (i.e., reduction in risk from 30/5000 to 15/5000). 
When information was presented in the former style, the relative risk reduction from 30 to 15 
was more salient relative to the absolute risk reduction. What this demonstrates is that the 
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manner in which numerical values are presented may indeed affect their salience, and this in turn 
may have impact on the weight certain pieces of information carry during decision-making. 
 Kim (2006) describes a different kind of salience effect involving numerical information 
used by consumers to make purchasing decisions. The study focuses on the conditions under 
which the “integration-of-losses” principle proposed by Thaler (1985) may fail to hold. The 
integration-of losses principle refers to the finding that presenting costs separately (e.g., $49.95 
plus $9.95 shipping) tends to reduce intent to purchase relative to cases in which such costs are 
combined (e.g., $59.90 including shipping). Kim (2006) argues that in order for the integration-
of-losses principle to hold, it is necessary that the two costs be viewed as strictly separate entities 
and that certain ways of presenting information may affect whether recipients do indeed separate 
the two costs. Specifically, Kim (2006) investigates whether reducing the salience of the 
secondary (in this case, shipping) cost may cause the two costs to be integrated, rather than 
viewed separately. To manipulate salience, Kim (2006) simply reduced the font size of the 
secondary cost so that it was somewhat smaller than the font of the base price. As suspected, this 
reduction in salience did reduce participants’ stated intentions to purchase (expressed on a 1-7 
scale) such that intentions were similar to those elicited when the two costs were integrated into a 
single price. In this case, the salience of a particular piece of numerical information (as 
determined by its font size) was shown to significantly affect the way that information was 
processed, and ultimately influenced subsequent decision-making as well. This constitutes 
another example of how presentation style may affect salience, and thereby the weight that a 
given piece of information receives in the decision process. 
 The discussion will now shift to the role of perceptual fluency in weighting numerical 
information, a topic that has not received as much attention as information salience, but which 
may nonetheless be an important aspect of perceptual accessibility. To recall, perceptual fluency 
refers to the ease with which a particular stimulus is processed. Research involving non-
numerical forms of information has shown that people may use the fluency with which a piece of 
information is processed as a cue regarding its truth (Reber & Schwarz, 1999). Of particular 
relevance here, however, is the finding by Shah and Oppenheimer (2007) that reducing the 
perceptual fluency of a piece of numerical information diminished the weight that information 
received. Shah and Oppenheimer (2007) conducted an experiment in which they presented 
participants with information about two different lobbying firms and asked them to rate the 
quality of those firms. Along with background information about the firms, participants were 
presented with two different rating indices, one that presented ratings in a numerical form (e.g., 
9.2/10), and another that presented ratings semantically (e.g., “low”). In each trial, one of these 
indices was presented in a bright and sharp manner (high fluency), while the other was darkened 
and blurred to make it more difficult to process visually (low fluency). Results showed that either 
index (including the numerical one) had more influence on ratings of the quality of the firms 
when they were presented in the fluent condition. Further, when the same stimuli were presented 
to a separate group of participants, these participants actually viewed the index presented in the 
more perceptually fluent form as more accurate; it may be that such beliefs about accuracy to 
some degree mitigate or account for the effect of fluency on subsequent weighting. These results 
demonstrate that perceptual fluency is clearly as much of an issue for presentations of numerical 
information as it is for other forms of information. 
 As shown by the existing research on salience and fluency reviewed here, issues of 
“perceptual accessibility” may be important to consider when one is presenting numerical 
information. First, it is important to recognize that numerical information may not be particularly 
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salient when presented in standard text, as seems quite common (e.g., print news). This lack of 
salience may contribute to generally low levels of information utilization, at least in comparison 
to graphical representations. However, numerical information can likely be made more salient—
causing it to carry more weight—by changing its color, size, location, etc. so that it stands out 
from the surrounding background. Whether this is appropriate or not, however, depends on one’s 
goals and is to a large degree a matter of judgment. On the one hand, the norm may be for 
numerical information to be somewhat neglected relative to qualitative information when it is 
presented in standard ways (Bartol, Koehl, & Martin, 1987); thus, making numerical information 
more salient may simply put it on par with other available information. But on the other hand, 
making numerical information too salient could potentially cause it to receive undue weight 
during decision-making. Because salience encourages earlier and more extensive attention to 
numerical information, this could lead to neglect of other information. If one’s goal is to use 
numbers to persuade, this might not really pose a problem (unless other persuasive information is 
overshadowed). However, if the goal is to inform an audience in a reasonably objective way, it is 
important to present information in a manner that gives each piece of relevant information—
qualitative or quantitative—a similar chance of being internalized and utilized as the recipient 
sees fit. 
 As for perceptual fluency, perhaps the most important thing for disseminators of 
numerical information to recognize is that even things that seem relatively inconsequential—
such as the sharpness/blurriness of text or the choice of font—can affect how the information is 
interpreted and utilized. Therefore, care should always be taken to present numerical information 
using representations that are processed fluently—at least as fluently as any surrounding text. Of 
course, if the goals are to maximize (or minimize) the impact of numerical information, the 
relative fluencies of numerical and other forms of information could be adjusted accordingly (as 
with salience). Differences in fluency may affect the weight assigned to numerical information 
directly based on a tendency to use fluent cues in the interest of conserving cognitive effort—or 
indirectly, by potentially affecting perceptions regarding the accuracy or truth of the information 
provided. 

 
Ease of Processing: Conclusions 

 
 As seen in this chapter, there exists a good deal of research on the relationship between 
processing ease and information weighting that can readily be used to inform choices regarding 
how to present numerical information.  Evaluability, information format, and perceptual 
accessibility may each increase or decrease the weight that information receives in decision-
making. As an example, consider a newspaper story that is reporting on unemployment. 
Although many people likely have a reasonably good internal metric for the unemployment rate, 
inevitably, some will not. For these people, the value that is provided will exhibits low 
evaluablity—how should they know how high, exactly, a rate such as 9% is? In order to make it 
evaluable, perhaps the rate could be presented along with the peak rate during the Great 
Depression (25%) or the average during the 2000’s (5.5%). The format in which the rate is 
presented might also make a difference—perhaps the rate would have a greater impact if it were 
presented as 9 out of 100. Finally, the rate could be presented in bolded, slightly larger, or italic 
font to make it more salient—this might help ensure that numerical information isn’t neglected 
amidst other information that may be present in the story, such as personal anecdotes or 
statements by public officials. If presenters of information such as journalists—or teachers, 
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doctors, or lawyers, for that matter—can be encouraged to consistently use the kinds of methods 
suggested here, methods based on sound empirical research, the result might be a more numerate 
populace that makes better, more informed decisions.  
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Chapter 3: Calibration of Expectations 
 

Though oftentimes people may not know much about the value of some unknown 
quantity, they usually have at least some kind of expectation on the matter. For example, one 
may not know precisely, say, what proportion of adults in the United States have bachelor’s 
degrees (a question asked of participants in Munnich et al., 2004), but one probably has some 
beliefs about the value of this quantity—or, at a minimum, some knowledge that can be used to 
construct such an expectation when one is prompted for it. When one then learns the actual value 
of this quantity, does this prior expectation have an impact on how that information is used? If 
information strongly deviates from expectations—or conforms to them quite closely, does this 
affect the weight that information might receive when it comes time to make a related decision?  
This chapter is focused on an empirical investigation that aims to answer these questions. The 
goal will be to better learn how the extent to which information deviates from expectations—like 
ease of processing—may frequently be an important cue for assigning influence to a given piece 
of numerical information. An experiment was conducted in which participants rated their 
confidence in prior expectations regarding which of two causes of death is more frequent; upon 
learning the actual relative mortality rate, they made a closely related decision that was used to 
measure the degree of influence of the information provided. The overall design drew from 
elements of experiments conducted by Lurie and Ranney (2003a, 2003b, 2004) and Rinne et al. 
(2006). The goal was to see how deviation from expectations may serve as a cue for assigning 
weight to numerical information, in hopes of providing educators, journalists, and doctors—
among many other disseminators of numerical information—with knowledge that could help 
inform their strategies for presenting information to various audiences.   

Importantly, the issue at hand is not deviation from expectations per se. The raw 
difference between a piece of information and its expected value seems unlikely to mean very 
much unless it is considered in light of how large a difference is anticipated. Thus, the focus will 
be on calibration of expectations, which may be colloquially defined as the extent to which 
observed deviation from expectations aligns with anticipated deviation from expectations. What 
matters is not simply how far off some number is from what one would have predicted; what 
matters is how far off it is relative to how far off one thought it would likely be. For example, 
consider the question posed at the outset: What percentage of adults in the U.S. have a bachelor’s 
degree or higher? Now, imagine two individuals, each of whom would estimate this number to 
be about 50%. The first individual feels he or she has little knowledge about the subject and is 
not very confident in this estimate; thus, he or she anticipates that the actual value will likely 
deviate from his or her expectations by quite a bit. On the other hand, the second individual is 
considerably more confident—perhaps he or she is a parent or university professor—and thus 
believes that while 50% is unlikely to be exactly right, the actual value probably differs by only a 
handful of percentage points or so. For which of these two individuals does the actual rate—
approximately 27%, according to U.S. census data—deviate more from expectations? The latter, 
of course—of the two, the latter’s expectations are clearly more poorly calibrated; though both 
estimates were relatively inaccurate, the former individual anticipated that this would likely be 
the case, while the latter did not. The more confident individual’s expectations are therefore 
more strongly contradicted. 

As seen in the example above, calibration refers to the degree of agreement between 
confidence in expectations and the accuracy of those expectations. This is most often measured 
by the difference between confidence ratings (e.g., average stated probabilities of correctness) 
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and some concordant measure of actual accuracy (e.g., proportion correct; Juslin, Olsson, & 
Björkman, 1997). When confidence in expectations is greater than is justified, an individual is 
said to be overconfident—and therefore to have poorly calibrated expectations. Learning how 
well-calibrated one’s expectations are provides an assessment of one’s judgmental faculties; 
quality of calibration indicates whether one’s cognitive abilities and prior knowledge form as 
reliable a basis for prediction as one thinks. From this idea comes an interesting hypothesis—that 
the weight assigned to information may increase when the information received shows that 
confidence in prior expectations was higher than justified. Overconfidence in expectations may 
signal that one’s judgment, intuition, or knowledge base is somehow deficient, and therefore, 
reliance on the numerical information provided—instead of on one’s judgment or sheer 
intuition—may increase during subsequent decision-making (although cf. Garcia de Osuna et al., 
2004). In the case of the question about bachelor’s degrees, the individual who was relatively 
confident in his or her expectation of 50% may feel more strongly compelled to rely on the 
actual value of 27% when formulating a view about some new policy initiative (e.g., a measure 
to incentivize college attendance), and this may increase support for such an initiative. 
Calibration of expectations may in this way help determine how much weight will be assigned to 
a particular piece of numerical information. 

Of relevance here is research in the Numerically-Driven Inferencing paradigm (e.g., 
Ranney et al., 2001 and  Munnich et al., 2003). This research utilizes the EPIC method to 
investigate the effect of surprising numerical information on conceptual change regarding 
societal issues. In experiments that use this method, participants estimate the value of a quantity 
(E), state what they would prefer it to be (P), incorporate feedback in the form of the actual 
value (I), and (if desired) change preference (C). Conceptual change was gauged by the percent 
change in a measure they called “policy,” which referred to the ratio between preferred and 
concurrently believed values for the quantity (i.e., preference divided by estimate before 
information is given, changed preference divided by actual value afterward). Munnich et al. 
(2003) showed that numbers known to be surprising produced considerable shifts in “policy” and 
also presented further evidence that this should be taken as a sign of meaningful conceptual 
change. In the experiment by Ranney et al. (2001), deviation from expectations was gauged 
using a metric they called “shock,” which combined participants’ ratings of confidence with their 
success/failure to capture the actual value in what they called a “non-surprise interval” (NSI), a 
confidence interval generated by participants such that it would have maximal width but yet any 
value falling inside this interval would not be deemed “surprising.” Garcia de Osuna et al. (2004) 
showed that participants’ failure to capture the actual abortion rate in their NSI’s was correlated 
with changes in abortion policy. Increasing confidence ratings (55%, 65%, 75%, 85%, and 95%) 
regarding the likelihood of capturing the actual value in the NSI correspond to scores of 6 
through 10 (55%-95%) when participants fail to capture the actual value, but are negatively 
related to shock (corresponding to shock scores of 5 through 1; 55%-95% confidence) when 
participants successfully captured the actual value. Ranney et al. (2001) showed that “policy 
shifts” were predicted by “shock” scores. Munnich et al. (2007) showed that shock scores also 
correlate with post-feedback surprise ratings. 

The “shock” measure integrates the expected probability of capturing a true numerical 
value in a subjective confidence interval with the fact of the matter as to whether that value was 
indeed captured, thus going beyond traditional studies of calibration (which involve simple 
comparisons between confidence and accuracy). The goal of the “shock” metric is to create a 
single measure that combines the two variables involved in the concept of calibration—a) 
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capture/non-capture of a numerical value in a confidence interval, and b) the stated degree of 
confidence. It is possible that larger “policy shifts” reflect the assignment of greater weight to 
numerical information. If so, the finding that “shock” was positively related to “policy shift” 
(Munnich et al., 2003; Ranney et al. 2001) would seem to imply that “shock” should also be 
positively related to the weight assigned to numerical information during decision-making. This 
would have a couple of further implications. First, this would imply that when information falls 
outside of a subjective confidence interval, the change in weight assigned to the quantity whose 
value was received as information increases as a function of confidence and is always greater 
than when capture is successful. Another implication is that as confidence increases (from 55% 
to 95%) when capture is successful (shock scores from 5 down to 1), information weight should 
decrease with a slope roughly equivalent to the negative of that observed when information falls 
outside the subjective confidence interval (shock scores from 6 up to 10).  

While NDI studies (e.g., Ranney et al., 2001) have also addressed the traditional notion 
of calibration for numerical judgments (comparison of confidence to observed accuracy), the 
origin of the conception and the bulk of the research in this area comes from work in judgment 
and decision-making (Gigerenzer, Hoffrage, & Kleinbölting, 1991; Juslin, et al., 1997; 
Lichtenstein, Fischoff, & Phillips, 1982). Generally, calibration as traditionally conceived is 
measured by simply comparing subjective probability judgments regarding whether, say, 
Quantity A is greater than Quantity B, to objective probabilities of correctness defined by the 
proportion of correct responses over a set of judgment items. Inherent in this approach is a 
“frequentist” perspective, which takes probabilities to refer to long-run relative frequencies of 
occurrence (Neyman, 1977). According to this view, good calibration of judgment entails that 
exactly 90% of judgments made with a confidence level of 90% should be correct. When the 
average level of confidence is greater than the proportion of correct judgments, overconfidence is 
demonstrated, meaning that true values tend to deviate from expectations by more than 
anticipated. When the average level of confidence is lower than the proportion correct, 
underconfidence is shown. 

In contrast, a “Bayesian” interpretation of probability as “a measure of a state of 
knowledge” (Jaynes, 2003) affords a somewhat different conception of calibration, one in terms 
of single-case probabilities of correctness for individual judgments. According to a Bayesian 
view, the confidence level may be thought of as referring to a subjective “degree of belief”—
expressed as a probability—that Quantity A is greater than Quantity B. The true probability of 
correctness, on the other hand, would be given by an objective Bayesian inference from an 
individual’s actual state of knowledge. Although no attempt will be made to draw objective 
inferences of this sort in the present study, see Dawid (1982, 1985) for a formal theory 
describing how probability forecasts for single events could be assessed empirically—relative to 
a knowledge base—without requiring that probabilities be interpreted as repeated trials of the 
same event. Assuming that true single-case probabilities of correctness exist, a well-calibrated 
individual who is 90% confident should have a 90% chance of being correct in that judgment. 
When the degree of belief (and hence confidence level) is higher than is justified given one’s 
knowledge base, one is overconfident. When the degree of belief is too low, one is 
underconfident. 

The Bayesian view just described forms a basis for the present study. Although most 
calibration phenomena have been demonstrated by observing frequencies of correct judgments, 
the translation of the concept of calibration into Bayesian terms is relatively straightforward, as 
seen above. Despite potential objections from staunch frequentists (or from those who reject 
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objective Bayesianism), it will be assumed that subjective single-case probability judgments 
underlie assignments of confidence levels, and that objective Bayesian probabilities of 
correctness exist. Because the rate of correctness over a sample of individuals on a given item 
will approximate the objective probability of correctness for a population, calibration effects 
(such as overconfidence) that are demonstrable for individuals over a set of items should also be 
evident when single items (provided they are representative of the set) are tested over a group of 
comparable individuals. If this is correct, the move to a Bayesian perspective is unproblematic; if 
not, predictable calibration effects will be unlikely to manifest in single judgments in any 
coherent and interpretable way, and the hypotheses posed in this paper will not be supported. 
Thus, the proof that these assumptions are reasonable will lie in the production of experimental 
results that make sense in light of hypotheses and prior research. 

 It is important at this point to review some prior research from the calibration literature 
in judgment and decision-making. Perhaps the most widely studied calibration phenomenon is 
overconfidence. A number of researchers have claimed that humans tend to exhibit a general 
overconfidence bias in judgment (Griffin & Tversky, 1992; Koriat, Lichtenstein, & Fischoff, 
1980). However, others have argued that overconfidence effects result from biased item selection 
(Gigerenzer, Hoffrage, & Kleinbölting, 1991; Juslin, 1994), regression effects (Erev, Wallsten, & 
Budescu, 1994), or a tradeoff between precision and accuracy in social communication (Yaniv & 
Foster, 1997). In addition, Björkman, Juslin, and Winman (1993) have shown that 
underconfidence may be more common in sensory discrimination tasks—that is, they observed 
confidence levels that were actually lower than true probabilities of correct judgment. 

To see how overconfidence may become apparent to an individual upon receiving 
feedback for even a single judgment, consider the following scenario: An individual makes a 
binary judgment regarding whether Quantity A is greater than Quantity B and has some level of 
confidence in that judgment. If the individual makes an incorrect judgment, this may very well 
have occurred because he or she was overconfident in the original judgment. Sometimes well-
calibrated individuals will make incorrect judgments, but for any given item, the odds are against 
this outcome; if an above-chance probability of correctness has been justifiably assigned, a 
correct judgment is expected. Thus, any incorrect judgment provides at least a modicum of 
evidence that the assigned probability of correctness may have been too high—that there was too 
much confidence in the judgment. The higher the level of confidence, the more the odds are 
against an incorrect judgment occurring despite good calibration, and therefore the greater the 
evidence of overconfidence. An incorrect judgment made with 90% confidence provides 
considerably stronger evidence of overconfidence than an incorrect judgment made with 60% 
confidence. In this respect, the “shock” scale (Ranney et al., 2001) aligns with the degree of 
perceived overconfidence when responses are incorrect. A shock score of 10 is assigned when an 
individual gives the highest rating of confidence (95%) and a score of 5 for the lowest rating 
(55%). 

However, if the individual has makes a correct judgment, learning the relative values of 
A and B will serve more or less to confirm his or her expectations. Although the individual’s 
particular level of confidence may have been higher or lower than was justified, he or she has no 
evidence one way or the other; for all levels of confidence greater than 50%, the individual 
expects to be right, and if the judgment is correct, this expectation is confirmed. Thus, a correct 
judgment—at least in isolation—never provides evidence of overconfidence, regardless of the 
degree of confidence in the judgment. This is an important point where the “shock” scale 
(Ranney et al. 2001) seems at odds with the theory being proposed here. If the weight assigned to 
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information is a function of the degree of apparent overconfidence in expectations, then in 
general one would not expect confidence to affect information weight when judgments are 
correct. However, if policy shifts observed by Ranney et al. (2001) are indeed driven by changes 
in the weight assigned to information, a relationship between shock and policy shift would imply 
that information weight should decrease with the level of confidence when expectations are 
correct, since shock scores decrease with confidence when participants capture the true value in 
their NSI’s. The empirical study presented later in this chapter will serve in part to resolve this 
seeming impasse. 

Irrespective of the issue just described, when people receive numerical information that 
contradicts their expectations—and thus are presented with evidence that they may have been 
overconfident—this suggests that something may be wrong with their judgment. Perhaps 
information retrieved from memory is not accurate, or perhaps intuition and/or other aspects of 
the judgment process are malfunctioning and are producing inaccurate predictions. As 
confidence in an incorrect judgment increases, the hypothesis that one’s judgmental faculties are 
somehow deficient becomes more and more plausible. In response, during a subsequent decision, 
reliance on intuition or other internal signals may be decreased in favor of letting the external 
cue—the numerical information at hand—guide the decision. The process by which this occurs 
need not be explicit; that is, such changes in information weighting may occur at least somewhat 
unconsciously.  

A second well-documented finding from the calibration literature is known as hindsight 
bias, or the “knew-it-all-along” effect (Fischoff, 1975; Hawkins & Hastie, 1990; Winman, Juslin, 
& Björkman, 1998). Hindsight bias occurs when individuals who already know a particular 
outcome falsely believe that they would have approximately predicted that outcome. Thus, when 
presented with data indicating that Quantity A is greater than Quantity B, hindsight-biased 
individuals will be too confident that they would have predicted the outcome, and will tend to 
believe that their estimates would have been more accurate than would really have been the case. 
As with overconfidence, some researchers tend to see hindsight bias as a general cognitive bias 
(see Hawkins & Hastie, 1990 for a review), while others do not (Winman et al., 1998).  

Winman et al. (1998) demonstrated that hindsight bias tends to occur for judgment items 
that produce overconfidence in foresight (i.e., when judgments and confidence ratings are 
elicited before information is received), while items characterized by underconfidence in 
foresight exhibit reversed hindsight bias. When hindsight bias is reversed, people who already 
know a quantity’s value actually believe that their estimates would have been further away from 
the true value than they really would have been. Winman et al. (1998) called their finding the 
“confidence-hindsight mirror effect,” arguing that the symmetry between over-/under-confidence 
and standard/reversed hindsight bias derives from a common underlying process of “accuracy 
assessment.” That is, in foresight, people are thought to determine their level of confidence in a 
given judgment by assessing how difficult the item is; in hindsight, they determine what their 
judgment would have been (at least in part) by extrapolating from the perceived difficulty of the 
item and/or feelings of confidence. On this view, hindsight bias and overconfidence co-occur not 
because one causes the other, but because both rely on the same “accuracy assessment” process. 

Hindsight bias may have implications, as well, for how people weight numerical 
information. When people who are hindsight biased receive a piece of numerical information, 
this will tend to decrease perceived deviation from expectation; that is, they will be prone to 
thinking that they “knew-it-all-along.” If information weighting is related to apparent calibration 
of expectations, they may not weight information as much as they would if they were aware of 
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the actual extent of their overconfidence. Rinne et al. (2006) investigated this potential effect for 
mortality rate information, a domain that Fischoff, Slovic, and Lichtenstein (1977) showed is 
often characterized by overconfidence. Rinne et al. (2006) found that participants who estimated 
prior to learning the actual mortality rates indeed appeared to weight that information to a greater 
extent in a subsequent decision (referred to as a “preference”) about allocating research funding. 
They hypothesized that this increase may be due to the fact that estimating all but eliminates the 
possibility of hindsight bias, effectively making the information seem more surprising, which in 
turn may increase the weight the information receives in the decision-making process. 

A third well-known result from the calibration literature is the “hard-easy effect” 
(Gigerenzer, 1991; Juslin, 1993; Juslin, et al., 1997; Suantak, Bolger, & Ferrell, 1996). The hard-
easy effect refers to the common finding that overconfidence tends to increase with the difficulty 
of the item. Particularly difficult items produce overconfidence in foresight, while items of 
average difficulty produce good calibration, and extremely easy items produce underconfidence. 
As with overconfidence and hindsight bias, this effect is a matter of some controversy, with 
debate revolving around its cause and generality. Suantak et al. (1996) argue that the effect 
results from a real, general cognitive bias; they model the phenomenon from a signal detection 
perspective as insufficient adjustment of response criteria. Other theorists argue that the effects 
are due not to persistent cognitive bias, but rather to non-representative selection of items 
(Gigerenzer, 1991), or to sampling and/or response error within subjects’ cognitive processes 
(Juslin, 1993; Juslin et al., 1997). 

On a Bayesian view of calibration, the hard-easy effect may be conceptualized in terms 
of the “reference class” of items that come to an individual’s mind when he or she is faced with 
making a judgment and assigning a level of confidence. For any given item, an individual may 
consider a reference class of items of which the present item is believed to be representative; the 
individual then assigns a rating of confidence based on the perceived difficulty of items in that 
reference class in general. When items turn out to be more difficult than the “average” item in 
the reference class that comes to mind, the result is overconfidence in expectations. On the other 
hand, when items turn out to be easier than the “average” item in the reference class, this leads to 
under-confidence. This conceptualization of the hard-easy effect is consistent with experimental 
effects observed in previous studies in the calibration domain. Table 3-1 below summarizes 
previously documented associations between item difficulty, over-/under-confidence, and 
hindsight bias. 

 
Table 3-1. Associations between calibration phenomena. 

 Hard-Easy 
Effect  Confidence-Hindsight 

Mirror Effect  

High Difficulty   !" Overconfidence !"     Hindsight Bias 

 Average Difficulty !" Good Calibration !"   No Hindsight Bias 

 Low Difficulty    !" Underconfidence !" Reverse Hindsight Bias 

 
 
Regardless of what causes the hard-easy effect, it seems likely to affect information 

weighting as well. In contrast to overconfidence and hindsight bias, however, the hard-easy 
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effect may tend to impact information weighting when prior expectations are correct. Consider 
people who correctly judge that Quantity A is larger than Quantity B. As items become more 
difficult, overconfidence increases; therefore, rising levels of confidence in correct judgments 
will increasingly reflect overconfidence (although keep in mind that individuals have no 
indication of this overconfidence, because their judgment was correct). Thus, increasing 
confidence will likely be associated with an increase in the degree to which observed deviation 
from expectations seems to align with what was anticipated, as people with higher levels of 
confidence will tend to be precisely those who are the most overconfident in their judgment. In 
other words, people with higher levels of confidence may increasingly tend to attribute too much 
of their success to their own judgment capabilities and not enough of it to luck. This may cause 
them to increasingly underweight information relative to the weight it would receive if they 
knew they just “got lucky” to some extent.  

Item difficulty may influence the weight assigned to information when prior expectations 
are incorrect, as well—not because of the hard-easy effect, but rather because the perceived 
difficulty of the item may impact the extent to which being incorrect indicates faulty judgment. 
The more difficult the item, the less grievous any error may seem, and the indictment of one’s 
judgment due to the error may be diminished. That is, when people receive information that 
seems highly unpredictable, they may tend to think, “How could I ever have known that?” Hoch 
and Loewenstein (1989) have shown that people indeed can and do make such distinctions upon 
receiving outcome feedback. Thus, when judgments are difficult, people may be less likely to 
attribute the error to poor judgment and more likely to view the information as exceptional. 

The remainder of this chapter will be devoted to an empirical investigation of how 
calibration of expectations regarding a particular piece of numerical information (the degree of 
over/under-confidence)—and associated phenomena (hindsight bias and the hard-easy effect)—
affect the weight that numerical information receives in decisions. This investigation is based on 
an experiment that includes a modified form of a simple task alluded to earlier that is common in 
calibration research, often called a “half-range” or “Choice-50” (C-50) task (e.g., Juslin et al., 
1997). In a standard C-50 task, participants are asked which of two quantities they believe is 
larger, and to state their confidence in terms of a probability of correctness. This is similar to the 
collection of data for the “shock” metric by Ranney et al. (2001); however, because the C-50 
judgment simply involved which of two quantities is larger, no interval endpoints needed to be 
elicited. Further, no attempt was made to combine confidence and range information into a single 
linear metric. These different measures were to be considered independently and/or in terms of 
statistical interactions in the analysis conducted. This avoids the need to build in any additional 
assumptions about slopes, etc. 

In a typical calibration study, participants perform the C-50 task over a set of questions in 
a given domain, and calibration effects are indicated by overall frequencies. In this experiment, 
however, participants performed just two, slightly modified C-50 tasks in which they were asked 
to assess their prior expectations regarding whether one cause of death was more frequent than 
another either naively in foresight or in hindsight after the true relative frequency was presented 
as information. This is similar in part to the EPIC method utilized by Ranney et al. (2001) and 
Munnich et al. (2003), in that in the foresight condition, participants’ expectations were elicited 
before information was received. However, no decision was elicited prior to the receipt of 
information. In addition, confidence was assessed using a 1-5 scale with verbal labels rather than 
by eliciting discrete probabilities of correctness. After participants received numerical 
information, the weight assigned to that information was subsequently measured by having 
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participants divide funds between public health efforts aimed at reducing deaths from the two 
causes, respectively.  

As was described in the introduction, the present method has been used previously by 
Lurie and Ranney (2003a, 2003b, 2004) and Rinne et al. (2006)––and is similar to the latter (IC) 
portion of most of the previous EPIC procedures, except that in most of the prior EPIC studies, 
the “C” decisions had to do with preferences for the same specific quantities being estimated, 
rather than an allocation of funds it was believed would be influenced by the related information 
provided. Lurie and Ranney (2003a, 2003b, 2004) compared preferences (allocation decisions) 
elicited using the “IC” procedure to those elicited using the EPIC procedure (as well as a variant 
called “PEIC” in which the first two steps were reversed) in order to address a variety of 
hypotheses. Rinne et al. (2006) included these procedures along with two more, “PIC” and 
“EIC” (the latter of which is similar to the foresight condition in the present experiment), in 
order to determine whether stating prior expectations and/or initial preferences increases 
allocations of funds after information is received. Although the terms “EIC” and “IC” were used 
in Lurie and Ranney (2003a, 2003b, 2004) and Rinne et al. (2006), it is important to note that 
since no decision has been made prior to receiving information for these procedures, the “C” is 
retained from “EPIC” only for simplicity, as the outcomes of allocation decisions elicited using 
these methods have not been “changed” from anything explicit. No explicit initial allocation 
decision was elicited for those procedures nor was one elicited for the present experiment.  

Ultimately, the goal of the experiment described in this chapter was to build and test a 
linear model of information weighting, in hopes of elucidating the relationship between the 
extent to which expectations are poorly calibrated and the weight that numerical information 
receives during decision-making. The dependent measure in the model is the proportion of funds 
allocated (WTP) to reduce deaths from the more frequent cause. This dependent variable serves 
as a measure of the latent weight assigned to information, as was described in the introduction in 
terms of the multi-attribute model (WTP = ! wivj). A number of different variables are used to 
predict the proportion allocated: a) the correctness of expectations, b) the difficulty of the item 
(easy vs. hard), c) the level of confidence in expectations, d) interactions of confidence with 
correctness of expectations and item difficulty, respectively, and e) the manner in which prior 
expectations and confidence ratings were elicited (foresight vs. hindsight). This design allows a 
variety of hypotheses to be addressed. First, correctness or incorrectness of expectations—along 
with interactions between incorrectness and confidence—can be linked to the weight information 
receives on the decision task, indicating the relationship of apparent overconfidence in 
expectations to information weighting. Second, comparison of foresight and hindsight 
elicitations of prior expectations yields data on how hindsight bias may impact the weight 
information receives as well. Third, potential effects of varying item difficulty—including 
possible contributions of the hard-easy effect—can be tested. Finally, a number of background 
variables are included in the model both for control purposes and to investigate what effects 
these variables might have in their own right. Next, predictions related to both the core 
hypotheses and these additional variables will be more formally stated in terms of the statistical 
analysis to be conducted. 
 To recall, the core hypothesis of this chapter is that calibration of expectations about a 
quantity’s value—specifically, the degree of overconfidence in prior expectations that is 
perceived upon receipt of information—is a cue for assigning weight to that information. As was 
described earlier, correct responses do not provide evidence of overconfidence, regardless of the 
confidence level. Based on this cue, if expectations are well-calibrated and binary judgments 
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(Quantity A vs. B) are correct, the slope of information weight (measured by WTP) against 
confidence should be zero. Well-calibrated individuals will increase their confidence rating in 
proper proportion to the expected accuracy of their judgment; if they do so, information that is 
provided to them will tend to deviate from their expectations by about as much as they would 
expect it to given their level of confidence.  Thus, at a roughly “average” level of difficulty (for 
which one can expect reasonably good calibration in line with the hard-easy effect), the slope of 
information weight against confidence will be zero (Prediction 1). On the other hand, making an 
incorrect judgment always represents at least a modicum of evidence of overconfidence, and as 
confidence in an incorrect judgment increases, so does the strength of this evidence. Thus, when 
information contradicts expectations (when judgments are incorrect), the weight assigned to 
information will increase (Prediction 2), as will the slope of information weight against 
confidence (Prediction 3).  

In the quantitative analysis to be conducted, these predictions will be assessed via 
statistical tests of regression coefficients in the linear model to be constructed: Prediction 1 is 
that confidence will not be a significant predictor of information weight for correct judgments 
when the analysis is collapsed across item difficulty (easy vs. hard). Prediction 2 is that there will 
be a positive main effect of incorrect expectation, and Prediction 3 is that there will be a positive 
interaction between incorrectness of expectations and the confidence rating. At the average level 
of difficulty, the effects hypothesized in Predictions 1 - 3 are represented in Figure 3-1 below: 

 

 
Figure 3-1. Predictions 1 (no effect of confidence for correct responses), 2 (main effect of 
incorrect expectation) & 3 (positive interaction of incorrectness and confidence), assuming 
average difficulty. 
 
 For difficult-to-predict information, contradicted expectations do not provide as much 
evidence of deficient judgment as they do on easy items; once the outcome is known, people are 
likely able—to some extent at least—to recognize whether the information received is relatively 
predictable or unpredictable. If an individual thinks an item is anomalously difficult, s/he will be 
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less likely to fault his or her judgment for an incorrect response and more likely to view the piece 
of information as exceptional. Thus, any main effect of incorrect expectation will likely be 
smaller (approaching zero) for more difficult items (Prediction 4). Meanwhile, the slopes of 
information weight against confidence may be affected by item difficulty as well. In the case of 
incorrect responses, the slope of information weight against confidence will likely decrease with 
item difficulty for reasons similar to those behind Prediction 4; as items become more difficult, 
there will be a greater inclination to attribute errors to the information being anomalous, and thus 
the effect of confidence will decrease. On the other hand, in the case of correct expectations, the 
hard-easy effect implies that confidence will tend to increase more quickly than is justified for 
difficult items (due to overconfidence) and more slowly than is justified for easy items (due to 
under-confidence), making information seem more mundane or surprising, respectively, than it 
should as confidence increases. If so, this means that the slope of information weight against 
confidence will also decrease with item difficulty when judgments are correct. So ultimately, the 
prediction here is for decreased slopes for both incorrect and correct expectations when items are 
hard to predict (Prediction 5). A set of potential outcomes that would be consistent with 
Predictions 4 and 5  (with average difficulty included as a reference) is represented graphically in 
Figure 3-2 below. 
 

 
Figure 3-2. Predictions 4 (decrease in main effect of incorrect judgment with increasing 
difficulty) & 5 (decrease in slope of information weight against confidence with increasing 
difficulty). 
 

In calibration research, judgments and confidence levels are almost always collected prior 
to participants learning the actual outcome. When one is studying topics such as judgment under 
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uncertainty, this makes sense; if a researcher is interested in knowing whether such judgments 
exhibit overconfidence, etc., the experimental conditions need to match the conditions under 
which such judgments typically take place. Retrospective evaluations of prior judgments and 
confidence are typically only collected for the purposes of studying hindsight bias; studies 
involving between-subjects designs explicitly compare foresight judgments and confidence 
elicitations to hindsight assessments of what one would have judged and how confident one 
would have been. In most real-world situations, prior judgments and statements of confidence do 
not precede receipt of information. Thus, self-assessments of deviation from expectation—which 
must involve some determination of what prior expectations were—typically take place after 
information is already received. Therefore, hindsight elicitations of prior expectations and 
confidence may actually be more representative of the information and decision-making contexts 
that people typically encounter than foresight elicitations.  

The present study considers both foresight and hindsight elicitations of prior expectations 
and confidence levels. Although hindsight elicitation may be more ecologically valid, a 
comparison of foresight and hindsight elicitation of expectations may yield insights regarding the 
impact of hindsight bias on information weighting. As Rinne et al. (2006) suggested, foresight 
elicitation may lead to increased weight on information due to a reduction in hindsight bias; 
however, such an effect would only be observed when the item is difficult enough to produce 
overconfidence and hindsight bias, producing an interaction between foresight elicitation and 
item difficulty (Prediction 6a). An alternative explanation for the result observed by Rinne et al. 
(2006) is that it arises due to some sort of “effort” effect, as participants who spent cognitive 
resources estimating a number may feel compelled to use the information once they receive it. 
Because there was no hindsight condition in the experiment conducted by Rinne et al. (2006), it 
was not possible to adjudicate between these competing accounts. If this latter account is correct, 
a general, positive effect of foresight elicitation should be observed (Prediction 6b). It is 
important to note that Predictions 6a and 6b are not mutually exclusive; both an effort effect and 
a reduction in hindsight bias could potentially have contributed to the effect observed by Rinne 
et al. (2006), so it is possible that both of these predictions will be confirmed. 
 In addition to the effects hypothesized above in Predictions 1-6, a variety of relationships 
may exist between background cognitive or demographic variables and the influence of 
numerical information on decisions. These variables will be included in the model both for 
control purposes and because any observed effects might be interesting in their own right. 
Predictions are made below regarding some of these relationships; where specific predictions are 
made there is generally some basis for them in theory or prior research. These predictions are 
described at length here because they will be relevant to the analyses conducted in subsequent 
chapters as well. 
 The weight assigned to numerical information may be positively related to scores on a 
math assessment. For one, higher mathematics scores may be indicative of a general facility or 
comfort level with using numerical or statistical information to make decisions. Of particular 
interest are the kinds of mathematical abilities that fall under the umbrella of “numeracy” as 
described by Paulos (1989), among others. The concept of numeracy focuses on those 
mathematics understandings and abilities that are needed to effectively perform everyday tasks 
and to fulfill the basic obligations of democratic citizenship, such as making financial, consumer, 
and health care decisions, understanding numbers in the news, participating in a jury, etc. Such 
skills have been assessed by Ranney et al. (2008) in the context of an instructional module that 
increased numeracy (e.g., estimative and mathematical performance) among journalism students. 
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The focus in this study is on the subset of those topics most relevant to the use of numerical (as 
opposed to graphical or verbal) representations of quantity: computation, probability, principles 
of counting, proportional reasoning, and measures of central tendency. It may be the case that 
people who lack skill in these areas shy away from using numbers in general. 
 Aside from this, however, there is a second reason that the influence of numerical 
information may be greater for individuals with higher math skills. Recent research by Peters, 
Slovic, Västfjäll, and Mertz (2008) has demonstrated that the precision of an individual’s internal 
representations of numerosity influence perception of proportional differences between numbers, 
and this in turn affects information weighting. And as they and others (Halberda & Feigenson, 
2008) have shown, precision of internal numerosity representations is positively related to 
mathematics ability. (Although Peters et al. use the term “numeracy,” “math skills” or “math 
ability” is used here because some take “numeracy” also to entail a proclivity for using numerical 
information.)  

Peters et al. (2008) measured precision of numerosity representations using the “distance 
effect,” which was first described by Moyer and Landauer (1967) and has been examined more 
recently by Dehaene (1996). The distance effect refers to the fact that the amount of time 
individuals take to determine which of two numerals is larger is inversely related to the distance 
between the numerals (i.e., it takes more time to determine that 7 is greater than 5 than it does to 
determine that 7 is greater than 1). The smaller the slope of the distance effect is for a given 
individual, the more quickly s/he can discriminate between pairs of numerals; in colloquial 
terms, two numbers separated by a given distance seem to differ more to the individual with the 
smaller distance effect slope. Accordingly, the judged magnitudes of proportional differences 
can be expected to be larger for those with smaller distance effect slopes. Peters et al. (2008) 
showed that the preferences of participants with more precise internal representations of 
numerosity (smaller distance-effect slopes) were indeed more heavily influenced by proportional 
differences between immediate and delayed rewards. Because precision of numerosity 
representations is predicted by math skills, stronger math skills may be related to greater 
weighting of numerical information in the experiment conducted for this study. In contrast to the 
first potential effect described above, however—the idea that people with stronger math skills 
may be more comfortable with numbers, making numbers more important as sources of 
information—the effect would not be one of increased importance. In a certain sense, individuals 
with higher math skills wouldn’t be weighting a proportion more heavily than their less skilled 
peers at all; they would simply be perceiving the magnitude of the proportion to be greater and 
reacting accordingly.  

In addition to math skills, attitudinal factors may influence the weight assigned to 
numerical information. Working from an individual differences perspective, Viswanathan (1993) 
developed a measure called Preference for Numerical Information (PNI) and demonstrated its 
validity and unidimensionality in a series of studies. The PNI survey asks respondents to rate 
their agreement with 20 statements such as “I enjoy work that requires the use of numbers” and 
“Numbers are not necessary for most situations.” PNI scores were shown to be different for 
students enrolled in courses with varying degrees of quantitative content (e.g., engineering vs. 
business courses), and were also related to attitudes toward mathematics and statistics, need for 
cognition, and in some cases, course grades. The numeracy module for journalists created by 
Ranney et al. (2008) produced significant changes in participants’ PNI scores across repeated 
testings. 
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 One limitation of Viswanathan’s (1993) study is that it does not directly link PNI scores 
to any kind of observable information utilization behavior. That said, it might be expected that 
scores on such a survey would be predictive of the importance individuals attribute to numerical 
information, and thus that higher PNI scores would be associated with assigning greater weight 
to numerical information in a decision-making task. The present study will investigate whether 
such a link can indeed be demonstrated. PNI scores will be included in the model of information 
weighting behavior with the expectation that PNI will be positively related to the weight that 
information receives. 

A third background factor that may impact information weighting is prior knowledge. 
That is, it is possible that an individual’s prior knowledge regarding the domain in which a 
decision takes place will affect how s/he utilizes information provided in relation to that 
decision. Some work on this question has been conducted in the area of consumer decision-
making. Rao and Monroe (1988) demonstrated that as familiarity with products increases, 
individuals tend to increasingly base quality assessments and choices on intrinsic cues having to 
do with product attributes, as opposed to on extrinsic cues such as price. So what might this 
suggest regarding the use of numerical information in decision-making, construed more broadly? 
One possibility is that at low levels of prior knowledge, individuals may tend to base decisions 
on any numerical cues that are provided because they either do not know of or do not know how 
to assess any cues that are intrinsic to the domain. As familiarity increases, participants may have 
more knowledge of intrinsic cues and the weight assigned to the external information provided 
may therefore decrease.  

Alternatively, however, findings concerning the use of price information in consumer 
decisions may not generalize to information utilization broadly. In fact, it is possible to imagine 
that in general, the opposite of the effect described above might hold. Consider the “evaluability 
hypothesis” proposed by Hsee (1996), which was described in Chapter Two. The idea here is 
that individuals tend to use numerical information to the extent that it is easy to evaluate (i.e., 
when the information is involved in a comparison or when some benchmark is available to help 
determine how large or small a given value is). As prior knowledge increases, any new 
information provided may become easier to evaluate; therefore, according to the evaluability 
hypothesis, the weight assigned to information should increase. Because neither of the 
possibilities discussed here can be ruled out, it is important to include some measure of prior 
knowledge for control purposes, even if no predictions can be made regarding the probable 
direction of an information weighting effect. 

Gender may be related to the use of numerical information as well, possibly via its 
potential association with math ability. The link between gender and mathematics 
ability/performance has been a source of considerable study as well as controversy (see Hyde, 
Fennema, & Lamon, 1990 for a review). Although the present study is not meant to address the 
core issues of this debate, the possibility that gender and mathematics scores may be related has 
implications for the model of information weighting to be considered here. Ranney et al. (2008) 
and Lurie and Ranney (2003a, 2003b, 2004) similarly analyzed gender data in their studies in the 
NDI paradigm. If gender and mathematics scores are indeed correlated, care will need to be 
taken to interpret any observed gender effects. It seems quite plausible that a gender effect may 
appear simply because gender predicts mathematics scores, and mathematics scores predict 
information weight as described earlier. To draw the conclusion that there is a gender effect in 
such a case would be spurious.  
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On the other hand, weighting of numerical information could be affected by gender 
independently of mathematics ability, and it is important to consider this possibility. For 
instance, Jackson, Fleury, Girvin, and Gerard (1995) have argued that during youth, “‘typical’ 
male interests (e.g., sports and video games)” tend to require more attention to numerical 
information than “‘typical’ female interests (e.g., physical appearance)” (p. 559), and that this 
contributes to downstream differences in attention to numerical information. A recent meta-
analysis by Su, Rounds, and Armstrong (2009) validates the idea that differences in vocational 
interest between the sexes may be relatively fundamental. Although the usual conclusion drawn 
from such differences in interest is that they may contribute to differences in math ability, it 
would seem that differences in interest and attention might potentially impact attention to 
numerical information—and therefore the weight assigned to it—generally, not just vis-à-vis 
math ability. Both possible links between gender and information weight will be considered. 
 Finally, people’s stated reasons for their decisions may relate to how they weight 
numerical information during the decision process. Shafir, Simonson, and Tversky (1993) make 
the case that explicit reasons play an important role in choice, a role that is often neglected in 
highly formal models of decision-making behavior. However, other theorists have argued that 
stated reasons for decisions are more frequently just post hoc justifications, rather than 
determinants of behavior (Nisbett & Wilson, 1977). In the NDI paradigm, though, Garcia de 
Osuna et al. (2004) found that a significant number of participants initially supported their 
abortion policies with the reason that abortion should always be allowed, but then changed their 
stated reason after they learned that the abortion rate was much higher than they believed. 
Furthermore, Rinne et al. (2006) suggested that changes in allocation decisions upon receiving 
numerical information were driven by increases in the likelihood of stating reasons related to the 
numerical information provided. If it turns out that reasons are determinants of behavior in the 
kinds of decisions studied here, a couple of different effects may be observed. First, if an 
individual states that they based their decision solely on some factor other than the information 
provided, they may be less likely to exhibit the responses to information hypothesized in 
Predictions 1-6. The information provided may simply not be relevant for such individuals. In 
this case, participants’ stated reasons for their decisions (i.e., whether or not they cite the 
information provided) could serve as an important control in a statistical model of information 
weighting behavior. Another possibility is that reasons for decisions may actually mediate the 
effects described in Predictions 1-6. For example, when information contradicts expectations, 
this may make people more likely to use the information provided as a reason for their decision, 
leading to choices that accord with the stated reason. Both of the possible effects described here 
will be considered in the analysis to follow. 
 

Method 
 

Participants and General Procedure 
 Participants included 111 female and 71 male undergraduates (N = 182) enrolled in 
psychology courses for which they earned course credit. Ages ranged from 18 to 25 (Mage = 
19.8). During a 50-minute experimental session, each participant completed a series of tasks in 
conjunction with the experiment discussed here as well as tasks related to experiments discussed 
in other chapters that follow. At the beginning of the session, participants read a brief set of basic 
instructions and were walked through one sample decision prompt to acquaint them with the 
procedure. Afterward, all stimuli were presented and all responses collected on sheets of paper 
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that were handed to participants one at a time by the experimenter, who sat nearby but did not 
observe participants’ work. The order in which tasks were completed was counterbalanced to 
control for any possible order effects. After the set of experimental tasks was conducted, 
participants completed: a) the 20-item Preference for Numerical Information (PNI) survey, b) a 
survey of various demographic and background information, c) a survey of prior knowledge 
related to task domains, and finally d) a ten-item math test with a ten minute time limit.  
 
Experimental Design 
 The experiment discussed in this chapter involved two items, employing a 2 (item: hard 
vs. easy) x 2 (expectation elicitation method: foresight vs. hindsight) nested design in which each 
participant completed both items, with elicitation method randomly assigned for each item. The 
“elicitation method” manipulation served two purposes. In addition to accounting for possible 
differences in information weighting due to the style in which prior expectations and confidence 
levels are elicited (foresight vs. hindsight), this manipulation also helps verify item difficulty by 
allowing for measurement of the magnitude and direction of hindsight bias. Hindsight bias 
should be greater (in the standard direction) for the more difficult item. Overall, the experiment 
was designed so that these manipulated factors could be included as predictors in the linear 
model of information weighting behavior along with variables corresponding to other forms of 
data collected during the experiment.  
 
Task Procedure and Materials 
 See Appendix A for sample experimental items and Appendix E for the survey of 
background variables and other measures. Each item in the experiment consisted of two pages. 
For a given item in the “foresight” condition, the first page asked participants: 1) which of two 
potential causes of death they believed leads to the greater number of fatalities in the U.S., 2) 
how confident they were in their response on a scale from 1 (totally guessing) to 5 (highly 
confident), and 3) to give a point estimate of how many deaths there are from one cause for every 
100 from the other (the relative mortality rate). On the second page, participants were: 1) 
presented with the actual value of the relative mortality rate they estimated, 2) asked how they 
would divide $100 million in research funding between separate programs aimed at reducing 
deaths from each cause, respectively, and 3) asked to briefly state why they divided the funds as 
they did. Thus, relative to the EPIC procedure (Ranney et al., 2001), the P is absent, (i.e., EIC); 
thus, note that no prior decision is “changed” at the C stage. No decision was made until 
information had been received. 
 For a given item in the “hindsight” condition, participants received the page with 
statistical information and the decision prompt first, and then afterward received a page that 
prompted them for a judgment regarding what they believe they would have thought prior to 
receiving the piece of information. Participants were asked: 1) which of the two causes of death 
they would have believed causes the greater number of fatalities, 2) how confident they would 
have been in their response, and 3) what they believe they would have estimated the relative 
mortality rate to be. Relative to the EPIC procedure (Ranney et al., 2001), the P is absent, and the 
E is moved to the end (i.e., ICE), although again, there is no “change” in the decision 
(preference) because no initial decision is elicited; also, the “E” is a hindsight judgment of what 
one believed on would have estimated, as the actual value is already known. 
 On each item, the order in which the causes of death were initially presented was 
randomly selected and that ordering was maintained for the allocation phase (i.e., the order in 
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which the options were presented for the mortality rate judgment always matched the order in 
which the allocations were made). This was meant to ensure a symmetric structure of 
information presentation and response prompts in hopes of minimizing confusion and errors. 
Descriptions of relative mortality rate ratios, however, were always given in terms of 100 deaths 
from the same cause; this was done to ensure that participants always received and estimated the 
same numerical values in exactly the same formats. Prior research has shown that ratio format, as 
well as the magnitude of the numbers contained a ratio, can affect the judged magnitude of the 
ratio (Rubaltelli et al., 2005).  
 
Item Selection 
 The items for this study were chosen because they met a number of different criteria, as 
established through prior research and pilot testing. First, it was important that when participants 
were asked to judge which of two quantities is bigger, they must not be able to simply recall or 
logically deduce the relationship from prior knowledge. Rather, pieces of information were 
sought for which judgments and estimates would be based (at least in part) on the strength of 
internally retrieved cues with some degree of uncertainty. Such cue use might take the form of a 
“probabilistic mental model” (Gigerenzer et al., 1991), an example of which would be basing a 
judgment regarding which of two cities has a warmer average temperature on knowledge of their 
geographic locations. Alternatively, the internal cues retrieved might more closely resemble 
some kind of more intuitive magnitude developed through an accumulation of observations and 
experience. Using these types of cues will not always lead to successful judgments; but based on 
experience, individuals surely are aware of some probabilistic relationship between such cues 
and the actual values of quantities. The important thing for the purposes of this experiment is that 
deviation from or conformity to expectations can clearly vary in degree. 
 Secondly, items were chosen so that there would be a direct relation between the value of 
the quantity provided as information and the response variable used to measure the weight 
assigned to that information. That is, higher values of the numerical information provided must 
(in general, at least) be positively and monotonically related to the allocation of funds (WTP) 
that is used to measure information weight. Mortality rate information for causes of death—when 
linked to allocations of funds to prevent deaths from these causes—exhibits this relationship. If 
one receives information indicating that one disease kills many more people than some other 
disease, this will likely influence allocations of funding in favor of the bigger killer. And while in 
some cases this may not occur, because other cues may be more important, higher numbers of 
deaths from one disease relative to another could hardly be a reason for reducing funding for the 
bigger killer, barring extreme sociopathy.  

Although it was important that the statistic and the response variable be directly related, it 
was also important that there be other potential cues for people to utilize, so that there would be 
trading off between weights for different cues. If the numerical information provided were the 
only cue utilized, the weight assigned to that information could neither increase nor decrease for 
a given subject in response to experimental conditions. A division of funding to reduce deaths 
from the two diseases is well suited here; Rinne et al. (2006) found that in such decisions, people 
tend to balance mortality rates with other cues such as personal relevance and the responsibility 
of the victim for having the disease. 
 Finally, the statistic presented for one item needed to be relatively hard to predict 
(producing poor calibration in the form of overconfidence), while the statistic for the other item 
had to be relatively easy to predict (producing good calibration or underconfidence). To 
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determine the difficulty of predicting a given statistic, a number of different kinds of evidence 
can be used. The most basic of these is the raw deviation of estimates from the actual value. In 
addition, however, the extent of overconfidence can also be measured by the magnitude and 
direction of hindsight bias in accordance with the “confidence-hindsight mirror effect” 
demonstrated by Winman et al. (1998). A third source of evidence is the apparent effectiveness 
of basing the judgment on cues that would likely be retrieved from memory. Lichtenstein, 
Slovic, Fischoff, Layman, and Combs (1978) showed that participants tend to make mortality 
frequency estimates based on an “availability heuristic” as described by Tversky and Kahneman 
(1973). Pilot testing of items was consistent with this finding. Thus, for the hard item, the 
availability cue needed to be misleading, while for the easy item the availability cue needed to 
work as expected or better than expected.  

 
The “hard” item. The statistic for the hard item was a variant of the information 

presented by Ranney & Lurie (2003a, 2003b, 2004) and Rinne et al. (2006). In these studies, 
participants estimated and were presented with relative frequencies of death among women from 
breast cancer and heart disease, respectively (among a number of other disease-pairs). In the 
present study, however, the ratio of mortality frequencies was elicited and communicated more 
directly by providing the number of female deaths from heart disease for every 100 female 
deaths from breast cancer. The actual value of this statistic (801) was derived from CDC 
estimates for 2005 reported in Kung, Hoyer, Jiaquan, and Murphy (2008). Prior research by 
Lurie and Ranney (2003a, 2003b, 2004) and Rinne et al. (2006), as well as informal pilot work, 
showed that estimates of this value generally range between 80 and 200, almost never exceeding 
300. Informal interviews with pilot participants indicated that people often are very surprised that 
the mortality ratio is so high; that is, people tend to find that the ease with which they can recall 
instances of (or information about, etc.) breast cancer mortality—relative to ease of recall with 
respect to heart disease mortality—is not reflected by the actual mortality rate. Further, 
participants who offered hindsight assessments of what they would have estimated appeared 
quite often to be hindsight biased, almost always responding that they would have estimated a 
value greater than 200. Here, estimates of the relative mortality rate based on availability appear 
to be much less accurate than people typically expect them to be. Thus, the item appears to be 
more difficult than is typical of the reference class of items participants may have in mind when 
they assign confidence ratings. 

 
The “easy” item. The statistic chosen for the easy item was the number of deaths from 

overdoses of prescription painkillers for every 100 deaths from heroin overdose. The actual value 
of this quantity (419) was derived from 2002 CDC estimates reported in Paulozzi, Budnitz, and 
Yongli (2006). Informal piloting of this item gave the impression that people tend to hold quite 
accurate beliefs, commonly estimating the value to be between 300 and 500. Informal interviews 
with pilot participants indicated that—in this set of participants (college students, etc.)—people 
tend not to know of any heroin users, but they do know of prescription drug users. Also, no 
hindsight bias was apparent for this item. When participants stated in hindsight what they 
thought they would have estimated, they tended to give values that were at least as far from the 
actual value (i.e., typically below 400) as were other participants’ foresight estimates. 
Ultimately, the availability cue seems to have greater validity for this item than for the heart 
disease/breast cancer item (although this cue may be utilized to a greater extent in foresight than 
in hindsight; in hindsight, general assessments of item difficulty may be more important). It is 
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important to note, however, that because no prior research has been conducted using this item, it 
was unknown how easy the “easy” item was in an absolute sense (i.e., relative to the average 
item in some shared reference class). The term “easy” as used to refer to the prescription 
drug/heroin item was a priori merely a relative classification. Although there was evidence that 
the hard item was indeed difficult—estimates are poor, hindsight bias is apparent, and the 
availability cue seems deceptive—all that was really known about the “easy” item a priori was 
that it seemed to be considerably less difficult than the “hard” item. It was not known for certain 
that the “easy” item would be significantly easier than the “average” item in the reference class 
participants tended to bring to mind (although this was certainly not ruled out), and therefore it 
was not necessarily known that this item would be characterized by underconfidence in foresight 
and/or reverse hindsight bias, despite its classification as “easy.” 

 
Results 

 
All non-native English speakers (50 participants) were excluded from the analysis; non-

native English speakers tended to respond very differently from native English speakers and 
much more frequently misunderstood the experimental prompts. Six additional participants were 
excluded from the analysis due to incompleteness of responses and/or inattention to the task. 
This left a sample of 80 females and 46 males (N = 126). Finally, because each participant 
contributed observations for both items, it was necessary to account for potential clustering of 
data; the unaccounted for clustering of data has the potential to contribute to type 1 errors 
(inappropriate rejections of null hypotheses). Possible clustering was accounted for through the 
use of “robust” standard errors designed to compensate for any clustering. Williams (2000) 
offers a proof of the validity of this method of estimating standard errors. Where relevant, this 
correction was used for all analyses that follow. 
 
Verification of Item Difficulty 

 The first results presented will be those that confirm that the two items used in this 
experiment indeed differed in difficulty. A relatively crude measure of difficulty is provided by 
the rate at which participants made (or believe they would have made) the correct binary C-50 
judgment. For the easy item (prescription drug deaths per 100 heroin deaths), participants 
indicated correct expectations approximately 68% of the time; for the hard item (female heart 
disease deaths per 100 female breast cancer deaths), participants indicated correct expectations 
61% of the time. This difference failed to reach significance (z = 1.03, n.s.). A more reliable and 
precise measure is given by the raw deviation of estimates (or retrojected estimates) from the 
actual value. Participants tended to underestimate the actual value on both items, but by a much 
greater margin for the difficult item. For the easy item, the average error (419 - estimate) was 
161.3. For the hard item, the average error (801 - estimate) was 570.2. Regression analysis 
showed that this difference in error between the items was highly significant, B = 408.9, t(124) = 
12.79, p < .001. The difference in percent error was also significant, B = 32.7, t(124) = 4.75, p < 
.001, with means of 38.5% on the easy item and 71.2% on the hard item. 

To recall, confidence ratings were made on a numerical scale with verbal labels ranging 
from 1 (totally guessing) to 5 (highly confident), rather than by giving a discrete probability of 
correctness (e.g., 80% or .8), the more common practice in calibration research. A Likert-like 
scale with verbal labels was used for a couple of reasons. First, it has been argued by Zimmer 
(1983) that verbal expressions are more realistic and appropriately precise than statements of 
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discrete probabilities for confidence judgments, and that overconfidence and other potential 
biases are reduced. Thus, any observed effects of confidence (or over- or under-confidence) on 
information weight will have broader validity than effects involving discrete probability ratings, 
as objections that calibration effects are dependent on the single-case probability format can be 
ruled out. Further, Windschitl and Wells (1996) have argued that verbal confidence scales offer 
distinct advantages for many experimental studies. They present evidence that eliciting 
confidence on a verbal scale promotes intuitive and associative thinking, whereas discrete 
probability measures tend to produce more deliberate and rule based thinking. Because the focus 
here is on how people interpret and use information for relatively quick, intuitive, everyday sorts 
of decision-making, it was thought that a verbal scale would be more appropriate. 

The downside of using a verbal scale for measuring confidence is that it makes measuring 
overconfidence a bit trickier. It is not immediately clear how the verbal labels used would map 
onto a linear scale of numerical probabilities, so it is not possible to simply compare the rate at 
which expectations are correct to that predicted by the average of participants’ confidence 
ratings. This means that differences in overconfidence attributable to the hard-easy effect cannot 
be used to measure item difficulty. However, a secondary source of evidence is available in the 
form of measurements of the magnitude and direction of hindsight bias. Because the presence of 
hindsight bias is associated with overconfidence in foresight—and reverse hindsight bias is 
associated with underconfidence—measures of hindsight bias should also be associated with 
item difficulty. When hindsight bias is measured for each item independently—by testing for a 
difference between foresight estimates and hindsight statements of what participants believed 
they would have estimated—there is clear evidence of hindsight bias on the hard item, as well as 
modest evidence of reverse hindsight bias on the easy item. On the hard item, hindsight 
(retrojected) estimates (M = 271.3) were significantly closer to the actual value (801) than were 
foresight estimates (M = 183.3), t(124) = 2.22, p = .028. On the easy item, hindsight estimates 
(M = 205.7) were marginally significantly further from the actual value (419) than were 
foresight estimates (M = 302.0), t(124) = 1.68, p = .095. Thus, there is strong evidence that the 
items differ considerably in terms of hindsight bias, and hence over-/under-confidence and 
difficulty as well. 
 
Linear Model of Information Weighting as a Function of Calibration of Expectations 
 To recall, the dependent variable in the model is proportion of the funds (WTP) that 
participants allocated to reduce deaths from the more frequent cause: prescription drugs (vs. 
heroin) for the easy item, and heart disease (vs. breast cancer for the hard item. This dependent 
variable serves as a measure of the latent weight assigned to numerical information. Because this 
dependent measure is a proportion, each response was transformed in the standard way by taking 
the arcsine of the square root of the proportion. To maintain interpretability of regression 
coefficients, they were left in their un-standardized form. 

The model was constructed from two sets of predictors. The first set of predictors 
corresponded to experimental manipulations and observations that address the core hypotheses 
described in Predictions 1-5. Confidence ratings were centered (the mean confidence rating was 
subtracted from each observation) to aid in interpretation of effects. Dummy coding reference 
groups are indicated for cases in which the choice of the reference group was theoretically 
relevant. Predictors included: a) a dummy encoding the style of prior expectation/confidence 
elicitation—foresight versus hindsight (reference group), b) a dummy for correctness of 
expectation—incorrect versus correct (reference group), c) a dummy for item difficulty—hard 
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versus easy (reference group), d) the centered confidence rating, and e) two interaction terms that 
model how the slope of information weight against confidence rating changes with incorrectness 
of expectations and item difficulty (incorrectness*confidence and hard item*confidence). The 
point estimate is not included among these predictors because it would almost certainly be 
collinear with the combination of correctness and confidence, potentially affecting estimates of 
regression coefficients.  The point estimate is also markedly inferior as a predictor because it 
does not include a measure of confidence.   

The second group of predictors was a set of background variables. These included: a) 
dummy variables indicating the order in which tasks were completed and the order in which the 
diseases were presented within items, b) the number of correct responses on the 10 item math 
test, c) PNI scores, d) the sum of ratings of knowledge regarding the two causes of death in a 
given pair (see Appendix E), e) the difference between those knowledge ratings, f) dummies for 
the reason a participant cited in support of the decisions—the information provided, the 
information provided along with other factors, or other factors (reference group), and g) gender. 
Reasons for decisions were coded as referring to: “the information provided” when only the 
statistic provided was cited, “the information along with other factors” when anything else was 
cited in addition to the statistic provided, and “other factors” when the statistic provided was not 
cited. 

In general, predictors were introduced simultaneously, and non-significant predictors (p > 
.10) were removed using a backward elimination procedure (Miller, 2002), although a few 
exceptions should be noted. First, non-significant variables were retained when significant 
interactions involving that variable were observed, as is necessary to ensure proper estimates of 
interaction coefficients. Second, it was thought that multicollinearity might impact some 
coefficient estimates due to intercorrelations among certain predictors. Specifically, because 
strong relationships may exist among math scores, PNI scores, and/or gender, these predictors 
were withheld and entered into the model one at a time after all other non-significant predictors 
were removed. PNI scores (1-7 scale) were strongly predicted by gender (Mmale = 5.17, Mfemale = 
4.51), t(124) = 5.157, p < .0001, and significantly correlated with math scores, r = .526, p < 
.0001, but were not a significant predictor of the proportion of funds allocated. However, both 
math scores and gender were significant predictors when entered individually, with math scores 
(out of 10) being significantly predicted by gender (Mmale = 7.70, Mfemale = 5.71), t(124) = 5.504, 
p < .0001. Thus, gender and math scores likely account for much of the same variance, making 
interpretation of coefficients difficult when both are included as predictors. Because math skills 
are the more causally proximal variable in this relationship—as well as the variable of more 
theoretical interest here—math scores are included and gender excluded in the model shown 
below. It should be noted, however, that estimates of other coefficients in the model do not differ 
meaningfully when gender is included instead of math scores. The question of what effect gender 
might have independent of math skills will be addressed later in the chapter.  

The linear model that ultimately emerged is shown below in Table 3-2. The overall R2 
was .179, F(9, 125) = 4.62, p < .0001. Although the proportion of variance accounted for may 
seem relatively small, it should be borne in mind that much of the unaccounted-for variance 
likely reflects true differences in participants’ underlying preferences—which were not modeled, 
but which of course would make a large contribution to any given decision outcome.   
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Table 3-2. Linear model of information weight (dependent variable: arcsine-transformed 
proportion of funds allocated to reduce deaths from the more frequent cause). 

Predictor B t(116) p-value 

Constant Term (.837)  17.18 <.001 

Math Score (out of 10) .012 2.12 .036 

Reason = Information Provided .121 3.66 <.001 

Reason = Information Provided + Other Factors .102 2.78 .006 

Foresight Elicitation of Prior Expectation/Confidence .076 2.85 .005 

Expectation Incorrect -.010 -.34 .736 

Hard Item -.008 -.32 .752 

Centered Confidence Rating .037 1.17 .246 

Expectation Incorrect*Centered Confidence Rating .073 2.20 .029 

Hard Item*Centered Confidence Rating -.068 -2.35 .020 

 
Results Related to Background Variables 

Significant effects of background variables will be described in terms of back-
transformed proportions. These are meant as descriptive statistics only, since hypotheses were 
tested in terms of transformed values. However, the effects stated in terms of back-transformed 
proportions do not differ very much from those for transformed values, so the coefficients given 
in the table represent quite reasonable approximations of differences in the proportion of funds 
allocated toward the more frequent cause of death in a given pair. Thus, the table is quite 
adequate as a summary of the effects. To consider the approximate proportion of funds allocated 
in association with each isolated effect, one can simply add the product of the predictor’s value 
and the coefficient in the table to the back transformed constant term (.552).  

First, higher math scores were associated with greater proportions of funding being 
allocated toward the more frequent cause of death. The mean math score was 6.44 (out of 10), 
with a standard deviation of 2.16. Using the back-transformed constant term (.552) as a baseline 
for the proportion allocated to the disease that causes more fatalities, an increase of one standard 
deviation in a participant’s math score corresponds to an increase of approximately .026 with 
respect to the untransformed proportion of funds allocated (.578 vs. .552). Second, giving a 
reason that cited the numerical information provided and no other factor produced a baseline 
increase in the proportion allocated of .118 (.670 vs. .552) over giving a reason wholly unrelated 
to the information provided (the reference group). The analogous increase for participants who 
cited the information along with some other reason was .100 (.652 vs. .552). There were no 
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significant order effects, and no effects were observed for PNI scores, or for sums or differences 
of the knowledge ratings regarding the two diseases in a given pair. 
 
Results Related to Predictions 1-5 

The results related to Predictions 1-5 are represented on a single graph in Figure 3-3 
below. In this representation (and in similar ones that follow), results have been collapsed across 
reasons for decisions and reflect the average math score and the average across 
expectation/confidence elicitation styles (foresight vs. hindsight). Also, the x-axis is labeled with 
the un-centered confidence ratings to make it more intuitive. Finally, the labels on the y-axis 
have been changed to correspond to untransformed proportions, but the scale itself reflects the 
transformed proportions on which analyses were conducted. This is why the scale stretches 
slightly as y-values increase. 

 

 
Figure 3-3. Information weight vs. confidence rating. 

 
To recall, Prediction 1 was that there would be no effect of confidence on information 

weight for correct judgments when the analysis was collapsed across the two items (easy vs. 
hard) to simulate what would be expected for an item of “average” difficulty. This prediction 
was supported, as the regression coefficient for the centered confidence rating was not a 
significant predictor of the proportion of funds allocated, B = -.009, t(119) = -.68, p = .5. (This 
coefficient reflects the slope of information weight against confidence for correct C-50 
judgments, as correct expectation was the reference group in the model.) Thus, the results 
conform to the idea that when judgments are correct, the confidence level does not impact the 
weight assigned to information (at least when they are well-calibrated, as is expected for items of 
average difficulty), because they do not provide any evidence of overconfidence.  

Perhaps the most striking and surprising result in this regression model is the lack of a 
main effect of incorrect expectation. That is, at the average level of confidence, receiving 
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information that contradicted expectations did not increase the weight the information received 
relative to cases in which expectations were correct. Thus, Prediction 2 (main effect of incorrect 
expectation) is not supported, and Prediction 4 (reduction of this main effect for the hard item) is 
rendered moot. Also, no main effect of item (easy vs. hard) was observed (although none was 
hypothesized). However, significant interactions of the confidence rating with both the 
correctness of expectations and the difficulty of the item were observed, in line with Predictions 
3 and 5.  

To consider the effect of having incorrect expectations in isolation, one can compare the 
predicted slope of information weight against confidence when expectations are correct (.037), 
which is given by the centered confidence rating term (see Table 3-2 above), to the predicted 
slope of information weight against confidence when expectations are incorrect (.110), which is 
given by the sum of the confidence term and the interaction term (Incorrect*Centered 
Confidence Rating). The significant positive interaction term indicates that when information 
contradicts expectations, the slope of weight against confidence is significantly increased.  

To consider effects of item difficulty in isolation, one can compare the predicted slope of 
weight against confidence on the easy item (.037)—which is given by the centered confidence 
rating term—with that for the hard item (-.031), as given by the sum of the confidence term and 
the interaction term (Hard Item*Centered Confidence Rating). Here, the significant negative 
interaction term indicates that for the hard item, the slope of information weight against 
confidence is significantly reduced. 
 There are several further things to note about the graph in Figure 3-3. First, although it 
appears that all four lines appear to intersect in the same place, this is not precisely the case. 
However, that the intersection points of the lines for incorrect and correct expectations for both 
items are indeed quite near one another seems to be no coincidence; all of these points of 
intersection are very near the average confidence rating of 3.47 along the x-axis. And since there 
are no main effects of incorrectness or item difficulty, the vertical locations of the lines are 
roughly the same at the average confidence rating. Second, contrary to Prediction 2, incorrect 
expectations do not always produce increased information weight relative to correct 
expectations. In fact, a quite different relationship is clearly indicated. Only when confidence is 
above the average does information weight increase for incorrect judgments; when confidence is 
below average, information receives more weight when it conforms to expectations. Because 
there is an interaction between proportion allocated and confidence—but no main effect—these 
differences increase as confidence moves further from the mean in either direction. A clearer 
picture of this relationship can be seen when results are collapsed across the two items (see 
Figure 3-4 below). Because these items are evidently harder and easier than average, respectively 
(although the hard item is likely further from average than the easy item), this graph may provide 
a very rough approximation of what might be expected for an item of “average” difficulty. To 
recall, confidence was not a significant predictor of the proportion allocated for correct 
responses, but the interaction term (the coefficient of which gives the slope for incorrect 
responses) was significant. Accordingly, the solid line in the graph (correct C-50 judgment) does 
not deviate significantly from the horizontal, while the slope of the dashed line has a positive 
slope. 
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Figure 3-4. Information weight vs. confidence (collapsed across items). 
 

It is important to explore the implications of another pattern that is apparent in the overall 
results (see Figure 3-3). The fact that the regression lines for the incorrect/hard and correct/easy 
categories are nearly the same would seem to suggest the possible presence of a pure three-way 
interaction (a three way interaction with no two-way interactions or main effects). That is, it 
could be the case that it is the combination of incorrect expectations and an easy item—or correct 
expectations and a hard item—that affects the slope of information weight against confidence. 
The slope of the proportion allocated against confidence is significantly positive for incorrect 
expectations on the easy item (B = .105), t(116) = 2.74, p = .007, and significantly negative for 
correct expectations on the hard item (B = -.361), t(116) = -2.24, p = .027, but only directional, 
non-significant effects were observed for incorrect expectations on the hard item (B = .037), 
t(116) = 1.17, p = .246, and correct expectations on the easy item (B = .031), t(116) = 1.25, p = 
.214.  

A term corresponding to the three-way interaction (Expectation Incorrect*Hard 
Item*Centered Confidence Rating) was added to the model, along with the remaining two-way 
interaction (Expectation Incorrect*Hard Item), as is necessary when testing a three-way 
interaction. The three-way interaction term was not significant (B = -.038), t(114) = -.54, p = 
.587, and neither was the new two-way interaction, regardless of whether the three-way 
interaction term was included (B = -.021), t(114) = -.37, p = .587 or not (B = -.015), t(115) = -
.28, p = .779. Although it is often difficult to detect the presence of three-way interactions 
because considerable power is needed, the fact that this term is not near significance and the new 
model offers next to no predictive improvement over the old model (!R2 = .0017) suggests more 
straightforwardly that likely no such effect is present. Thus, the similarity of the results in the 
incorrect/hard and correct/easy categories seems to be something of a coincidence; the increase 
in difficulty associated with the hard item seems simply to have reduced the slope for incorrect 
expectations such that it ended up near that for correct expectations on the easy item. Further, the 
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lack of a three-way interaction indicates that the effect of increased item difficulty on the slope 
of information weight against confidence—the reduction in the slope of this line—is comparable 
for both correct and incorrect expectations. A second three-way interaction (Foresight 
Elicitation*Incorrect Expectation*Centered Confidence Rating) was tested––to ensure that the 
effects observed were not driven differentially by one or the other styles of eliciting judgments 
and confidence ratings. This interaction term was not significant, (B = -.0004), t(113) = -.01, p = 
.996. Thus, there is no evidence that the effects hypothesized in Predictions 1-5 differed 
depending on whether expectations were elicited in foresight or hindsight.   

The effect of item difficulty on calibration effects is easier to see when the results for the 
two items are graphed separately. First, consider the easy item in isolation (see Figure 3-5a 
below). The slope of information weight against confidence increases when expectations are 
incorrect; since there is no main effect of incorrect expectation at the average level of 
confidence, this essentially produces a rotation of the line relating information weight and 
confidence about the point that lies approximately at the intersection of the average confidence 
level and the average information weight. Now, an increase in item difficulty—because there is 
no main effect of item difficulty at the average confidence level—essentially produces a 
clockwise rotation of this entire graph about approximately the same point (see Figure 3-5b 
below). Thus, as one moves from an easy item to a more difficult one, the slope of information 
weight against confidence is decreased both when expectations are incorrect and when they are 
correct, supporting Prediction 5.  

 

 
Figure 3-5a. Information weight vs. confidence for the easy item. 
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Figure 3-5b. Information weight vs. confidence for the hard item. 
 
Results Related to Predictions 6a and 6b 

To recall, Predictions 6a and 6b derive from alternative hypotheses about the potential 
impact of foresight elicitation of prior expectations and confidence ratings. Though Rinne et al. 
(2006) argued that estimating a quantity’s value before learning its true value likely increases 
information weight due to a reduction in hindsight bias, they could not rule out the alternative 
possibility that their result instead reflected some kind of “effort effect” whereby participants 
who estimated before receiving information may have felt compelled to use the information they 
were subsequently provided. If an effort effect were at play, this would suggest that foresight 
elicitation of prior expectations and confidence ratings will increase the weight assigned to 
information regardless of item difficulty. The two alternative hypotheses are not mutually 
exclusive, so both effects could potentially occur simultaneously.  

Results from the present experiment indicated a significant main effect of foresight 
elicitation of prior expectations and confidence ratings, B = .076, t(116) = 2.85, p = .005, 
supporting the latter hypothesis (Prediction 6b). However, no significant interaction between this 
effect and item difficulty was observed B = .042, t(115) = .82, p = .415. Thus, Prediction 6a was 
not supported, and a reduction in hindsight bias does not appear to explain the observed effect. 
This is evidence in favor a potential “effort” effect, as the weight information received was not 
significantly reduced for the easy item, despite the fact that there was no hindsight bias. 

To help elucidate the results observed by Rinne et al. (2006), a follow-up hierarchical 
regression analysis was conducted on the hard item (female heart disease vs. breast cancer 
mortality frequency), which was quite similar to the item used by Rinne et al. (2006). If an 
“effort effect” explains the increase in information weight associated with foresight elicitation of 
prior expectations, then adding a predictor corresponding to foresight elicitation should account 
for a significant amount of new variance when all variables that measure the difference between 
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prior expectations and information have been entered first. These variables—incorrectness, 
confidence, incorrectness*confidence, and the point estimate—represent the entirety of the 
available data that would reflect a potential reduction in hindsight bias. The point estimate is 
included here, despite likely multicollinearity, because accuracy of regression coefficients is not 
important in this particular analysis, and point estimates indeed account for a significant amount 
of additional variance, !R2 = .043, F(1, 118) = 6.637, p = .011. When the predictor for foresight 
elicitation is added to this set of predictors, it accounts for only a marginally significant amount 
of additional variance—!R2 = .022, F(1, 117) = 3.422, p = .067. The variance accounted for by 
the point estimate thus seems to overlap somewhat with that accounted for by foresight 
elicitation. What this result indicates is that a reduction in hindsight bias is likely contributing to 
the observed effect of foresight elicitation on the hard item, but this contribution is probably on 
the smaller side; something else seems to be causing the bulk of the increase in assigned weight 
due to foresight elicitation. Although a reduction in hindsight bias caused by foresight elicitation 
may make information seem somewhat more surprising for difficult items—providing evidence 
of overconfidence and hence greater information weight—the broad effects of foresight 
elicitation observed in this study and in Rinne et al. (2006) are more readily attributed to an 
effort effect, or possibly to some other, unknown general effect unrelated to item difficulty. 
 
Results Related to Gender 
 As discussed earlier, it is difficult to simultaneously assess the impact of gender and math 
ability on the weight assigned to information because these two variables are strongly related to 
one another. While gender is certainly predictive of information weight to some extent by virtue 
of the fact that math ability seems higher among males, it is also possible that gender could affect 
the weight assigned to information independently of math ability. This is suggested by the 
argument of Jackson et al. (1995) that males tend to pay more attention to numerical information 
than females because typical “male” interests more frequently involve numerical information 
than do typical “female” interests. Whether this particular account is accurate or not, an 
independent effect of gender can be tested for by taking the regression model presented above 
and performing a hierarchical analysis in which gender is added to the model. Although the 
regression coefficients for gender and math will likely be unreliable because the relationship 
between math and gender is so strong, at a minimum it can be determined whether gender 
significantly helps predict information weight independent of its contribution to math scores. If 
gender accounts for a significant proportion of additional variance even when math scores are 
already included in the model, this will show that gender is making a unique contribution. When 
gender is added to the model, the increase in R2 is .018, and this change is indeed significant, 
F(1, 241) = 5.484, p = .020. Thus, there is evidence that gender predicts information weight in 
some way that is independent of its contribution to math skills, perhaps due to differences in 
attention. 
 
Reasons as Mediators in Information Weighting Effects 
 The question was raised earlier as to whether stated reasons for decisions simply 
represent a background variable with respect to information weighting (perhaps mirroring 
perceived relevance), or whether they may potentially mediate effects of incorrect expectation 
and item difficulty on the weight information receives. A mediating role might arise if 
incorrectness and item difficulty affect some form of reason-based choice (Shafir et al., 1993). 
That is, perhaps interactions of confidence with incorrect expectation and item difficulty affect a 
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given participant’s likelihood of citing the data provided as a reason for his or her decision—and 
this affects the weight assigned to information in the decision process. This hypothesis can be 
tested via logistic regression by observing whether effects of incorrectness and item difficulty 
and their respective interactions with confidence level predict the likelihood of citing the 
information provided as a reason for the decision (i.e., the likelihood of giving a reason in the 
“information-related” or “mixed” categories). Results of such an analysis are presented below, 
with effects given in terms of odds ratios (OR). For any pair of probabilities (p1, p2) associated 
with a binary pair of alternative outcomes, the odds ratio is given by [p1 * (1 - p1)] / [p2 * (1 – 
p2)]. Larger odds ratios indicate greater odds for the target outcome relative to the alternative. 

Logistic regression analysis indicated no main effect of incorrect expectation, (OR = 
.964), z = -.12, p = .907, but did show that as confidence increases in correct expectations, 
participants become less likely to cite the numerical information provided as a reason for their 
decision (OR = .571), z = -2.85, p = .004. There was no effect of confidence in incorrect 
expectations, however (OR = .959), z = -.16, p = .870. A weak, albeit non-significant interaction 
of confidence level and incorrect expectation (OR = 1.68), z = 1.57, p = .116, appears to 
corroborate this observed difference between cases in which expectations were correct and 
incorrect, respectively. 

As for effects of item difficulty, a main effect of item was observed; participants were 
more likely to cite the information provided as a reason on the more difficult item, relative to the 
easy item, (OR = 1.96), z = 2.40, p = .016. However, as confidence levels increase on the more 
difficult item, participants become increasingly less likely to cite the information provided as a 
reason for their decision (OR = .498), z = -2.53, p = .011. This may very well be due to 
increasing overconfidence in correct expectations as confidence rises on the difficult item. There 
was no significant effect of confidence on citing the information as a reason on the easier item 
(OR = .908), z = -.48, p = .631. Here, a marginally significant interaction further indicates that 
the extent to which increasing confidence tends to decrease the likelihood of citing the 
information is greater for the difficult item (OR = .548), z = -1.78, p = .075. 

As seen above, the type of reason for a decision certainly appears to play a role as a 
mediating variable in effects of incorrect expectation and item difficulty on information weight. 
This suggests that as was observed by Rinne et al. (2006), reasons indeed appear to function as 
determinants of decisions, not just post-hoc justifications. In the larger regression model 
presented earlier, the effect of reasons on information weight was observed; here it is evident that 
reasons themselves are affected by the correctness of expectations and the difficulty of the item, 
as well as by interactions involving these predictors. This suggests that effects of other variables 
on stated reasons contribute at least in part to observed differences in the weight assigned to 
information associated with varying stated reasons.  

 
Discussion 

 
 A central hypothesis posed in this chapter was that the weight people assign to a piece of 
numerical information will increase as a function of apparent overconfidence in expectations 
regarding that information. It was thought that this would occur because evidence of 
overconfidence indicates that one’s judgment is not working as it should, and when this is the 
case one might tend to rely on the information provided rather than on intuition or other internal 
cues. This hypothesis was manifested in several different predictions. Because correct responses 
do not provide evidence of overconfidence, it was predicted that there would be no observed 
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effect of confidence on the proportion allocated when the results were collapsed across the easy 
and hard items, simulating an “average” item. A main effect of incorrect expectation was 
expected (Prediction 2), because incorrect expectations always provide at least a modicum of 
evidence of overconfidence. That is, it was thought that the weight information receives would 
generally be higher when expectations were incorrect. Prediction 3 was that the slope of 
information weight against confidence would increase when expectations were incorrect, 
because increasing confidence in conjunction with incorrect expectations indicates increasing 
overconfidence. 

The results supported Prediction 1, as no effect of confidence was observed for correct 
expectations when results were collapsed across item. On the other hand, the results did not 
support Prediction 2, since no main effect of having incorrect expectations was observed. 
Meanwhile, Prediction 3 was well supported by the data. That is, the slope of information weight 
against confidence was indeed greater when expectations were incorrect. However, the lack of a 
main effect complicates the interpretation of these results, as the explanation that weight 
increases with apparent overconfidence is no longer adequate by itself; the weight assigned to 
information appears only to increase with confidence in incorrect expectations when confidence 
is above average. As confidence declines from the average, the extent to which people weight 
information actually decreases when expectations are incorrect. Although the reasons for this 
remain somewhat unclear, a strong possibility is that when confidence is low, making an 
incorrect judgment could lead to a decrease in the effort expended to integrate the numerical 
information into the decision, reducing the weight assigned to information. Work by Bandura 
(1982, 1986) is consistent with this idea; he has argued that negative performance tends to 
produce greater interest and/or effort for individuals with high self-efficacy, while the opposite is 
true for individuals with low self-efficacy. Insofar as confidence is identifiable with self-efficacy 
(an identification that seems quite natural), the implication here is that deviation from 
expectations may function as a cue for weighting information by determining the level of interest 
or effort exerted in incorporating information; this level may differ depending on the particular 
combination of confidence in expectations and the accuracy of those expectations. Ultimately, 
further research will be needed to convincingly explain the contrary responses to surprising 
information observed in this study. 

Predictions 4 and 5 had to do with the potential impact of item difficulty on the 
information weighting process. It was thought that when pieces of information seemed 
particularly hard to predict, incorrect expectations would offer less evidence that one’s judgment 
is not functioning properly. Incorrect expectations may be attributed to the item’s difficulty or 
unpredictability rather than one’s intellectual faculties. Thus, it was thought that the main effect 
of incorrect expectation hypothesized in Prediction 2 would be mitigated for difficult items, 
causing it to shrink or disappear (Prediction 4). Meanwhile, the slope of information weight 
against confidence for incorrect expectations would decrease when expectations were incorrect 
for similar reasons, and the slope for correct expectations would decrease due to the hard-easy 
effect. Because increasing confidence in correct expectations would likely be associated with 
increasing over-confidence on difficult items (due to the hard-easy effect), it was thought that the 
slope of information weight against confidence would also decrease when expectations are 
correct. Thus, Prediction 5 held that the slope of information weight against confidence would be 
generally reduced for the difficult item. 

Although Prediction 4 is now irrelevant, because Prediction 2 (main effect of 
incorrectness) was not supported, there is considerable evidence in support of Prediction 5—the 
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prediction that the slope of information weight against confidence would decrease for both 
incorrect and correct expectations on hard items. It is important to note here that because the 
proposed explanations for these reductions in slope are different (perceived unpredictability vs. 
increasing overconfidence due to the hard-easy effect), the reduction in slope associated with 
increased item difficulty need not be uniform across correct and incorrect expectations. That is, 
the presence of a three-way interaction between confidence, item difficulty, and incorrect 
expectation might have indicated that these reductions in slope are indeed different. However, 
because no such interaction was observed, the conclusion would seem to simply be that these 
two effects were of roughly comparable size. Much as was the case with the observation of 
similar slopes for easy/correct and hard/incorrect judgments, the data collected in this experiment 
provide no evidence that this commonality is anything but a mild coincidence. 

The results related to Predictions 1-5 suggest that the shock metric (e.g, Ranney et al. 
2001) may tend to be a reasonably good predictor of the weight assigned to information when 
items are subjectively difficult and confidence is relatively high (above average). In fact, if one 
refers back to Figure 3-5b, the graph of information weight against confidence for the hard item, 
the portion of the graph to the right of the intersection point (which occurs at approximately the 
average level of confidence) is basically the pattern of “policy shift” that was successfully 
predicted by the shock scale in Ranney et al. (2001). Information weight (measured by 
proportion allocated) is always greater for incorrect responses than for correct responses, and the 
slope for correct responses is roughly the negative of the slope for incorrect responses. Given 
that the items used by Ranney et al. (2001) appear to have in general been relatively difficult, as 
evidenced by the fact that on average they produced overconfidence, this result coheres with the 
idea that observed differences in policy shift may have arisen due to differences in the weight 
assigned to information. Munnich, Ranney, and Song (2007) found concordantly that shock 
ratings correlated well with retrospective ratings of surprise. However, the results seen in the 
experiment conducted here also suggest that the shock metric may not predict the weight 
assigned to information very well when confidence is relatively low and items are not high in 
subjective difficulty. When confidence ratings were below the average, the graph of information 
weight against confidence actually showed precisely the opposite of what the shock scale would 
predict, as information was actually weighted more when it conformed to expectations. Thus, as 
the term “shock” itself might suggest, the utility of this metric for predicting information weight 
(and perhaps policy shift as well) may be restricted to situations in which items are relatively 
difficult and respondents accordingly have generally high levels of confidence (some of which is 
likely due to overconfidence). It should be borne in mind, however, that previous results related 
to shock found by Ranney et al. (2001) may simply not generalize to the conditions present in 
this experiment. The two items used for this study may simply be peculiar, or alternatively, 
differences in the way the experiment was conducted may have led to participants to engage in 
different information weighting behaviors. 

Predictions 6a and 6b corresponded to alternative explanations for why Rinne et al. 
(2006) found that estimating before receiving numerical information increases the subsequent 
impact of the information on a related decision. Prediction 6b of a main effect of foresight 
elicitation was supported, but Prediction 6a of an interaction with item difficulty was not. 
Additional analyses showed that there was modest support for the idea that both a reduction of 
hindsight bias and an effort effect may be at play for the difficult item, but the latter (or some 
other effect that is independent of item difficulty) is certainly the more important factor. 
Although a reduction in hindsight bias caused by estimating may make information seem 
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somewhat more surprising for hard-to-predict pieces of information, the act of estimating itself 
appears to have some more direct kind of effect. If this is, in fact, an effort effect, this raises the 
possibility that other kinds of effort effects might impact information weighting. For example, 
what if a participant in an experiment is asked to look a piece of information up in a book, 
instead of simply receiving it? Will this individual weight the piece of information more heavily 
than someone who simply receives it? Questions such as this one are certainly worthy of further 
research. 

Many of the more secondary results regarding background variables are quite interesting 
in their own right. Perhaps foremost among these is the observed positive relationship between 
math scores and the weight assigned to the numerical information. It was hypothesized that this 
relationship might arise due to an effect of general facility or comfort level with numbers. 
However, there is some evidence against this explanation in the fact that Preference for 
Numerical Information (PNI) scores—which would likely be associated with such facility or 
comfort level—are strongly correlated with mathematics scores, but surprisingly do not predict 
information weight. Thus, the relationship between math scores and information weight is more 
readily attributed to the effect described by Peters et al. (2008)—people with stronger math skills 
have more precise internal representations of numerosity, and this causes them to actually 
perceive proportional differences to be larger than do people with lower math skills. In Peters et 
al. (2008), this link was shown indirectly by demonstrating that math skills were linked to 
distance-effect slopes, and that distance-effect slopes predicted the impact on decisions of 
information reflecting proportional differences. No significant direct link between math skills 
and decision behavior was observed. Thus, the finding here that math scores predict information 
weight helps to establish a direct link, lending additional support to the account given by Peters 
et al. (2008). 

Effects of gender and stated reasons for decisions were also observed. Gender appears to 
impact weighting of numerical information both indirectly—via math skills—and directly, 
perhaps due to general differences in attention to numerical information. The latter of these 
possibilities is particularly worthy of further research. As for stated reasons for decisions, these 
were shown to affect information weighting both independently and by partly mediating effects 
of incorrect judgment and item difficulty on information weighting. This supports the notion that 
some form of reason-based choice (Shafir et al., 1993) is taking place in the decision tasks used 
in this experiment. However, reasons fail to tell the whole story, as other variables, many of 
which likely affect weighting through more unconscious processes (e.g., math skills, implicit 
expectations) are also highly predictive. These results indicate that—as one might guess—both 
conscious and unconscious processes impact the weight numerical information receives in 
everyday decisions.  

So what can be gleaned from the results of this study? Perhaps the most important 
implication is that disseminators of numerical information need to be aware that expectations, 
confidence, and the predictability of the information all matter more than one might guess. For 
example, if confidence is high, or if a given domain is known to engender overconfidence, 
presentations of relatively predictable numerical information may tend to be less effective. 
Before information is presented in such cases, it may be helpful to try and reduce overconfidence 
and improve calibration; engaging in practice and offering performance feedback may be a good 
remedy for this (Hoch & Loewenstein, 1989; Sieck & Arkes, 2005; Subbotin, 1994). Or, as was 
demonstrated by Rinne et al. (2006) and further explored here, simply estimating a number 
before it is received—as participants did in previous NDI experiments that used the EPIC, PEIC, 
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and EIC procedures—may represent a less extensive and time-consuming intervention. If these 
options are not possible, then at least one should avoid information that conforms to expectations 
in favor of information that contradicts them.  

On the other hand, if it is suspected that confidence is low or that underconfidence is 
typical in a given domain, it is probably advantageous to pursue precisely the opposite strategy. 
In these cases, presenting information that conforms to expectations will be preferable. This is 
perhaps the most novel and important (albeit somewhat unanticipated) finding of the present 
study. Experimental results showed that numerical information was least influential when low-
confidence expectations were incorrect, particularly for information that likely seemed relatively 
predictable once the outcome was known. This finding may be very important to educators. For 
low confidence students, presenting surprising numerical information may not always be the best 
strategy; whereas surprising information could potentially produce conceptual change—as has 
argued by Munnich, et al. (2003)—this may occur only if students’ confidence levels are 
relatively high; surprising information may tend to be ignored or underutilized by students with 
low confidence.  

A second implication is that those who present numerical information need to know their 
audience. For example, if a particular audience is known to be relatively innumerate, the fact that 
math scores were related to information weight suggests that numerical representations of 
quantity simply may not be the best medium for these individuals. Verbal representations of 
quantity have been shown to carry more weight in some cases (Viswanathan & Childers, 1996), 
as have graphical representations (Stone, Yates, & Parker, 1997). If a population is known to 
have relatively low quantitative skills or lower levels of attention to numerical information, the 
utility of alternative representations may be considerably increased (assuming that it is not 
possible to remediate innumeracy before information is presented). 

Finally, it may be interesting to consider the findings of this study in light of 
neuroscientific evidence related to observed dissociations of confidence and accuracy. Chua, 
Rand-Giovanetti, Schacter, and Albert (2004) found that dissociations between confidence and 
accuracy (poor calibration) regarding memory for face-name pairs were linked to differential 
patterns of activation across the left prefrontal cortex (LPFC) and medial temporal lobe (MTL) 
regions. They argue that confidence in recollections (indicated by LPFC activity) may be 
strongly influenced by characteristics of the encoding stage and does not necessarily derive from 
some kind of internal measure of success in retrieving information from long-term memory 
(indicated by MTL activity); however, successful retrieval is precisely what determines 
accuracy, potentially explaining such dissociations. This area of research may represent a starting 
point for future efforts to find specific patterns of brain activity that are related to weighting 
information that deviates from expectations. 

This chapter contributes to the study of information use in decision-making, judgment 
under uncertainty, and numeracy in several ways. First, identifying calibration of expectations as 
a novel cue that people use to assign weight to numerical information represents a important 
contribution in terms of basic psychological research. Second, the chapter also advances the 
study of calibration of judgment by offering an empirical account of calibration phenomena 
including overconfidence, hindsight bias, and the hard-easy effect that is based on a Bayesian 
conception of single case probabilities rather than the conventional frequentist perspective. 
Third, the experimental results presented herein may serve as a basis for a number of different 
practical recommendations for conveying numerical information to a variety of audiences, 
providing new strategies for promoting numeracy among the general population. Finally, this 
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chapter has suggested a number of possible avenues for future research that may prove fruitful in 
terms of both theory and practice. 
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Chapter 4: Mode of Information Acquisition 
 

 Oftentimes, those providing numerical information to others tend simply to offer it 
without its being solicited. For example, public officials, advocates, and politicians tend to ply 
those numbers that best support their causes with the straightforward expectation that audiences 
will find the information they provide important and persuasive. However, it seems likely that in 
many cases, information presented in this manner may not be taken all that seriously. When 
information is unsolicited, individuals might gauge its importance or novelty based on the 
source; when the source is not one with whom one is inclined customarily to agree, this may 
affect how information is received. 
 Imagine, however, that the disseminator of information—the one who is attempting to do 
the persuading or informing—does not simply bombard people with statistics, but rather 
disguises his or her intent, withholds information, and allows individuals to think about and 
choose what information they believe would be important or would like to learn. Perhaps the 
individual is prompted to request a piece of information that they believe would be relevant to 
the issue. Would this change the way that information is received and subsequently utilized? In 
this chapter, an empirical investigation is undertaken through which an attempt to answer this 
question will be made. A simple experiment was designed in which participants were presented 
with a decision scenario and asked to describe a statistic that they would want to know to help 
them make a decision. The decision involved how to divide a sum of funds between two 
different charitable causes; the prompt was designed so that a sizeable proportion of the 
participants could be expected to name a particular statistic that by design was relevant to one of 
the two charities. This statistic was then provided, and decisions reached by these individuals 
were compared to: a) the decisions of participants who requested a different statistic, as well as 
b) the decisions of control participants who did not “actively search” any statistic, but rather just 
“passively received” the target information, as in the “IC” procedure (Lurie & Ranney, 2003a, 
2003b, 2004; Rinne et al., 2006). In addition, participants’ rationales for choosing as they did 
were elicited. The aim was to determine whether the manner in which information is acquired 
serves as a cue for assigning weight to numerical information. 
 To the author’s knowledge, no previous empirical investigation has addressed the 
question of how actively searching information—either quantitative or qualitative—affects the 
weight that information receives during decision-making. In the field of information science, 
Wilson (1997, 1999) notes the distinction between active search and passive receipt of 
information and suggests that this distinction may have implications for how information is 
processed and utilized, but does not elaborate on what sorts of differences in use might arise. 
Instead, the focus is more on the conditions under which active search may occur—that is, on the 
kinds of “needs” or “motives” that may lead people to actively seek information. In the field of 
judgment and decision-making, work by Huber, Wider, and Huber (1997) demonstrates that just 
because a certain piece of information has considerable influence on a decision when it is 
presented to individuals, this does not necessarily mean that the information is likely to be 
actively searched for when information is not provided and must be requested. Huber et al. 
(1997) show that while probability information may have considerable influence on choices 
between lotteries when it is given to decision-makers, people rarely request probability 
information when they are the ones in control of what information they receive in order to help 
them make a decision. 
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 Although the question of how the mode of acquisition affects subsequent information 
weighting does not seem to have been addressed empirically, a couple of researchers have shown 
that actively searching for information can affect the processing of that information in certain 
ways. Perhaps foremost, Huber (2007) has shown that actively searching for probability 
information improves memory for that information. That is, when probability information has 
been actively searched for—rather than passively received—subsequent memory for that 
information appears to be enhanced. This suggests that information may be more deeply 
processed when it has been actively searched for, a finding that is particularly relevant to the 
current discussion because the information presented was numerical in nature. Second, Xu and 
Tenenbaum (2007) have shown that Bayesian inferences about word meanings are affected when 
samples of information from the environment are drawn by the learner instead of a third party; 
when sampling is learner-driven, broader generalizations about word meanings are drawn than 
when sampling is teacher-driven. Results such as these indicate that information that is actively 
searched for may frequently be processed differently from information that is passively received. 
 Predictions regarding effects of active search on the use of numerical information in the 
experiment conducted for this chapter will be described below. Although the discussion will be 
limited to numerical information, the mode of information acquisition may serve as a cue for 
weighting other forms of information as well. Hopefully, future research in different domains 
will investigate the effect of active search on other forms of information. However, because 
generalization of this sort cannot be assured, for the time being the predictions offered here are 
only intended to refer to the use of numerical information. 
 The weight assigned to information was measured by the proportion of funding allocated 
to the charity associated with the target information, as in the experiment described in the 
previous chapter and in Lurie and Ranney (2003a, 2003b, 2004) and Rinne et al. (2006). 
Prediction 1 is that information will be weighted more heavily when it has been actively 
searched for than when it has been passively received. Prediction 2 is that participants who 
actively searched for information will be more likely to cite the numerical information provided 
as a reason for the decision than will participants who passively received information. Finally, 
Prediction 3 is that participants who cited the target information as a reason for their decision 
will allocate a greater proportion of funding to the charity associated with the that information 
than will participants who did not cite the target information, as was observed in the previous 
experiment and in the experiment by Rinne et al. (2006). If all of these hypotheses are 
confirmed, this will provide considerable evidence that actively searching for numerical 
information serves as a cue for assigning increased weight to numerical information during 
decision-making. 
 

Method 
 
Participants and General Procedure 

111 female and 71 male undergraduates (N = 182) participated in the experiment in 
exchange for course credit. Ages ranged from 18 to 25 (Mage = 19.8). During a 50-minute 
experimental session, each participant completed a series of tasks in conjunction with the 
experiment discussed here as well as tasks related to experiments discussed in other chapters. At 
the beginning of the session, participants read a brief set of basic instructions and were walked 
through one sample decision prompt to acquaint them with the procedure. Afterward, all stimuli 
were presented and all responses collected on sheets of paper that were handed to participants 
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one at a time by the experimenter, who sat nearby but did not observe participants’ work. The 
order in which tasks were completed was counterbalanced to control for any possible order 
effects. After the set of experimental tasks was conducted, participants completed: a) the 20-item 
Preference for Numerical Information (PNI) survey, b) a survey of various demographic and 
background information, c) a survey of prior knowledge related to task domains, and finally d) a 
ten-item math test with a ten minute time limit.  
 
Experimental Design 
 This particular experiment reflected a 2 (item) x 2 (mode of acquisition: “active search” 
vs. “passive receipt”) nested design in which each participant completed one item in the active 
search condition and the other in the passive receipt condition, with the order of these conditions 
randomly assigned. Items were randomly combined with conditions for each participant. This 
was done to ensure that each participant only actively searched for information once; the active 
search prompt was designed so that there would be a relatively high likelihood that participants 
would request the statistic that would eventually be presented to them, and it was thought that 
being in the active search condition for a second time would introduce an experimenter demand 
effect whereby participants might simply request whatever statistic they believed was about to be 
presented to them. The weight assigned to the information was measured by having participants 
divide funding between causes related to the information they received. Overall, the goal was to 
build a linear model in which information weight would be predicted by mode of information 
acquisition along with other background variables, while controlling for differences between the 
items. The two items were not designed to differ in any theoretically relevant way. 
 
Task Procedure and Materials 

See Appendix B for sample experimental items. For a given item in the “passive receipt” 
condition, participants first received a sheet of paper describing a decision they would soon be 
asked to make. For the “dropout rate” item, participants were told that a wealthy philanthropist 
from a fictitious town called Willow Grove had left them in control of $100,000 that was to be 
divided between two causes: a) a local charity called “Stay in School” whose purpose is to lower 
the dropout rate in the town, and b) the American Red Cross. For the “pregnancy rate” item, 
participants were told to imagine that they were city council members from the town of 
Kingsville who needed to make a decision about dividing $100,000 in funding between: a) a 
local charity called “Motherhood Can Wait” whose purpose is to lower the teen pregnancy rate 
in the town, and b) the local chapter of the Sierra Club, an environmentalist group. For each 
item, the order in which the two charities were presented was counterbalanced. Participants were 
told that they could divide the $100,000 in whatever way they saw fit. In the “active search” 
condition, this first page was identical except that after the decision scenario had been described, 
participants were asked to list one statistic they would want to know in order to help them make 
their decision. Pilot testing had shown that participants would likely ask for the high school 
dropout rate or the teen pregnancy rate, respectively, about half the time.  
 After completing the first page (or simply reading it in the passive receipt condition) 
participants were presented with a second page that informed them (depending on the item) of 
the (fictitious) town’s: a) dropout rate (43%) or b) teen pregnancy rate (1 in 3). Both of these 
values were chosen to be extremely high so as to ensure that the statistic could serve only as a 
reason for increasing funding for the associated charity, not a reason for decreasing funding; 
although participants might wish to provide more funds to the foil charities (the American Red 
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Cross and the Sierra Club) based on individual preferences, it was thought that it would be 
unlikely that participants would contribute to the foil charity because they thought these rates 
were low. Indeed, during piloting of items, no participants (for values this high, at least) ever 
cited the statistic as a reason for providing funds to the foil charity. Below the statistic, 
participants were asked to divide the $100,000 between the two charities (the order in which 
funds were allocated matched the order in which the charities were presented on the first page, 
which was counterbalanced). After splitting the money between the two causes, they were asked 
to briefly write why they chose to divide the money as they did.  

 
Results 

 
 The 50 non-native English speakers were excluded from this analysis for the same 
reasons discussed in the previous chapter as well as the fact that they tended to be very 
unfamiliar with the American Red Cross and the Sierra Club. In addition, seven participants were 
excluded because of incomplete responses and/or inattention to the task. This left 79 females and 
46 males (N = 125). Also, as before, the fact that each participant contributed two responses 
meant that there was a potential for clustering of data, making conventional regression analysis 
problematic. Robust standard errors (Williams, 2000) were used to account for this potential 
clustering.  
  
Linear Model of Information Weighting as a Function of Mode of Acquisition 
 The dependent variable in the linear model is the weight assigned to the numerical 
information received by participants. This is measured by the proportion of funds allocated to the 
cause associated with the statistic that was provided (“Stay in School” or “Motherhood Can 
Wait”). As is standard for proportions, this value was transformed by taking the arcsine of the 
square root of each value.  
 Predictors related to the experimental manipulations included: a) dummy variables 
encoding membership in the passive receipt condition or the type of statistic requested in the 
active search condition—passive receipt (reference group), active search for the statistic 
provided, active search for a related statistic, active search for an unrelated statistic, and b) a 
dummy predictor for item—dropout rate versus pregnancy rate. For the active search condition, 
statistics searched for by participants were coded as: “statistic provided” if either the pregnancy 
rate or dropout rate was specifically requested, as “related statistic” if the statistic requested was 
not the target statistic, but referred to teen pregnancy or the high school drop-out issue, and 
“unrelated statistic” if the statistic requested related to neither issue. All members of the 
“unrelated statistic” category involved requests for statistics related to the foil charities, the 
Sierra Club and the American Red Cross.  

Additional variables included: a) dummy variables indicating the order in which the two 
items were completed and the order in which the two charities were presented, b) the number of 
correct responses on the 10 item math test, c) scores on the Preference for Numerical Information 
(PNI) survey, d) the sum of the knowledge ratings (on a 1-5 scale) for the topics associated with 
the each item (teen pregnancy/Sierra Club and high school dropouts/American Red Cross), e) the 
difference between these knowledge ratings, f) the type of reason stated for the decision—
information provided, information along with other factors, and other factors (reference group) 
and g) gender. Reasons for decisions were coded as referring to: “the information provided” 
when only the statistic provided was cited, “the information along with other factors” when 
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anything else was cited in addition to the statistic provided, and “other factors” when the statistic 
provided was not cited. 

The bulk of the variables were entered into the model and non-significant predictors were 
removed one by one using a backward stepping procedure (Miller, 2002), with a couple of 
exceptions. First, non-significant dummy variables for the statistic searched were retained to 
ensure for significant effects of particular categories, as is necessary when categories cannot be 
conceived of as ordered “thresholds” (cf. reasons for decisions; information only > information 
plus unrelated factors > unrelated factors only). Second, due to potential multicollinearity 
between gender, math scores, and PNI scores, these variables were withheld and entered into the 
model one at a time after all non-significant predictors were removed. Contrary to the results 
from the previous chapter, all three predictors were at least marginally significant when entered 
into the model alone (see Chapter Three for statistical analyses of relationships between these 
predictors). However, none of the predictors were significant unless they were entered into the 
equation alone; this indicates that there is considerable multicollinearity among the three 
variables. In this case, because the math score was by far the best predictor of the weight 
assigned to information, this variable was the one included in the model.  

Another caveat is that although reasons for decisions were a significant predictor, 
multicollinearity with active search for the target information was suspected; further analysis 
showed that when the predictors for active search for target information and reasons stated for 
decisions were introduced into the regression model in isolation, the predictive power of either 
variable was enhanced considerably. Since active search for the target information was causally 
prior to stated reasons for decisions, predictors related to the latter are excluded from the main 
model presented below. The apparently strong relationship between reasons given and active 
search for target information suggests that reasons given may represent an important mediating 
variable; effects of reasons for decisions on the weight assigned to information will be addressed 
separately in another section to follow. The model that ultimately emerged from the predictor 
selection process described here is given in Table 4-1 below. 

 

Table 4-1. Linear model of information weight (dependent variable: arcsine-transformed 
proportion of funds allocated to the charity associated with the statistic presented). 

Predictor B t(119) p-value 

Constant Term (.831)  13.63 <.001 

Math Score (out of 10) .024 2.71 .008 

Knowledge Rating Difference .029 1.81 .073 

Statistic Searched = Target .066 2.02 .045 

Statistic Searched = Related to Target -.052 -0.51 .609 

Statistic Searched = Unrelated to Target -.021 -.40 .689 

 



64 
 

 Descriptive statistics corresponding to significant effects will be given here in terms of 
back-transformed proportions of funding allocated to the charity associated with the target 
quantity (“Stay in School” or “Motherhood Can Wait”). The back-transformed constant score 
(.545) will be used as a baseline. This baseline corresponds to the proportion of funds allocated 
when information was passively received, excluding effects of other variables (math scores and 
knowledge ratings). First, math scores (Mmath = 6.44, SDmath =2.16) were a significant predictor 
of the weight assigned to information; an increase of one standard deviation in the math score 
corresponded to an increase of .0513 over the baseline of .545 in terms the proportion of funds 
allocated to the charity associated with the target quantity. Though knowledge ratings did not 
predict information weight for experiments discussed in the previous chapter, here the difference 
between the knowledge ratings for the two charities was marginally significant. When the 
knowledge rating for the foil charity (American Red Cross/Sierra Club) was subtracted from the 
knowledge rating for the topic addressed by the charity associated with the target statistic (high 
school dropouts/teen pregnancy), each increase of one unit in this difference corresponded to an 
increase of .029 over the baseline proportion of funds allocated to the target charity (.545). This 
indicates that greater knowledge of the issue related to the target quantity—relative to knowledge 
of the foil charities—is related to the assignment of greater weight to the target quantity. 

  
Figure 4-1. Information weight vs. search outcome. 
 

As for the hypothesis of most importance in this chapter—the hypothesis that actively 
searching the target information would increase the weight that information received during 
subsequent decision-making—a significant effect was observed, supporting Prediction 1. 
Actively searching the target information led to an increase of .065 over the baseline information 
weight (.610 vs. .545). In addition, neither actively searching for a related, but different statistic 
nor searching for a statistic unrelated to the target information produced any significant 
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difference relative to the condition in which information was passively received (the reference 
group in the regression model). Active search of statistics other than the statistic that was 
eventually received actually produced directional, albeit non-significant decreases relative to the 
passive receipt condition. In Figure 4-1 above, the untransformed mean proportion of funds 
allocated to the charity associated with the target quantity is given for each possible search 
outcome. It should be borne in mind that this graph should be viewed as purely descriptive from 
a statistical inference point of view, since other variables in the model are not accounted for, 
each participants contributed two observations, and statistical tests were conducted on 
transformed proportions, not untransformed means. 
 
Results Involving Reasons for Decisions 
 A logistic regression analysis was conducted to investigate the effect of actively 
searching the target information on the reasons participants gave for their decisions. To conduct 
this analysis, the set of regression predictors used to model the weight assigned to information 
was entered into a logistic regression equation that predicted the likelihood of citing the 
numerical information provided as a reason for the decision (either alone or along with other 
factors; both were significant predictors of information weight in the earlier analysis). The 
difference in knowledge ratings was no longer a significant predictor, so it was dropped from the 
model. However, math scores were a significant predictor of whether participants cited the 
numerical information provided, so this predictor was retained. Results are stated here in terms 
of odds ratios (OR). For any pair of probabilities (p1, p2) associated with a binary pair of 
alternative outcomes, the odds ratio is given by [p1 * (1 - p1)] / [p2 * (1 – p2)]. Larger odds ratios 
indicate greater odds for the target outcome relative to the alternative. 

An increase in math score (SDmath = 2.16) of one correct response corresponded to an 
increase in the odds of citing the numerical information given as a reason by a ratio of 1.20, z = 
2.71, p = .007. Also, as expected, actively searching the target information led to a dramatic 
increase in the odds of citing the numerical information provided as a reason for the decision 
(OR = 3.79), z = 4.37, p < .001, supporting Prediction 2. This result provides corroborating 
evidence that actively searching the target information before it is received leads to an increase 
in the weight assigned to that information. 

A linear regression analysis was also conducted to assess the impact of reasons on the 
weight assigned to information as measured by the proportion of funds allocated to the 
associated charities. To recall, reasons for decisions were highly collinear with active search for 
target information; statistical analyses support the idea that reasons play a mediating role in the 
allocation of funds. When the active search predictor was replaced in the original regression 
model with a predictor indicating whether participants gave the numerical information as a 
reason for their decision, this predictor was highly significant (B  = .165), t(119) = 4.76, p < .001. 
Thus, Prediction 3 was supported as well. The strength of the relationship observed here further 
indicates the extent to which citing the information provided as a reason for the decision—
regardless of whether this resulted from active search of target information—tended to increase 
the weight information received during the allocation phase. 

 
Discussion 

 
 The results of the experiment conducted for this study strongly support the general 
hypothesis that active search of target information is associated with assignment of greater 
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weight to that information during subsequent decision-making. All three of the predictions 
described at the outset were confirmed. First, the greatest proportions of funding were allocated 
to the charities associated with the target information when that information had been actively 
searched for (Prediction 1). Second, actively searching target information led to an increase in 
the likelihood of citing the numerical information provided as a reason for the allocation decision 
(Prediction 2). Finally, participants who cited the numerical information provided as a reason for 
their decision ultimately gave a greater proportion of the funds to the charity associated with the 
target statistic (Prediction 3).  
 In addition, significant effects of a couple of background variables were observed. First, 
math scores were a significant predictor of the proportion of funds allocated to the charity 
associated with the target statistic. This result is interesting for a couple of reasons. First, in 
contrast to the effect of math scores observed in Chapter Three, this effect is not attributable to 
differences in the precision of internal representations of numerosity, since only a single number 
was provided as information. That is, effects of the precision of internal representations of 
numerosity on the influence of numerical information—such as that observed by Peters et al. 
(2009)—are attributed to the perceived arithmetic or proportional differences between pairs of 
numbers. Because only a single number was presented here, this explanation is untenable. 
Therefore, the effect of math scores observed here is better accounted for by an increased facility 
or comfort with the use of numerical information. Further evidence in favor of this explanation 
comes from the fact that Preference for Numerical Information (PNI) scores significantly 
predicted the weight that information received (to recall, these were not included in the main 
model only because of collinearity issues). In the analysis of deviation from expectation 
described in Chapter Three, math scores—but not PNI scores—predicted the weight assigned to 
information, providing evidence in favor of an effect of the precision of internal representations 
of numerosity. It is interesting, therefore, to observe here an effect that seems more likely to be 
due to more positive attitudes toward numerical information that are associated with greater math 
skills. Documentation of this second kind of effect of math skill on the weight assigned to 
numerical information may be quite valuable. 
 Also in contrast to the analysis of deviation from expectation, an effect of prior 
knowledge was observed. Greater disparities in knowledge ratings in favor of the high school 
dropout (teen pregnancy) issue versus the work of the American Red Cross (Sierra Club) were 
associated with greater allocations of funds to the former causes. One possible explanation 
having to do with evaluability was described in the previous chapter; that is, perhaps participants 
with greater knowledge of the high school dropout or teen pregnancy issue were better able to 
evaluate just how high the dropout and teen pregnancy rates they were provided with were, and 
this caused them to weight the information they received more heavily than participants who had 
a harder time gauging the magnitude of these rates.  However, a result such as that observed here 
might also arise because participants were hesitant to allocate funding to causes about which they 
felt they perhaps lacked knowledge; or, alternatively, it could be that participants felt they had 
greater knowledge of causes they were sympathetic toward, and that this in turn drove their 
funding decision to some extent. Although it is difficult to adjudicate among these possible 
explanations, it is useful to know that greater prior knowledge regarding the domain in which a 
statistic lies may tend to produce increases in weight that information receives in the decision 
process. In addition, it could be that differences in results between the study described in this 
chapter and that of the previous chapter (and prior work in the NDI tradition) have to do with the 
fact that the statistics were completely fictitious; participants likely recognized this (although 
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they were not explicitly told), and this could have colored their interpretations and responses to 
the decision-making tasks. 
 The findings presented in this chapter may have considerable import for many common 
presentations of numerical information. If one wishes to maximize the weight that numerical 
information receives during decision-making, one should try to entice one’s audience to request a 
particular piece of numerical information before it is provided to them. The fact that an 
individual has actively searched for a particular piece of information may serve as an important 
metacognitive cue that the information would be helpful for the purposes of decision-making. As 
suggested at the outset, this strategy might be particularly useful to those who present 
information for the purposes of persuasion. Imagine, for example, a campaign aimed not at 
persuading others that the dropout rate at their local high school is a problem, but rather at 
persuading students themselves not to drop out of school. If students were given the opportunity 
to request a piece of information that they would want to know in order to decide whether 
finishing high school was worth their while, doesn’t it seem quite likely that many students 
would request a statistic regarding their prospects for future income? If a student did ask such a 
question, and then was informed of the dire long term financial consequences of failing to earn a 
high school diploma, doesn’t it seem likely that such information would have more impact than 
might be the case if an authority figure simply foisted a number upon them? When one considers 
a scenario such as this one, especially in light of the evidence provided in this chapter regarding 
the potential effectiveness of such a strategy, the utility of encouraging active search prior to the 
receipt of information is quite evident. This idea was implicit in the creation of a list of the “Top 
40” numbers people should know that was developed by Ranney et al. (2008); the list was 
developed in part by surveying people about what numbers they believed were important. It is 
the hope of the author that encouragement of active search for information one day becomes a 
common practice for promoting more numerate decision-making within the population at large. 
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Chapter 5: Precision of Numerical Representations 
 

 Conventional wisdom would seem to dictate that the more precise a number is, the more 
reliable it is as a basis for decision-making. No one wants to base important decisions on 
measures that are highly imprecise. However, conventional wisdom would also seem to dictate 
that “rounder” numbers may be easier to interpret and process, and this, as is evidenced by the 
research reviewed in Chapter Two on the role of ease of processing in information weighting, 
may mean that round, “pretty” values tend to be utilized more readily by recipients than 
unrounded values. It is relatively easy to concoct a couple of extreme examples to illustrate each 
of these ideas: First, when the U.S. sent astronauts to the moon during the Apollo program, it 
was obviously very important that all of the numerical information used in the planning and 
execution of the journey be extraordinarily precise; even the slightest amount of imprecision in 
the numerical representations used by the engineers could send the astronauts careening off into 
distant space. On the other hand, however, consider how most students might respond to a 
statistic in a social studies textbook comparing a certain demographic characteristic (e.g., 
economic growth) across two nations with an extremely precise percent difference—such as one 
expressed to seven decimal places (i.e., 27.8955396%). How would this affect the impact of the 
statistic? Would students recognize and interpret the approximate value of this number while 
completing a reading assignment? What would the chances be that they would cite this 
information of their own volition if they had to make an argument in an essay? It seems probable 
that if interpreting information in this kind of a context requires much more than casual attention 
or concentration, the information is unlikely to be utilized. 
 Of course, most situations involving the presentation of numerical information fall 
somewhere in between the extremes described above. In most everyday situations, the precision 
required for space travel is not necessary, and alternatively, the numbers encountered in social 
studies textbooks aren’t commonly carried out to seven decimal places. In general, a number of 
factors—the degree of precision that is useful, the importance of the issue at hand, the perceived 
credibility of the information, and the attention span of the audience, among others—tend to 
moderate the amount of effort it is worthwhile to exert to achieve precision in knowledge.  The 
question remains, though, as to where any tradeoff between precision and processing ease might 
begin to occur. Is it perhaps so easy and automatic to process two or three significant figures that 
processing costs are negligible, at least for utilization in the direct presence of written 
information? For relatively typical presentations of information in common decision-making 
contexts, after how many significant figures might one begin to see a drop-off in the utilization 
of numerical information? The goal of this chapter will be to simply begin to address the 
question of how the precision of external numerical representations affects their use. It is too tall 
an order at this point to try and construct a broad theory describing the tradeoff between people’s 
desire for precision and processing limitations. The more modest aim of this study will be to 
explore the effects of precision of representations using a relatively simple experiment that was 
conducted along with those described in earlier chapters. In this experiment, participants were 
presented with a decision scenario and relevant numerical information that varied in terms of its 
precision, as measured by the number of significant figures. The outcomes of the ensuing 
decisions were analyzed to observe how the weight assigned to the information provided was 
affected by the precision of numerical representations. 
 As far as the author knows, no prior research has directly investigated the effect of 
precision of numerical representations on their use in decision-making. However, a number of 
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researchers have investigated the extent to which people’s general desire for precise information 
may lead them to prefer information that is presented in a numerical form. First, Viswanathan 
(1997) developed a survey to measure a social psychological construct he calls “Need for 
Precision” (NFP), and demonstrated the validity and unidimensionality of this construct in a 
series of studies, much as he had done previously with the Preference for Numerical Information 
(PNI) survey (Viswanathan, 1993). To recall, responses to this latter survey were collected from 
participants in the experiments conducted for this dissertation. NFP was shown to be independent 
from, but strongly correlated with PNI, indicating that numerical information may tend to be 
preferred by many individuals at least in part due to its high level of precision relative to other 
forms of information (e.g., qualitative information, verbal expressions of quantity.) Second, 
Olson and Budescu (1997) demonstrated that people tend to prefer numerical expressions of 
uncertainty to verbal ones, particularly when the uncertainty of the events referred to can be 
precisely verified. Finally, in the field of medical decision-making, Gurmankin, Baron, and 
Armstrong (2004) have shown that patients may often prefer numerical representations of risk to 
verbal expressions due to the greater level of precision afforded. 
 Prior research has also shown that the perceived level of precision of a piece of 
information may oftentimes be used as a cue regarding that information’s truth (although no such 
research seems to have specifically involved numerical information). First, Bell and Loftus 
(1988, 1989) conducted experiments in which mock jurors were presented with testimony about 
a robbery and murder; this testimony was varied in terms of the number of minor details that 
were included. When more minor details were provided in the testimony against the defendant, 
participants tended to find it more credible and were more likely to reach a guilty verdict, even 
when the extra details provided were unrelated to the perpetrator of the crime. Second, Grazioli 
and Carrell (2002) have shown that the kinds of deceptive messages often discovered on the 
internet—specifically, “urban legends” reporting things like alligators in the sewer system or 
explosions caused by cell phones—are more likely to be viewed as true when greater detail is 
included in accounts of these legends. Though this kind of research does not involve numerical 
information specifically, it does suggest a mechanism by which greater precision of numerical 
information may increase the weight it is assigned during decision-making. More precision in a 
given numerical representation—that is, more significant figures—may tend to be taken as a cue 
for the truth or accuracy of the number, and this may increase reliance on the information when a 
related decision is made, regardless of whether the greater precision in the representation reflects 
greater precision in measurement. That is, it could be that greater precision, even if it is pseudo-
precision, makes numbers seem more credible, as information recipients may not typically have 
knowledge of the level of precision with which a given measurement is or could be made. 
 Despite the prior research discussed above indicating that people may in general tend to 
prefer precise representations, such representations will in many cases require more time and/or 
effort to process than would more “round” numbers. There are a couple of reasons why this is the 
case. First, because round numbers are much more frequently encountered than any particular 
highly precise value, they are much more likely to be stored in individuals’ mental lexicons, 
which makes recognition and processing easier. Seron (2008) has argued that most people’s 
lexicons probably include not only round numbers, but also all of the numbers from 1-99, as well 
as numbers that have specific significance, such as famous years (e.g., 1776). Second, repeated 
digits—such as trailing zeroes—are more likely to be processed as “chunks” (Fendrich & 
Arengo, 2004; Wickelgren, 1965), which will tend to reduce processing time and effort for 
rounded numbers. Therefore, although people may tend to prefer precise values, there is good 
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reason to believe that more effort is needed to recognize and interpret numbers that are highly 
precise. Even if most people are willing to expend more cognitive effort to attend to and interpret 
precise numbers because they see some benefit of precision, this willingness probably only goes 
so far. The relevant question for this study, therefore, is how far does this willingness go in 
relatively generic decision making contexts? 
 The central hypothesis (Prediction 1) of this paper is that there may be an inverted-U 
shaped relationship between the precision of numerical information and the weight it receives 
during subsequent decision-making. The experiment conducted to investigate this hypothesis 
presented participants with numbers containing exactly six digits. It was not known a priori 
whether numbers with six significant figures would reach a point where the processing effort 
required would outstrip the desire for precision, potentially leading to a decrease in information 
utilization, but it seemed quite possible that this might be the case. Six-digit numbers also 
seemed like a good starting point for this kind of exploratory study for several other reasons. 
First, it was important to reach magnitudes that would exceed those numbers that might 
commonly be a part of the typical lexicon. Although Seron’s (2008) argument that small 
numbers would be included most people’s lexicons only referred to numbers up to 99, it does not 
seem completely out of the question that many three-digit numbers might be easily recognized as 
discrete units as well. But perhaps more importantly, the numbers presented needed to be large 
enough that chunking of repeated zeroes would occur in a manner that was likely to influence 
processing effort. To make sure that chunking of zeroes would be sufficiently advantageous to 
produce an effect, larger numbers would be better than smaller ones. On the other hand, 
however, it was also thought that the numbers tested should be at the upper limit of the usage of 
a particular “number word” (e.g., x hundred-thousand, x hundred-million) so as not to cross a 
boundary where a change in numerical terminology and/or the introduction of a new comma 
might encourage mental rounding. For example, 3,210,000 might be somewhat likely to be 
mentally rounded to 3 million, whereas 321,000 seems less likely to be rounded to 300,000—
despite the fact that the number of significant figures is the same. Because numbers in the 
hundreds of millions may be much more rarely encountered than numbers in the hundreds of 
thousands, the latter order of magnitude was ultimately chosen so that the experiment would 
involve numerical values that are relatively representative of common decision-making contexts. 
 The experiment was also designed to allow for testing of a second hypotheses in addition 
to that of an inverted-U shaped relationship between precision and information weight—the 
hypothesis that comparisons between numbers might be more readily made when two numbers 
have similar levels of precision (Prediction 2). For example, if a number like 300,000 is 
contrasted with a number like 587,954, individuals may somewhat less readily rely on the 
difference between these values as a basis for a decision than they might if these numbers were 
300,000 and 600,000 or 321,000 and 588,000. This could occur because extra cognitive effort 
may be needed to determine how to adjust the weight assigned to a numerical comparison when 
precision is not uniform across two numbers, or perhaps because the difference in precision may 
simply be puzzling to the information recipient, leading to reticence in using the information.  

In order to test Predictions 1 and 2 simultaneously, two numbers of differing magnitudes 
were presented in relation to a decision about dividing funding between entities related to the 
two statistics, respectively. If funding decisions indicate a quadratic relationship between the 
number of significant figures in numerical representations and the weight information receives 
this will provide evidence in favor of Prediction 1. If funding decisions indicate that the 
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numerical information provided received more weight when the two statistics presented had 
comparable levels of precision, this will represent evidence in favor of Prediction 2. 

 
Method 

 
Data was collected from 111 female and 71 male undergraduates (N = 182) who received 

course credit for participating in the study (Mage = 19.8). During a 50-minute experimental 
session, each participant completed a series of tasks in conjunction with the experiment 
discussed here as well as tasks related to experiments discussed in other chapters. At the 
beginning of the session, participants read a brief set of basic instructions and were walked 
through one sample decision prompt to acquaint them with the procedure. Afterward, all stimuli 
were presented and all responses collected on sheets of paper that were handed to participants 
one at a time by the experimenter, who sat nearby but did not observe participants’ work. The 
order in which tasks were completed was counterbalanced to control for any possible order 
effects. After the set of experimental tasks was conducted, participants completed: a) the 20-item 
Preference for Numerical Information (PNI) survey, b) a survey of various demographic and 
background information, c) a survey of prior knowledge related to task domains, and finally d) a 
ten-item math test with a ten minute time limit. 
 
Experimental Design 
 In contrast to the experiments described in previous chapters, there were no simple 
manipulations of variables across groups of participants in this experiment. Rather, participants 
were simply presented with two different decision scenarios in which they were asked to imagine 
that they were a public official who had to make a decision about how to divide funds between 
two different programs. Thus, while there were no manipulations, the decision tasks were similar 
to those in other experiments described in this paper as well as in Lurie and Ranney (2003a, 
2003b, 2004) and Rinne et al. (2006). Participants were then presented with a pair of six-digit 
statistics related to the two different programs, and the number of significant figures contained in 
these statistics was varied randomly. To measure the weight assigned to the numerical 
information they received, participants were asked to divide funding between the two programs 
in question and to explain their reasoning. As before, the goal was to use the data collected to 
construct a linear model of the weight assigned to information, this time modeling weight as a 
function of the precision of numerical information along with background variables (i.e., gender, 
math, stated reasons for decisions, knowledge ratings, etc.). 
 
Task Procedure and Materials 

See Appendix C for sample experimental items. Participants were presented with the two 
items in a randomly determined order. Each item was presented and responses collected on a 
single page. For the first item (“education”), participants were instructed to imagine that they 
were a member of the state legislature who had to make a decision regarding how $100 million 
in funding should be divided between two education programs: a) a program that would reduce 
the cost of school lunches for students from low income families, and b) a program that would 
fund physical education, music, and arts classes at schools that currently do not offer these 
subjects. Below the description of the decision scenario, two (fictitious) statistics were presented, 
each on a single line: a) the number of low-income students eligible to receive help from the 
proposed school lunch program, and b) the number of students in the state who currently have no 
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physical education, art, or music classes. Below the statistics, participants were asked to divide 
the funding between the two programs and to briefly describe why they divided the money as 
they did. The order in which the programs were described and associated statistics presented 
always matched the order in which funds were allocated, and this order was randomly chosen for 
each participant. 

The second item (“transportation”), which was not designed to differ in any theoretically 
meaningful way from the first item, asked participants to imagine that they were the chairperson 
of the transportation board of a large city and had to decide how to divide $100 million between: 
a) a program that would expand the bus and train system into areas not currently served, and b) a 
program that would provide discounts on fares for students and senior citizens. The two statistics 
presented here were: a) the number of citizens who do not have a transit station within one mile 
of their home, and b) the number of students and senior citizens (combined) who live in the city. 
As in the previous item, participants were asked below the statistics to divide the funding and to 
briefly explain their decision, and the order of presentation of programs/statistics and allocation 
of funds was randomly chosen. 

The particular numerical values represented in the statistics were chosen in the following 
way: First, a pair of starting base values was chosen for each item. For the education item, these 
values were 300,000 and 600,000; for the transportation item, they were 400,000 and 800,000. 
These base values were then randomly varied using a spreadsheet program to produce unique 
numerical values by: 1) randomly selecting a value within 49,999 of the base value and 2) 
randomly rounding each value to a certain number of digits. For example, starting from a base 
value of 300,000, a random value within 49,999 would be chosen (e.g., 321,544), and this value 
would then be rounded to a random place (e.g., thousands; 322,000). This was done for each of 
the two values to be presented to a given participant on a given item, and the two values were 
randomly assigned to the quantities within each item for each participant. 

This process of creating statistics ensured a number of things: 1) that the two numbers 
presented to participants would tend to differ by the same amount on average (about 300,000 for 
the education item and 400,000 for the transportation item); 2) that the size of the difference 
between the numbers would be randomly assigned (though restricted in range); 3) that there 
would be random variation in the number of significant figures associated with each statistic; 4) 
that the number of significant figures in the two statistics given would be unrelated; 5) that the 
larger of the two numbers would be assigned randomly to a given quantity; and 6) that the order 
in which the larger number appeared would also be randomized. 

 
Results 

 
 Seven participants were excluded from the study due to incompleteness of responses 
and/or inattention to the task. The remaining sample contained 107 females and 68 males (N = 
175). In the analysis here, non-native English speakers were included to maximize statistical 
power, as this particular task was not especially problematic for these participants. The task was 
less complicated than the “calibration of expectations” experiment discussed in Chapter Three, 
and did not refer to any organizations with which the participants would potentially be 
unfamiliar, which was what seemed to be the problem in the “active search” experiment 
discussed in Chapter Four. As before, for analyses that included multiple responses from the 
same participant, robust standard errors were used in order to account for potential clustering of 
data (Williams, 2000). 



73 
 

Linear Model of Information Weighting as a Function of Numerical Precision 
 In contrast to the experiments discussed in earlier chapters, the particular entities that 
participants were funding in their decisions in this experiment were not associated with statistics 
that had constant numerical values. Rather, the values of particular quantities were varied 
randomly in terms of precision and magnitude (within a limited range) for each participant. 
Therefore, the dependent variable in the model presented here is the arcsine-transformed 
proportion of funding allocated to whichever program was associated with larger-valued statistic, 
not the transformed proportion of funding for one particular program or cause versus the other. 
 The set of precision-related variables that were used to predict the weight assigned to 
information included the following: a) the total number of significant figures across the two 
statistics that were presented, b) the total number of significant figures squared (a quadratic term 
used to test the hypothesis of a potential inverted-U shaped relationship), c) the difference in 
number of significant figures between the larger number and the smaller number, and d) the 
absolute value of this difference. Further predictors related to the design included: a) the 
arithmetic difference between the two numbers presented, b) a dummy variable for item, c) a 
dummy variable for the order in which the programs/quantities were presented and allocations 
made (these were always aligned), and d) a dummy variable encoding whether the larger of the 
two values presented appeared first or second. Finally, additional background predictors 
included: a) the number of correct responses on the 10 item math test, b) scores on the Preference 
for Numerical Information (PNI) survey, c) the sum of the knowledge ratings (on a 1-5 scale) for 
the programs associated with the information provided, d) the difference between these 
knowledge ratings, e) dummy variables encoding the type of reason stated for the decision—the 
information provided, the information provided along with other factors, or other factors 
(reference group), and f) gender. Reasons for decisions were coded as referring to: “the 
information provided” when only the statistic provided was cited, “the information along with 
other factors” when anything else was cited in addition to the statistic provided, and “other 
factors” when the statistic provided was not cited. 
 As in the analyses in previous chapters, all of the predictors were entered into the model 
simultaneously (with the exception of math scores, PNI, and gender, due to multicollinearity 
concerns), and non-significant predictors (p > .10) were removed using a backward-stepping 
procedure (Miller, 2002). After all non-significant predictors were removed, math scores, PNI, 
and gender were entered into the model one at a time. In contrast to the findings of previous 
experiments, however, none of these variables was a significant predictor of the weight assigned 
to information. 
 The predictor selection process just described left the model with only two significant 
predictors of the proportion allocated: a) citing a reason for the decision that referred to the 
numerical information and no other factors (B = .139), t(172) = 5.10, p < .001, and b) the 
difference in knowledge rating between the issue associated with the larger statistic and that 
associated with the smaller (B = .032), t(172) = 2.47, p = .014. It was suspected, however, that 
one of the two items had not functioned in the experiment as intended; that is, it was thought that 
for the transportation item the numerical information provided may ultimately have been 
somewhat irrelevant to a high number of participants, and therefore, this information may have 
had a high tendency to be ignored. Many participants stated in their reasons for their decisions 
that either expansion of public transit (ostensibly for environmentalist reasons) or reduction in 
fares (ostensibly for social welfare reasons) was the more important aim, regardless of the 
numbers presented. If the numerical information provided were ignored, the precision of 
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numerical representations would obviously be of no consequence in the decision. Observations 
for this item would simply be watering down the analysis. 
 The transportation item, therefore, was dropped from the analysis, and the predictor 
selection process was repeated for the data on the education item taken in isolation. The results 
of this analysis were much more fruitful; the regression model that emerged is given below. The 
fact that the difference in knowledge ratings was no longer a significant predictor indicates that 
prior knowledge was more of a factor for the transportation item than the education item; thus, it 
seems likely that for the transportation item, participants may have made decisions based more 
on differences in prior knowledge regarding the issues involved (or something associated with 
prior knowledge, such as personal interest or perceived importance) than on the numerical 
information they received. 
 

Table 5-1. Linear model of information weight (dependent variable: arcsine-transformed 
proportion of funds allocated to the program associated with the larger-valued statistic). 

Predictor B t(170) p-value 

Constant Term (.927)  14.04 <.001 

Total Significant Figures .016 2.03 .044 

Abs. Value of Difference in Significant Figures -.029 -2.07 .040 

Larger Number Presented First -.090 -2.53 .012 

Reason = Information Provided .123 2.30 .023 

 
 Descriptive statistics related to the model above will be given in terms of back-
transformed proportions of funding allocated to the program associated with the larger-valued 
statistic. First, using the back-transformed constant term as a baseline (.640), an increase in 
precision of one significant figure (across the two numerical values combined) was associated 
with an increase of .015 in the proportion of funds allocated to the program associated with the 
bigger statistic. No quadratic trend was detected in the relationship between information 
precision and assigned weight, contradicting the hypothesis of an inverted-U shaped relationship 
(Prediction 1); visual inspection of an augmented component-plus-residual plot supported the 
notion that the relationship was quite linear.  Since each statistic could vary from one to six 
significant figures, potential values for the total number of significant figures across the two 
statistics presented ranged from 2 to 12; the model would predict—all other things being equal—
that a pair of numbers with 12 total significant figures (e.g., 323,965 and 589,992) would yield 
about $15 more out of $100 in funding for the program associated with the larger-valued statistic 
than would a pair of numbers with roughly the same magnitudes but only two total significant 
figures (300,000 and 600,000). 
 Supporting Prediction 2, the absolute value of the difference in the number of significant 
figures across the two statistics was negatively related to the proportion of funds allocated to the 
program associated with the larger-valued statistic. Thus, participants weighted the difference in 
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the numerical values of the statistics to a greater extent when levels of precision were similar 
across the two numbers presented. For a one-unit increase in the difference in number of 
significant figures between the two statistics, the proportion of funds allocated to the program 
associated with the larger-valued statistic decreased by .028 (from the back-transformed constant 
term). This means that for $100 divided between the two programs, a pair of numbers in this 
experiment that differ maximally in terms of precision (i.e., by five significant figures) would be 
expected to yield about $14 less in funding for the program associated with the larger-valued 
statistic than would a pair of numbers with identical levels of precision. 
 A significant effect of the order in which the larger of the two statistics appeared was also 
observed. Interestingly, however, the negative coefficient indicates that this was not a primacy 
effect (e.g., Deese & Kaufman, 1957; Murdock, 1962) as might be expected (although no such 
effect was specifically hypothesized). Rather, participants apparently allocated more money to 
the program associated with the larger-valued statistic when that statistic appeared second. When 
the larger-valued statistic appeared first, this led to a decrease of .088 from the baseline (back-
transformed constant term) proportion of funds allocated to the program associated with this 
statistic. One possibility is that participants may have been more likely to consider the larger-
valued statistic in comparison to the smaller-valued statistic when it came second; that is, 
comparisons of the larger value to the smaller value may have been asymmetric with respect to 
the order of the two values. This possibility will be addressed further in the discussion. 
 Finally, as might be expected, giving a reason for the decision that cited the information 
provided (but no other reasons) was linked to significantly greater funding for the program 
associated with the larger-valued statistic. This result is similar to those seen in the experiments 
discussed previously in this paper as well as in the experiments conducted by Rinne et al. (2006). 
Giving an information-related reason for the decision was associated with an increase of .113 in 
the proportion allocated over giving an unrelated reason. It could be that the numerical 
information provided was simply not relevant for participants who did not state such a reason, in 
which case this predictor basically serves as a control; however, it could also be that the 
precision of numerical representations affects the weight that information receives at least in part 
by influencing reason-based choice (Shafir et al., 1993). Evidence of this kind of intermediary 
role was seen for calibration effects in Chapter Three and search effects in Chapter Four. This 
possibility is explored in the analysis presented next. 
 
Reasons as Mediators 
 To investigate whether stated reasons for decisions could potentially play a mediating 
role in the effects of the other variables in the linear model presented above, a logistic regression 
analysis was conducted. The odds of citing the numerical information provided alone as a reason 
were modeled as a function of the other significant predictors of the weight assigned to the 
information: the total number of significant figures, the magnitude of the difference in precision 
between the two numbers presented, and the order in which the larger of the two statistics 
appeared. Results will be presented in terms of odds ratios (OR). For any pair of probabilities (p1, 
p2) associated with a binary pair of alternative outcomes, the odds ratio is given by [p1 * (1 - p1)] 
/ [p2 * (1 – p2)]. Larger odds ratios indicate greater odds for the target outcome relative to the 
alternative. Results showed that neither of the first two variables were significant predictors of 
the odds of citing the numerical information as a reason, and while the last variable—the order in 
which the larger of the two statistics appeared—was a significant predictor, the relationship was 
opposite in direction to what would be expected if the effect of number order on information 
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weight occurred via an increase in reliance on numerical information as a reason (OR = 4.13), z = 
2.80, p =.005. That is, while being presented with the larger number first was negatively related 
to the weight assigned to information, it was positively related to citing the numerical 
information as a reason for the decision, a variable that was itself positively related to 
information weight. Though the causal implications of this set of relationships are too complex 
to delve into here, one relatively simple conclusion can be drawn: All of the available evidence 
points against the possibility that reason-based choice intervenes in the effects of the other 
predictors in the linear model presented earlier. In contrast to the results presented in earlier 
chapters related to calibration of expectations and active search for information, observed effects 
of numerical precision (along with the effect of the order in which the larger number is 
presented) seem unlikely to be explainable even in part by appealing to possible effects on 
explicit reasoning, at least based on the data collected in this experiment. 

 
Discussion 

 
 The experimental results presented support several conclusions regarding the relationship 
between the precision of numerical representations and the weight that information receives 
during decision-making. First, since the quadratic term related to the total number of significant 
figures was not significant, the hypothesis of an inverted-U shaped relationship between 
precision of representations and information weight was not supported, contradicting Prediction 
1. Instead, a clearly positive linear trend was observed; participants tended to weight the 
difference between the two statistics they received to a greater extent in proportion to the number 
of significant figures in the statistics (considered jointly). This result is consistent with any of the 
following four possibilities: a) people prefer more precise representations, and increasing 
processing demands associated with greater precision of representations are negligible (at least 
for numbers up to six digits), b) people prefer more precise representations, yet conserve 
cognitive effort by mentally rounding them without processing the entire number, c) people 
readily expend the extra effort needed to process numbers that are more precise, or d) expending 
effort processing more precise representations actually increases the weight assigned due to 
increased attention. Regardless of whether one of these accounts (or some other account) is 
accurate, there is no evidence in the results obtained here that a trade-off between desire for 
precise representations and conservation of cognitive effort affects the weight that numerical 
information receives during decision-making, at least for representations of the sort at issue here. 
 Although no non-linear relationship between the precision of representations and 
information weight was observed here, it remains possible that such a relationship might exist for 
numbers that exceed six digits. Further research involving larger (and perhaps smaller) numbers 
is needed to determine whether this might be the case. Such research might also be helpful for 
adjudicating between the potential accounts described above in the event that even larger 
numbers do not yield an inverted-U shaped curve. For example, if people are indeed processing 
entire numbers without mentally rounding them, it seems quite improbable that the amount of 
effort needed for processing would be negligible—or that people would be willing to expend the 
necessary effort—for extremely large numbers (e.g., 12 or 15 digit numbers). Therefore, if 
effects similar to those observed here were seen for extremely large numbers, this would provide 
evidence that people indeed mentally round highly precise statistics, even though they prefer to 
base decisions on them relative to less precise statistics. Such a result might suggest that even 
when extra precision is not utilized, it is still seen as an indication of the trustworthiness of 
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statistical information. Alternatively, future experiments might involve the presentation of 
numerical information in more informal settings—or in conjunction with decisions that seem 
relatively unimportant—in order to see whether this might decrease the level of effort 
participants are willing to exert. Though the decision-making scenario presented to participants 
in the experiment described here was hypothetical, it did involve a large sum of money and an 
issue (education) about which many participants may have had strong feelings—feelings that 
perhaps drove them to carefully consider the information they were presented. Also, since 
participants were students at a top-tier institution, a strong desire to correctly perform the tasks 
with which they are presented might be relatively typical, which could also have produced high 
levels of motivation. 
 Prediction 2—the prediction that participants would weight differences between 
numerical values to a greater degree when the statistics presented exhibited similar levels of 
precision—was well supported by the data. The amount of funds participants allocated to the 
program associated with the larger-valued statistic was observed to be inversely proportional to 
the difference in the number of significant figures contained in the representations. As suggested 
earlier, there are a couple of possible reasons why people might decrease the weight they assign 
to a comparison of statistics when the numerical values conveyed differ in terms of their 
apparent levels of precision. First, the task of determining how much to decrease the weight 
assigned to information in response to decreased precision may be considerably more difficult 
when two numbers to be compared differ in terms of their levels of precision. In such a situation, 
conflicting signals are present—one number would seem to encourage assigning weight to a 
comparison, while the other would seem to discourage it. The extra cognitive effort required to 
solve the dilemma this poses might not be expended. Alternatively, it could be that information 
recipients somewhat more simply think that something is strange or amiss when two numbers to 
be compared differ in precision in to a considerable degree, and this may make the information 
seem unreliable. One final possibility is that perhaps the number with fewer significant figures 
seems particularly imprecise in comparison to the other number—more so than it might if it were 
presented alongside another relatively imprecise statistic. This could produce diminished 
impressions of overall precision. 
 The fact that allocations to the program associated with the larger-valued statistic were 
greater when this statistic came second is somewhat intriguing. One might more readily expect to 
observe a primacy effect whereby the larger-valued number would be more salient—and 
therefore receive more weight—when it appeared first. The explanation for the result observed 
might be related to increased evaluability (Hsee, 1996), which, as was discussed in Chapter Two, 
tends to increase the weight that numerical information receives during decision-making. That is, 
the larger-valued statistic may have ultimately tended to end up being the focal point for the 
decision regardless of where it appeared, and the value of this statistic may have seemed easier to 
evaluate—and perhaps may have seemed larger—when it was seen second in comparison to the 
smaller statistic presented beforehand. This might be especially true if participants tended not to 
re-read the statistics after they were received, but rather simply went on to the decision phase. Of 
course, this effect could also have arisen due to recency of presentation—the opposite of a 
primacy—since the decision was made immediately after the second statistic was received. 
Future experimental work might investigate the role that order plays in the weight assigned to 
comparisons between pieces of numerical information. 
 Finally, stated reasons for decisions also predicted the weight assigned to information, 
although the relationship observed here was somewhat different from that observed for other 
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information weighting cues investigated in previous chapters. Whereas stated reasons for 
decisions appeared to have both independent and mediating roles in models of information 
weighting involving calibration of expectations and the mode of information acquisition, no 
mediating role was observed in this study. In this experiment, citing the numerical information 
provided as a reason for the decision was positively related to the weight information received, 
but use of such reasons did not increase as a function of the other variables present in the model. 
This indicates that effects of increasing precision of numerical representations—as well as 
effects of differences in the level of precision across two numerical values—may occur in a 
mainly unconscious fashion. That is, people may not even be aware of perceptions related to the 
apparent precision of numerical representations, and therefore, explicit reasoning may not be 
affected. Seen more broadly, this finding represents the best evidence seen yet that cue utilization 
in the assignment of weight to numerical information may occur on both conscious and 
unconscious levels. 
 The findings of the study presented in this chapter have a number of important 
implications as well as applications. First, the fact that the weight assigned to the contrast 
between the larger and smaller valued statistics was observed to increase with the precision of 
representations in a linear fashion throughout the range of significant figures tested—to six full 
digits within a given number—indicates that in many situations, the practice of rounding 
numbers to make them easier to process may not only be unnecessary, but may also undermine 
information’s intended effects. This may at least be true for information that is immediately 
present in the form of an external representation, and could potentially even be true for 
information recalled later, if information recipients mentally round the numbers they receive 
before or in the process of committing them to memory. Recent work by Clark and Ranney 
(2010) may represent evidence of this latter possibility. Although memory may yet be better 
when numerical information is presented in terms of round values, there could be situations in 
which participants mentally round numbers and remember them regardless of their precision. 
Future research should investigate memory for precise versus imprecise numerical 
representations.  
 The second major result presented in this chapter—the finding that comparisons between 
numbers appear to be weighted more heavily when both numbers exhibit a similar level of 
precision—suggests that in certain circumstances rounding highly precise measurements remains 
a good idea. Specifically, statistics should likely be rounded off—even when more precision is 
available—whenever their main purpose is to stand in comparison to a numerical value that may 
happen to be less precise. According to the regression model constructed for this study, the 
negative effect of a difference of one significant figure is about twice as large as the positive 
effect of adding one additional significant figure to the combined total; this demonstrates that 
while more precision overall leads to greater utilization, added precision does not increase 
utilization of numerical comparisons unless it is distributed equally across the pair of numbers 
involved. Knowledge of this finding would of course be extremely valuable to anyone who 
presents numbers for the purpose of comparison—a purpose that may be central in many, if not 
most situations in which numerical information is offered. 
 There is no shortage of ways in which knowledge of the findings presented in this chapter 
might be applied. Just one that may be particularly illustrative will be given here. Imagine again 
that a social studies textbook—or a social studies teacher—is presenting numerical information 
to students. Imagine that students are provided with Gross Domestic Product (GDP) or 
population information, as were presented in Ranney et al.’s (2008) “Top 40” list of numbers. If 
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such information is being presented for a single country in isolation, students may utilize 
information to a greater extent when representations are as precise as possible. Evidence from 
the study presented in this chapter indicates that—even though conscious reasoning may not be 
affected—greater precision may lead to greater utilization. On the other hand, if GDP or 
population data is presented for comparison across countries, it may be wise to round off precise 
values. For example, differences may exist between the available levels of precision for statistics 
on different countries; perhaps one country doesn’t conduct censuses and/or has a less developed 
system of reporting economic data. The results seen in the present study indicate that students 
will be more likely to utilize information—at least when it resides in an external representation—
when the more precise values are rounded off so as to match the less precise values. This result 
seems counterintuitive, yet may make a considerable difference in the way that information is 
used, even if students are not aware of it. Many other situations such as the one described here 
can be imagined, and to conclude, it is hoped that the work presented in this chapter will 
ultimately inform the practice of presenting numerical information in as many of them as 
possible. 
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Chapter 6: Presentation of Uncertainty Information 
 

Research in the psychology of judgment and decision-making has shown that people 
generally tend to prefer options that are more certain to those that are less certain, all other things 
being equal. This tendency is known as risk or loss aversion; evidence and/or psychological 
accounts of such phenomena have been offered by a variety of researchers (Ellsberg, 1961; Fox 
& Tversky, 1995; Gneezy, List, & Wu, 2006; Kahneman & Tversky, 1979; Simonsohn, 2009; 
Tversky & Kahneman, 1981). If one is risk averse, a lack of certainty regarding the value of a 
piece of numerical information will almost certainly tend to serve as a cue for decreasing the 
weight assigned to that information. That said, people must deal with uncertain numerical values 
quite often, since in many cases the value conveyed by a piece of numerical information simply 
cannot be known with a high degree of certainty. This is especially common when one has 
incomplete knowledge on some matter, when numerical information refers to a measurement for 
which precision is limited, or when exhaustive accounting of all individuals in some population 
would be more costly than it is worth.  

Consider the work of the U.S. Census Bureau. Although an effort is made to count each 
individual with respect to some forms of information, the vast majority of data is collected 
through sampling; ultimately, samples are used to estimate the frequency of characteristics 
within the whole population, and the uncertainty of estimates made in this manner is typically 
conveyed to the public using confidence intervals. In the case of the U.S. census, confidence 
intervals are typically given at a 90% level of confidence—for example, the U.S. Census Bureau 
(2010) reports with 90% confidence that the number of American residents (citizens, resident 
aliens, and undocumented immigrants) who are foreign born is 37,679,592 +/- 78,975. The size 
of the interval associated with the confidence level in cases such as this is based on empirical 
study of variability across multiple samples along with distributional assumptions. 
 In contrast, though, sometimes confidence intervals are given in a more subjective 
manner. For example, a salesperson might estimate that there is a 90% probability of selling 500 
+/- 100 units of some product, and his or her boss may make a purchase on the basis of this 
judgment (perhaps adjusting for known biases of the salesperson). In cases such as these, the 
confidence interval is really just a guess based on personal knowledge or experience; in contrast 
to estimates that rely on sources like census data, the degree of uncertainty involved is not based 
on any kind of statistical inference. Also, in cases such as the one involving the salesman above, 
a lack of clarity regarding the probability distribution for the phenomenon described might make 
combining probability and range information especially difficult (although the fact that 
confidence intervals almost always refer to normal distributions might imply that this is what 
should be inferred). Given these issues, one of the first questions that might be raised is, how 
might the source of uncertainty information—subjective judgment versus empirical evidence—
influence the way in which uncertainty information is used? Is it possible that differences of this 
kind might affect how weight is assigned to the different attributes of a confidence interval—that 
is, to the probability and range components, respectively? Could the fact that the empirical basis 
for the uncertainty judgment is vague compel people to try and simplify matters by emphasizing 
one attribute rather than the other? 
 Another way in which confidence intervals can vary is in the particular combination of 
probability and interval width they employ. It is possible to construct an infinite number of 
different confidence intervals to communicate the degree of uncertainty associated with any 
given piece of numerical information; for whatever level of confidence is desired, there is an 
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associated interval into which one would expect the actual value to fall. Although 90% and 95% 
are common standards because they ensure a high degree of certainty of falling into a given 
range, it could be that if the intent is to communicate the degree of uncertainty—rather than to 
ensure that some minimum standard for inference is met—other combinations of width and 
probability could potentially lead to greater or more normative use of uncertainty information. It 
might make little sense to employ intervals smaller than 50% (since the probability would be 
greater that the actual value would fall outside the interval), but any value larger than 50% and 
smaller than 100% could be used to equivalently convey information about uncertainty, as long 
as a probability distribution can be assumed. Thus, it might be useful to explore how confidence 
intervals with different combinations of probability and width are utilized. Though people may 
tend to naturally infer the proper probability distribution in well-understood situations, as has 
been argued by Griffiths and Tenenbaum (2006), it could be that they are typically not able to 
effectively combine probability and range information when confronted with a confidence 
interval; thus, they may infer different degrees of uncertainty from equivalent confidence 
intervals. The question this raises is, might there be some kind of pattern to such differences? 
Might people tend to rely differentially on probability or range information in a relatively 
heuristic fashion, in which case things like the style of confidence interval might drastically 
affect weight assigned to numerical estimates? 
 To investigate these questions, a largely exploratory experiment was conducted in which 
both the basis for a confidence interval—subjective judgment versus empirical data—and the 
particular combination of probability and interval width were varied. Participants were presented 
with estimates and confidence intervals regarding the prospects for gain associated with a pair of 
options—between which they would divide an investment of a fixed sum. One estimate was 
associated with a narrow, low probability confidence interval, while the other estimate was equal 
in magnitude but was associated with a confidence interval that was wider and higher in 
probability. Participants judged which prospect was riskier and divided their investment between 
the two prospects. The goal was to explore whether the factors varied—the basis of the 
probability information and the width/probability combination—would affect the weight that 
participants assigned to the probability and width attributes, respectively. 
 Almost no prior research has investigated the consequences of presenting uncertainty 
information in differing styles of confidence intervals. The only study that seems to have even 
directly addressed the question of how laypersons interpret uncertainty in the form of confidence 
intervals is a review piece by Politi, Han, and Col (2007) in the field of medical decision-
making. This study admirably describes potential connections between numeracy and the 
understanding of uncertainty information in general and considers a variety of different methods 
for communicating uncertainty, including confidence intervals, but does not delve into the 
question of what sorts of cognitive factors in particular might affect the way that confidence 
interval information tends to be interpreted or used by information recipients. Because of the 
dearth of prior research on the topic, it is difficult to formulate specific predictions regarding the 
possible directions of effects that might arise due to differences in factors such as the style of 
confidence interval (narrow vs. wide) or basis of the information (subjective vs. empirical). 
Hence the need for an exploratory study of the sort undertaken in this paper. It will have to 
suffice to hypothesize that these are factors that may very well affect the way that probability or 
range information is weighted, and if such factors are shown to have a significant impact, this 
will indicate potential consequences of difficulty synthesizing probability and range information 
for the use of that information in decision-making.   
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Method 
 

111 female and 71 male undergraduates (N = 182) participated in the study in exchange 
for course credit (Mage = 19.8). During a 50-minute experimental session, each participant 
completed a series of tasks in conjunction with the experiment discussed here as well as tasks 
related to experiments discussed in other chapters. At the beginning of the session, participants 
read a brief set of basic instructions and were walked through one sample decision prompt to 
acquaint them with the procedure. Afterward, all stimuli were presented and all responses 
collected on sheets of paper that were handed to participants one at a time by the experimenter, 
who sat nearby but did not observe participants’ work. The order in which tasks were completed 
was counterbalanced to control for any possible order effects. After the set of experimental tasks 
was conducted, participants completed: a) the 20-item Preference for Numerical Information 
(PNI) survey, b) a survey of various demographic and background information, c) a survey of 
prior knowledge related to task domains, and finally d) a ten-item math test with a ten minute 
time limit.  
 
Experimental Design 
  Because the relationship between uncertainty and the weight assigned to information is 
relatively straightforward—assuming that risk aversion is the norm—the main questions to be 
addressed in the experiment had to do not with how uncertainty itself affects the weight assigned 
to information, but rather with what factors affect perceptions of uncertainty and interpretations 
of confidence intervals. In the experiment conducted here, there were two dependent variables of 
interest. The first was the proportion of resources put into one investment versus the other; this is 
somewhat similar to previous investigations in this dissertation involving a division of funds, as 
well as experiments by Lurie and Ranney (2003a, 2003b, 2004) and Rinne et al. (2006). The 
other dependent variable of interest was a bit different, however; this second measure was the 
outcome of participant judgments regarding which of two pieces of information is riskier, where 
the perceived level of risk was manipulated by varying the degree of uncertainty associated with 
each piece of information.  

To see what kinds of factors might affect these dependent variables, participants were 
presented with pairs of confidence intervals—one narrow (low probability) and one wide (high 
probability)—that were matched (implying nearly identical probability distributions) so as to 
convey approximately the same degree of uncertainty. These pairs were varied along two 
dimensions: a) item (subjective confidence interval vs. empirical confidence interval) and b) 
overall probability level—high (75% vs. 95%) and low (60% vs. 90%)—with pairs matched 
within item for the degree of uncertainty implied. The experiment had a nested design in which 
each participant completed one item in the high overall-probability condition and the other in the 
low overall-probability condition, with combinations of item and condition randomly varied for 
each participant. Overall, the intent was to construct: a) a logistic regression model of 
participants’ judgments of which of the two investments in a given item was riskier, and b) a 
linear regression model of the proportion of resources allocated to a given investment. Each of 
these dependent variables was modeled as a function of the factors described above along with a 
number of different background variables. 
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Task Procedure and Materials 
 See Appendix D for sample experimental items. Both items consisted of a single page. 
The first item (subjective confidence interval) involved a scenario in which participants were 
being given hypothetical advice from a financial advisor regarding which of two stocks (A or B) 
to invest $20,000 in. Participants were told that both stocks had an expected value of $30,000 in 
ten years time. However, this value was not certain; in the low overall-probability condition, 
participants were told that one stock had a 60% chance of being valued within $2,500 of the 
expectation, while the other had a 90% chance of being valued within $5,000 of the expectation. 
In the high overall-probability condition, one stock had a 75% chance of being valued within 
$3,500 of the expectation, while the other had a 95% chance of being valued within $6,000 of the 
expectation. All four of these confidence intervals convey approximately the same degree of 
uncertainty (for each probability/deviation combination, the projected deviation fell within $100 
of what would be expected if any of the other three combinations was assumed to be accurate). 
 The second item (empirical confidence interval) involved manipulations that were 
isomorphic to the first, but different numbers were involved (aside from the probabilities), and 
the item utilized a different cover story to describe a situation in which confidence intervals were 
based on empirical observations rather than subjective judgments. For this item, participants 
were told that they owned a fruit stand and needed to decide from which orchard (A or B) to buy 
1,000 apples for sale to customers, whom they were told tended to prefer larger apples to smaller 
ones. Both orchards had expected apple diameters of 70 mm. In the low-overall-probability 
condition, participants were told that agricultural studies had shown that apples from one orchard 
had a 60% chance of falling within 10mm of the expected diameter, while apples from the other 
orchard had a 90% chance of falling within 20 mm of the expected diameter. In the high-overall-
probability condition, apples from one orchard had a 75% probability of falling within 15mm of 
the expected diameter, while apples from the other orchard had a 95% probability of falling 
within 25mm of the expected diameter. As with the previous item, all four of these confidence 
intervals convey approximately the same degree of uncertainty. 
  The probability and range values utilized were designed so as to minimize the cognitive 
demands of processing individual pieces of numerical information and make all conditions as 
closely matched as possible. All values were relatively round, “nice” numbers containing equal 
numbers of digits across items and only slightly different counts of significant figures (greater in 
the high-overall-probability condition, but matched within item). The interval widths were 
presented both in terms of deviation from the expected value  (i.e., “within $5000”) and in terms 
of the interval endpoints (i.e., “between  $25,000 and $35,000”). Though “Stock A” and 
“Orchard A” always appeared first and “Stock B” and “Orchard B” second, both the order in 
which the interval types (narrow/low probability and wide/high probability) and the order in 
which probability and range information were presented within a given item were randomized. 
 After participants were presented with the numerical information about the pair of 
quantities/confidence intervals, they were asked first to indicate by circling one of two options 
whether they thought Stock (Orchard) A presented more risk than Stock (Orchard) B. After 
making this judgment, participants were asked to briefly write why they thought this option was 
riskier; these responses were collected so as to verify whether participants made their judgment 
about which option was more uncertain based on the probability information, the range 
information, or both. Next, participants were asked how they would divide $20,000 (a purchase 
of 1,000 apples) between the two options, and below that were asked to briefly write why they 
made the decision they did. Both the order in which the options were listed for the uncertainty 
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judgment and the order in which funds (apples) were split matched the order (counterbalanced) 
in which the two different confidence intervals were presented at the top of the page.  

 
Results 

 
 As in the previous experiment, non-native English speakers were retained in the sample 
to maximize statistical power because no differences were apparent in their performance relative 
to native English speakers. Fourteen participants were excluded due to incompleteness responses 
and/or inattention to the task. The remaining sample contained 102 females and 66 males (N = 
168). As in previous experiments, robust standard errors (Williams, 2000) were used to account 
for potential clustering of responses where applicable. 
 
Logistic Regression Model of Judgments of Statistical Uncertainty 
 In contrast to previous experiments, one of the variables of central theoretical interest 
here was binary rather than continuous. The model presented below accordingly predicts the 
odds of judging the statistic with the narrow (lower probability) confidence interval to be riskier 
(more uncertain). The first two predictors were related to experimental manipulations: a) a 
dummy variable for item—subjective confidence interval versus empirical confidence interval 
(reference group), and b) a dummy variable for the overall-probability level—high versus low 
(reference group). The remainder of the predictors were related to background variables: a) the 
number of correct responses on the 10 item math test, b) scores on the Preference for Numerical 
Information (PNI) survey, c) dummy variables encoding the type of reason stated for why a 
given option was designated as riskier—lower probability, wider range, or indifference 
(reference group), and d) gender. 
 All variables were entered into the model (as before, with the exception of math scores, 
PNI scores, and gender), and non-significant predictors (p > .10) were eliminated in a backward-
stepping fashion (Miller, 2002). After all non-significant predictors were eliminated, math 
scores, PNI scores, and gender were entered into the model one at a time. None of these was a 
significant predictor of the judgment of which piece of information was more uncertain. 
Multicollinearity between the level of overall-probability and reasons given for the uncertainty 
judgment was also suspected, so these variables were withdrawn and re-entered separately. 
When entered separately, both were highly significant predictors; because the level of overall-
probability was causally prior, this indicates that reasons for the uncertainty judgment mediated 
the relationship between the level of overall probability and the odds of finding the piece of 
information with the narrow (low probability) confidence interval to be more uncertain. Such a 
result might be readily expected in this experiment since the choice was binary, rather than 
continuous. That is, participants designated one of two options as riskier, and then stated a reason 
for that judgment; if a factor such as the level of overall-probability influences this judgment, it 
is nearly certain that the stated reason will simply mirror this influence, since the range of other 
factors that might be cited is much more limited than was the case for the kinds of subjective 
choices involving continuous outcomes made in previous experiments. Indeed, the tetrachoric 
correlation between judging the information with the narrower interval to be riskier and stating 
this as the reason for the judgment was .839, p < .0001. Basically, the only thing that kept this 
correlation from being perfect was the fact that participants were sometimes indifferent between 
the two options regarding judgments of their riskiness. Because reasons for judgments of 
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riskiness provide essentially no information once the outcome of the judgment is known, these 
reasons will not be discussed further. 
 After the predictor selection process described above was complete, only the overall level 
of probability was a significant predictor of whether a participant judged the information with the 
narrow (low probability) interval to be more uncertain. Results will be presented in terms of odds 
ratios (OR). For any pair of probabilities (p1, p2) associated with a binary pair of alternative 
outcomes, the odds ratio is given by [p1 * (1 - p1)] / [p2 * (1 – p2)]. Larger odds ratios indicate 
greater odds for the target outcome relative to the alternative. When the level of overall-
probability for the confidence intervals associated with the two pieces of information was lower 
(60% vs. 90%), the likelihood of judging the option associated with the narrow interval as riskier 
was significantly greater than when the overall level of probability was higher (75% vs. 95%), 
(OR = 1.83), z = 3.14, p = .002. To recall, all four of the different confidence intervals presented 
conveyed approximately the same amount of uncertainty. Thus, it can be seen that participants 
did not combine the probability and range information normatively; it appears that at the lower 
level of overall-probability, participants tended to base judgments regarding which option was 
riskier on the probability portion of the confidence interval. At the higher level of overall-
probability, they tended to base their judgments of which option was riskier on the width of the 
interval. Figure 6-1 below shows the percentage of responses in which the option judged to be 
riskier was associated with the narrow (low probability) confidence interval. 
 

 
Figure 6-1. Judgments of riskiness vs. style of interval, by overall-probability. 
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Linear Model of the Weight Assigned to Confidence Interval Attributes 
 Under conditions of risk aversion, the results shown above would imply that options 
associated with wider (higher probability) confidence intervals will be preferred when levels of 
overall probability are relatively low (60% vs. 90%), while options associated with narrower 
(lower probability) confidence intervals will be preferred when levels of overall probability are 
relatively high (75% vs. 95%). The model presented below will serve to verify that participants 
were indeed risk averse and that the level of overall probability does indeed affect the weight 
assigned to confidence interval attributes as just described. The dependent variable was the 
proportion of resources (dollars or apples purchased) invested in the option associated with the 
wider (high probability) confidence interval in a given pair. An arcsine transformation was 
applied to this proportion, as is standard. 
 

Table 6-1. Linear model of information weight (dependent variable: arcsine-transformed 
proportion of resources invested in option associated with wider confidence interval). 

Predictor B t(160) p-value 

Constant Term (.467)  10.73 <.001 

Narrow Interval Judged Riskier .497 14.01 < .001 

Item = Subjective Confidence .067 2.22 .027 

Overall Probability = Low .093 3.18 .002 

Reason = Risk Averse .034 0.87 .386 

Reason = Risk Loving .354 5.01 <.001 

Reason = Indecipherable/Other .062 0.58 .565 

Risk Loving*Narrow Interval Judged Riskier -.743 -9.90 <.001 

 
The first set of predictors in the model included those related to experimental 

manipulations and points of main theoretical interest. These were: a) the option judged to be 
riskier—narrow interval versus wide interval (reference group); b) the stated reason for the 
division of funds between the two options—risk-averse, risk-loving, diversification/similarity of 
risk (reference group), and other; c) a term for the interaction between desiring risk and judging 
the option with the narrow interval to be riskier; d) item—subjective probability versus empirical 
probability; and e) overall probability level—low (60% vs. 90%) versus high (75% vs. 95%). 
Stated reasons were coded as: “risk averse” if participants stated any negative comment 
regarding risk or uncertainty, “risk loving” if participants stated any positive comment related to 
risk or uncertainty, and “diversification/similarity of risk” if participants stated that they 
preferred to divide funds between investments or stated that they believed the risk/uncertainty to 
be similar across the two investments. All other responses fell into the “other category.” The set 
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of background variables in the model included predictors related to potential order effects, math 
skills, PNI, and gender. A backward-stepping predictor selection process similar to that 
described elsewhere was used to construct the model. Because the reasons for decisions are not 
interpretable as ordered thresholds, all associated dummy variables were retained to ensure 
accurate estimates of coefficients. The model that resulted from this process is given below. 
 In general, participants were indeed risk averse; out of 336 cases, participants’ reasons 
for decisions indicated risk aversion 72% of the time and desire for risk only 6% of the time. 
16% of responses cited the goal of diversification or stated that the risks of the two options were 
similar (5% gave indecipherable/other kinds of responses). The model above indeed shows that 
participants who believed that the option associated with the narrow (low probability) confidence 
interval was riskier tended to make a significantly larger investment in the option with the wide 
(high probability) confidence interval. Citing risk aversion as the reason for the investment 
decision was likely non-significant only due to high collinearity with judging the option with the 
narrow confidence interval to be riskier. Although few people gave reasons for decisions 
indicating a desire for risk, those who did invested resources accordingly, as is indicated by the 
significant effect of citing this desire as a reason and the significant interaction between citing 
such a reason and judging the option with the narrow interval to be riskier. 
 Although item (subjective confidence interval vs. empirical confidence interval) was not 
a significant predictor in the logistic regression model of uncertainty judgments presented earlier, 
it was a significant predictor in the linear model discussed here. The subjective confidence 
interval item was associated with assigning greater weight to the confidence attribute. It is likely 
that the continuous measure here is more sensitive than the binary judgment outcome measure; 
thus, the effect observed may reflect greater reliance on probability information—rather than 
range information—for subjective confidence intervals. However, because the cover stories were 
different across the levels of this variable, it could also be that this effect has more to do with the 
details of the context. Finally, the level of overall probability was also a significant predictor of 
assigning weight to the probability attribute; when the overall probability was low, more 
resources were invested in the option associated with the wider (high probability) confidence 
interval. The fact that this predictor was significant even with the outcome of the risk judgment 
included in the model (to recall, the former is a strong predictor of the latter) suggests that low 
overall probability may independently increase the weight assigned to the probability attribute, in 
addition to producing this effect via judgments of uncertainty. 

 
Discussion 

 
 A number of interesting results were obtained from the analyses described above. First, 
there was considerable evidence that when confidence intervals exhibit levels of probability that 
are relatively low, this becomes the attribute of more importance for purposes of decision-
making. On the other hand, when probabilities are relatively high, the more important attribute 
appears to be the width of interval. This result indicates that participants do not necessarily 
interpret confidence intervals in a normative fashion when it comes to combining probability and 
range information. One possible explanation is that participants are simply uncomfortable with 
lower probability confidence intervals because they are more used to high probability ones, and 
this might decrease the weight that associated information receives.  

However, another possible explanation involves evaluability (Hsee, 1996), which was 
discussed in Chapter Two. That is, it may very well be that participants saw the probabilities for 
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the two different “narrow” intervals (60% and 75%) in relation to the endpoints of 50% and 
100%. If this is the case, then while 75% may seem “average” in terms of confidence, 60% may 
seem “low” to participants, and this may cause them to be relatively more averse to investment 
in the associated option. Meanwhile, 90% and 95% may both end up being seen as similarly 
“high” by participants; the long tails of the normal probability distribution make the relationship 
between changes in probability and changes in range very disproportionate at the high end. At 
the same time, the range information may receive relatively less weight overall because upper 
and lower bounds are not apparent; to recall, Hsee et al. (1999) argued that the presence of such 
reference points makes information easier to evaluate, potentially increasing the weight that 
information receives. Thus, the effect could occur because low probabilities near 50% tend to be 
perceived in a skewed fashion and tend to artificially inflate the perceived degree of uncertainty; 
future research might attempt to investigate this possibility by providing confidence intervals that 
involve probabilities drawn from different parts of the 0 to 1 range, or possibly by rescaling 
probability information to make it less evaluable. 
 The second interesting finding was that participants appeared to weight the probability 
attribute of the confidence intervals to a greater extent for the item in which the confidence 
interval appeared to be based on a subjective judgment rather than empirical observation. One 
possibility is that when intervals are based on subjective judgments such as might be indicated 
by a financial advisor, the result could stem from the fact that the shape of the probability 
distribution may not be apparent (at least not as apparent as that for apple size, which would very 
likely be inferred to be normal). If the shape of the distribution is not apparent, this may make it 
more difficult to combine probability and range information, and as a result, participants might 
tend to rely on the statement of probability alone as a vague expression of the certainty of the 
information provider. That is, it could be that subjective confidence intervals tend to be taken 
more as a form of social communication than their normative interpretation would imply. 
However, because two different cover stories were used in this experiment, it cannot be ruled out 
that the observed effect was some more superficial kind of context effect. Future studies might 
attempt to devise cover stories within which the basis for intervals (subjective vs. empirical) can 
be more easily varied. 
 The research presented in this chapter may have implications in a number of areas in 
which it is often necessary to communicate information that is relatively uncertain. Perhaps 
foremost among these is the field of medical decision-making. First, if empirically oriented 
confidence intervals lead to less reliance on probabilities alone and greater integration of both 
probability and range information, then it might be wise to ensure that uncertainty information is 
presented in this manner as often as possible. Also, one clue for finding the point at which 
maximal integration of probability and range information occurs within a population might be 
found by locating the point at which these attributes seem to be of roughly equal importance. 
Several researchers have argued that calibration for numerical judgments is best when 
probabilities of correctness are near 75% (Juslin et al., 1997; Suantak et al., 1996); the fact that 
the low overall probability condition (60% and 90%) produced differential reliance on 
probability information, while the higher overall probability pair (75% and 95%) produced 
differential reliance on range information may provide corroborating evidence that people are 
also particularly attuned to probabilities near 75% when it comes to evenly weighting confidence 
interval attributes. This is consistent with NDI findings by Ranney et al. (2001), Munnich et al. 
(2003) and Lurie and Ranney (2003a, 2003b, 2004) that participants tend to offer non-surprise 
intervals (which allow participants to choose combinations of width and confidence level) that 
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are relatively close to 75%. Future research should investigate the idea that 75% confidence 
intervals are preferred by virtue of indicating a relatively easy to interpret level of uncertainty . If 
75% is a point at which confidence intervals are most normatively interpreted, it might be 
recommended that statistics presented simply for the purpose of conveying the degree of 
uncertainty—such as those that might be presented for the purposes of medical decision 
making—involve 75% rather than 90% or 95% confidence intervals. 
 Of course, another group of individuals who might find use for the findings presented in 
this study are those who are more interested in persuading—lawyers, advocates, and advertisers, 
for example. If it is known that the probability attribute carries more weight at low overall levels 
of probability, this knowledge could be used to make information seem more uncertain by 
presenting numbers in conjunction with confidence intervals involving intentionally low levels 
of confidence. Nonetheless, the value of the present research for informing the practice of 
presenting numerical information that may be uncertain is apparent; it is hoped that practitioners 
in a variety of fields will in the future use the research presented here to ensure that information 
about uncertainty is conveyed in the most accurate and effective way possible. 
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Chapter 7: Conclusion 
 

 The most important contribution of this dissertation is the conceptualization of the 
problem of incorporating numerical information into decisions in terms of a set of independent 
cognitive and representational cues for assigning weight to information. This novel approach has 
yielded not only an accounting of a set of dimensions that may commonly impact the weight 
assigned to numerical information, but also—by demonstrating empirically the effects of a 
variety of interventions—suggestions regarding specific, practical strategies that might be used 
to increase the weight that people assign to numerical information. Although the analogy to the 
study of depth perception is useful, as research in this field also aims to investigate independent 
cues that people use to solve a complicated problem—that of constructing a 3-D scene from a 2-
D retinal image—the analogy eventually breaks down over the possibility of intervention. 
Whereas it is extremely difficult to intervene in visual processing for the purposes of enhancing 
depth perception, the research presented in this dissertation has shown that intervention in the 
process by which people assign weight to information is not only possible, but in many cases it 
may not be all that strenuous a feat. In this concluding chapter, the research undertaken in 
previous chapters will be revisited and summarized, and potential implications for practice will 
be considered. Finally, limitations of the research conducted here and possible directions for 
future study will be considered, and an attempt will be made to take a broader view of what has 
been accomplished and what might be accomplished in the future regarding the study of how 
numerical information is incorporated into decisions.    

To recall, the first chapter after the introduction was a review of existing research on how 
ease of processing serves as a cue for weighting numerical information. Since ease of processing 
is a relatively broad concept, the chapter was subdivided into sections corresponding to three 
different kinds of factors that may influence processing ease: evaluability, numerical information 
format, and perceptual accessibility. Evaluablity was seen to vary with the presence or absence 
of mid-, end- or zero-points on the continuum along which target information lies (Hsee et al., 
1989), as well as with the availability of other reference points that refer to comparable pieces of 
information. Further, some kinds of information—such as the low probabilities considered by 
Kunreuther et al. (1989)—may not be very evaluable unless two nearby reference points are 
provided for comparison to target information, and these points may even then fail to be useful 
unless they evoke affective responses that can compared and used to contextualize the new 
number received. Finally, work by Peters et al. (2009) was seen to suggest that adding evaluative 
labels directly to pieces of numerical information may also increase utilization; however it was 
noted that this might only be appropriate when the mapping of these labels is obvious and 
uncontroversial, at least from an expert’s perspective. 
 The mathematical format of numerical information was also seen to affect the weight 
assigned to numbers in a wide variety of ways. First, different ways in which absolute number 
formats might affect information were considered; although little empirical research has 
investigated this topic, it was recognized that presenters of information should rely on their 
intuitions and take care to try and minimize processing difficulty when deciding whether to use 
things like scientific notation or decimal versus fraction representations for non-whole numbers. 
For expressions of relative quantity, the issues are somewhat deeper and more difficult, as is 
evidenced by the great deal of prior research in certain areas. Of central importance is the 
question of whether to use frequency or probability formats to convey chance information; 
although the claim that frequency formats may oftentimes be easier to process than single case 
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probabilities and may therefore receive greater weight in the decision-making process as a result 
(e.g., Brase, 2002) seems uncontroversial, the explanation for why this might be clearly is not. 
Ultimately, however, while the lack of a clear explanation for such effects may make it unwise to 
argue for the blanket use of frequency formats in all circumstances, it is relatively easy to see 
that presenting chance information in frequency formats may oftentimes be a good strategy for 
assuring that information is utilized during decision-making. A second issue that was considered 
had to do with what denominator should be used for presenting relative quantities, as this choice 
has been shown in studies of ratio bias (e.g., Denes-Raj & Epstein, 1994) to affect the outcomes 
of decisions. The ultimate recommendation here was that smaller denominators in general will 
make information easier to process, although care should be taken when such information refers 
to population proportions to ensure that the information recipient is aware of the size of the 
sample from which that proportion is derived, lest the recipient take the small denominator to 
indicate a small sample. 
 Third, the issue of the perceptual accessibility of information was addressed. Most prior 
research regarding perceptual accessibility has had to do with the salience of numerical 
information. A number of researchers have argued that numerical information in general exhibits 
a relatively low degree of salience, at least in comparison to graphical information (e.g., 
Jarvenpaa, 1990). However, it was suggested that altering factors such as size, color, or location 
could potentially increase the salience of numerical information, making it easier to process 
during decision-making, thereby affecting the weight that information receives. Whether altering 
information in this way is appropriate, though, depends on the goals and values of the 
information presenter. In addition to salience, the quality of “perceptual fluency” is also known 
to affect the assignment of weight to numbers. Specifically, research by Shah and Oppenheimer 
(2007) has shown that visual stimuli (including numbers) that are processed more easily, or 
“fluently” tend to receive greater weight in decision-making. Doing things such as presenting 
information out of focus or in a hard to read font are known to decrease the weight that 
information receives, possibly because people may take perceptual fluency to indicate the truth 
or accuracy of information (Reber & Schwarz, 1999). Thus, if the goal is to maximize the weight 
assigned to a numerical representation, care should be taken to present it in the most perceptually 
fluent manner possible. 
 Chapter Three involved an empirical investigation into people’s use of calibration of 
expectations as a cue for assigning weight to information. Calibration refers to the 
correspondence between confidence in expectations and accuracy of expectations; when 
confidence in expectations is greater than is justified, one is said to be overconfident. The 
experiment conducted for this chapter was aimed foremost at addressing the hypothesis that 
information that deviates from expectations by more than anticipated may be taken as evidence 
of overconfidence, which may in turn indicate some deficiency in judgmental faculties. This 
could lead to a decrease in reliance on intuition or other internal signals in favor of reliance on 
external sources of information such as the information provided. Other hypotheses involved 
potential impacts on information weight due to other calibration-related phenomena: hindsight 
bias and the hard-easy effect. In addition, a host of other factors were included in the linear 
model of information weight that was constructed to assess these hypotheses. 
 The results of the experiment confirmed a number of hypotheses, but also yielded one 
particularly unexpected and interesting result. It was discovered that as confidence levels 
decrease below the average, information tends to receive more weight to the extent that it 
conforms to expectations, not to the extent that it deviates from them. In other words, the 
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hypothesized effect of overconfidence on the weight assigned to information was observed only 
when confidence was relatively high; the exact opposite effect occurred for relatively low levels 
of confidence. The fundamental implication of this result is that if one wishes to maximize the 
weight assigned to a given piece of information to be presented, one needs to know the level of 
confidence in the recipient’s expectations; if confidence is low, the goal should be to present 
information that conforms to expectations, not information that deviates from them. This could 
have important implications in classrooms, where the problem of low confidence among 
underachieving students is known all too well to teachers, particularly those in struggling urban 
schools. As Elliot and Dweck (1988) show, the combination of low perceived ability and an 
orientation toward “performance” goals (as opposed to “learning” goals) can be highly 
detrimental to motivation and achievement. The finding that presenting information that 
conforms to expectations may be the best strategy for increasing information utilization when 
confidence is low might be particularly useful to teachers who deal with students with these 
characteristics. 
 A number of further findings were reported in the chapter. First, as hypothesized, no 
effect of confidence on information weight was observed when the analysis of correct judgments 
was collapsed across easy and hard items to approximate what would result for an item of 
“average difficulty” Second, the slope of information weight against confidence decreased with 
the difficulty of accurately predicting the information received. As the level of difficulty 
increases, rising confidence may tend to cause information recipients to give themselves too 
much credit when expectations are correct; meanwhile, incorrect responses may be chalked up to 
the seeming unpredictability of the numerical value once it has been received, and in both cases 
this appears to produce a decrease in the weight assigned to information. Third, some progress 
was made in adjudicating between potential explanations for previously observed increases in the 
weight assigned to information when expectations are elicited in foresight, before information is 
received (Rinne et al., 2006). Experimental results indicated that such results are more likely due 
to some sort of effort effect than to a decrease in hindsight bias; while eliciting expectations may 
eliminate hindsight bias and potentially make information seem more surprising than it otherwise 
might when numbers are hard to predict—possibly producing an increase in the weight assigned 
to information—the fact that a foresight elicitation effect was also observed for an easy-to-
predict piece of information that was not associated with hindsight bias suggests that some kind 
of effort effect is likely the more important factor. Thus, eliciting expectations before presenting 
information—as is done in many NDI procedures—may constitute a relatively robust strategy for 
increasing the weight assigned to information, regardless of its predictability. Finally, the reasons 
participants gave for their decisions appeared to intervene in the relationship between calibration 
effects and the weight assigned to information, suggesting that such effects may occur at least in 
part via changes in conscious reasoning, although effects of which participants may not have 
been aware seem likely as well. This accords with previous findings by Rinne et al. (2006) 
indicating that citing numerical information as a reason for one’s decision tends to increase the 
impact of that information on the decision reached.  

An important effect of a background variable was also observed; there was a positive 
relationship between scores on the mathematics test and the allocation of funds during the 
subsequent decision-making task. However, this likely occurred (in the present experiment at 
least) not due to an increase in the weight assigned to information, but rather because math skills 
are positively related to the precision of mental representations of numerosity (e.g., Peters et al., 
2008). This association means that individuals with higher math scores (due to the greater 
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precision of their numerosity representations) will tend to perceive proportional differences as 
larger than will those with lower math scores. Thus, the effect seen here was likely one of greater 
perceived magnitude of numerical values, not greater assigned weight. 
 In Chapter Four, the role played by the mode of information acquisition in the 
information weighting process was investigated. An experiment was conducted in which some 
participants were asked to actively engage in a mental search for and describe a piece of 
numerical information they would want to know in conjunction with a decision scenario. The 
prompt was designed so that a good number of participants were likely to describe the statistic 
that would ultimately be presented to them; the goal was to see whether participants who actively 
searched for the piece of information they eventually received would weight that information 
differently from participants who simply passively received the same piece of information. The 
hypothesis was that actively searching for a piece of information may serve as an important 
metacognitive cue regarding the importance of that information; when information is simply 
passively received, no such cue can be present, and therefore, the weight assigned to information 
may be diminished.  

Results showed that those participants who actively searched for the information they 
eventually received indeed assigned greater weight to it during the subsequent decision-making 
process. Here, as with effects related to calibration of expectations, increased weight appeared to 
be mediated by conscious reasoning. The experimental results suggest that a good strategy for 
increasing the weight assigned to information might be to avoid simply providing numbers and 
to instead withhold information in favor of allowing information recipients to request numbers 
they might want to know. By doing so, the information presenter might be better able to meet the 
information needs of recipients while at the same time avoiding perceptions of bias and 
increasing the influence of information. Such strategies might be particularly appropriate when a 
variety of valuable pieces of information are on hand to be provided upon request, or when it is 
reasonably well known that people will likely request the information one intends to provide (as 
was the case in the experiment conducted here).  
 The precision of numerical representations was the focus of Chapter Five. It was 
hypothesized that there might be an inverted-U shaped relationship between the precision of 
numerical representations—as measured by the number of significant figures they contain—and 
the weight they are assigned. This relationship might arise because people in general tend to 
prefer more precise representations of numerical information, but have limited processing 
capacity. Thus, the weight assigned to information may increase with the number of significant 
figures up to a point, but may then begin to trend in the opposite direction when cognitive 
limitations make processing a large number of significant figures relatively difficult. A second 
hypothesis was that pairs of numbers presented for the purposes of comparison may tend to be 
weighted to a greater extent when they exhibit similar levels of precision—that is, when the 
number of significant figures each representation contains is roughly the same. This might occur 
because increased processing effort would probably be required to figure out how to discount the 
weight assigned to the less precise number relative to the more precise one when these numbers 
are involved in a comparison. Another possibility is that the sheer discrepancy between the 
numbers provided may suggest to the information recipient that something is vaguely amiss, and 
the recipient may shy away from utilizing the information as a result. 
 Experimental results supported the latter of the two predictions described, but not the 
former. That is, while information was weighted more heavily when the two numbers compared 
had similar counts of significant figures, an inverted-U shaped relationship between weight and 
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the total number of significant figures across the two pieces of information was not observed. 
Rather, the relationship between overall precision and the weight assigned to information was 
positive and linear; participants tended to increase the weight assigned to information in 
proportion to the number of significant figures representations contained, with no sign of a drop 
off due to processing limitations. Also interesting was the fact that, in contrast to results 
described elsewhere in this paper and by Rinne et al. (2006), reasons for decisions did not seem 
to intervene in the relationship between the precision of representations and the weight assigned 
to information, suggesting that precision may affect information weighting mostly by way of 
unconscious processes. The findings of the experiment conducted for this chapter suggest a 
couple of things, assuming the goal is to present numerical information in a manner that 
maximizes its utilization: First, efforts to round numbers to make them easier to process may be 
somewhat misguided, at least if external representations are meant to be used in individuals’ 
immediate presence rather than to convey information to be stored in memory for subsequent 
use. Second, even if greater precision is potentially available for one of a pair of numbers to be 
presented for the purpose of comparison, it will in general increase the weight assigned to this 
comparison if the more precise number is rounded off so that the two numbers are matched for 
precision. 
 One final experiment was presented in Chapter Six. This experiment was designed to 
explore the role that different methods of communicating uncertainty information—specifically 
that in the form of confidence intervals—might have on the weight that information receives. 
Although it is well known that people tend to be risk averse, which would entail that any 
uncertainty associated with numerical information would be used as a cue for decreasing the 
weight assigned to that information, different ways of presenting uncertainty information—and 
their potential implications for the degree of uncertainty inferred—have not been studied in 
much detail. In the experiment conducted, participants were presented with pairs of uncertain 
prospects that varied in terms of the overall levels of probability associated with confidence 
intervals, as well as the basis of uncertainty information (subjective judgment vs. empirical data), 
though it should be noted that this latter variation also involved a change in cover stories. 

Participants’ investment behavior appeared to be swayed by both of these factors. First, 
when the overall level of probability was lower, participants appeared to base both their 
judgments of risk and their investment decisions on comparisons between probabilities 
associated with confidence intervals, rather than the widths of these intervals. When the overall 
level of probability was higher, this trend was reversed. This may have occurred due to 
differences in evaluability between probability and range attributes. Second, participants 
appeared to base their decisions on differences in the probability attribute to a greater extent 
when measures of uncertainty reflected the subjective judgments of an individual rather than 
empirical data (though the fact that the cover stories varied as well could also have contributed to 
this result). This could occur because probability distributions for subjective confidence intervals 
are not transparent, and such intervals may be taken more as a means of social communication 
than as empirical claims, possibly leading to a focus on the probability attribute as a vague sign 
of the certainty of the information provider. Ultimately, the experimental results presented in this 
chapter may indicate that the use of probability and range attributes is most well-balanced when 
probabilities are somewhat middling with respect to the endpoints of 50% and 100%; this is 
consistent with the finding that participants in NDI experiments tend to freely produce non-
surprise intervals with confidence levels relatively near the midpoint (Ranney et al., 2001). 
Further, there is at least a modicum of evidence that simultaneous use of probability and range 
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information is more normative when intervals are seen based on empirical data rather than 
subjective judgment. 

Limitations of the studies conducted in this dissertation include the following: All of the 
experiments were conducted wholly within a laboratory setting, purely hypothetical scenarios 
were used (even if the information provided was sometimes realistic and accurate), and 
participants came from a relatively narrow population of reasonably motivated college students. 
It is quite possible that variation in any of these characteristics could affect how weight is 
assigned to numerical information. For example, in real life settings, the stakes of decisions may 
be somewhat higher; the fact that there may be real consequences to decisions could potentially 
motivate people’s use of information to such an extent that certain effects do not generalize. For 
example, people might utilize information to a greater extent when it is passively received if they 
find the decision scenario with which they are presented to important. On the other hand, the fact 
that the population of participants was limited to well-educated college students at a top-tier 
university means that numeracy levels were already likely quite high relative to the general 
population; it is possible that some of the effects observed here would not occur for individuals 
with markedly lower levels of facility with numerical information. 

Future work might seek to determine whether the effects observed in the experiments 
conducted here do indeed generalize to more authentic settings. Because the research presented 
in this dissertation was undertaken with the explicit aim of informing practice in a variety of 
disciplines, efforts to implement the findings obtained here might simultaneously serve the dual 
purposes of helping to develop explicit practical strategies for presenting numerical information 
in specific domains and determining whether the results seen here may commonly generalize to 
real world settings. In the future, perhaps research ventures involving classroom teachers, 
students, journalists, doctors or other professionals can be undertaken in an effort to put the 
research that has been conducted here to good use. Such work may complement previously 
developed interventions involving students (Munnich et al., 2004) and journalists (Ranney et al., 
2008). 

In conclusion, the investigation undertaken in this dissertation represents a crucial first 
step toward uncovering the full range of factors that determine how people assign weight to 
numerical information when making decisions. There are undoubtedly other cognitive and 
representational cues that people use to help solve the problem of assigning weight to numerical 
information that are worthy of study. Future research should seek out potential cues and aim to 
develop interventions on the basis thereof that support the use of numerical information in 
decision-making—a critical aspect of numeracy. Such interventions may play a complementary 
role relative to the types of longer lasting interventions on numeracy skills devised by Munnich 
et al. (2004) and Ranney et al. (2008). In the future, perhaps as much will be known about the 
cues that people use to assign weight to numerical information as is known today regarding cues 
for depth perception. More work is needed in this new but important area of research.  
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Appendix A 
 

Chapter 3 Sample Items 
 

Foresight Confidence Elicitation/Easy Item 
 
Do you think that more Americans die of drug overdoses from heroin or 
prescription pain medication? 
 
More Americans die from (Circle one):   
 

Heroin  /  Prescription Pain Medication 
 
 
How confident do you feel in your answer?  Circle one: 
   

1 2 3 4 5 

Totally 
guessing 

Not very 
confident 

Somewhat 
confident Confident Highly 

confident 
 
 
 
 
Please make your best estimate of the following: 
 
Among the U.S. population, how many drug-overdose deaths from 
prescription pain medication are there for every 100 drug-overdose deaths 
from heroin? 
 
For every 100 drug-overdose deaths from heroin, there are __________ 
drug-overdose deaths from prescription pain medication in the U.S. 
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According to U.S. government statistics, for every 100 U.S. drug overdose 
deaths from heroin, there are 419 drug overdose deaths from prescription 
pain medication. 
 
 
Imagine that $100 million is to be divided between two public outreach 
programs—one aimed at reducing heroin abuse, and another aimed at 
reducing prescription medication abuse.  How do you think these funds 
should be divided? 
 
 
 
$_________ to reduce heroin abuse 
 
 
$_________ to reduce prescription medication abuse 
     
 
 
Please briefly explain your reasoning in a sentence or two: 
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Hindsight Confidence Elicitiation/Hard Item 
 
According to U.S. government statistics, there are 801 female deaths from 
heart disease for every 100 female deaths from breast cancer. 
 
 
 
Imagine that you have $100 million to divide between two public health 
programs—one that aims to reduce female deaths from breast cancer, and 
another that aims to reduce female deaths from heart disease.  How would 
you divide your funds? 
 
 
 
$_____________ to reduce breast cancer among women 
 
 
$_____________ to reduce heart disease among women 
     
 
 
Please briefly explain your reasoning in a sentence or two: 
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To recall, there are 801 female deaths from heart disease for every 100 
female deaths from breast cancer. 
 
If you had been asked about this number before you learned it, would you 
have thought that more women are killed by breast cancer or heart disease? 
 
I would have thought that more women are killed by (Circle one):   
 

Breast Cancer  /  Heart Disease 
 
 
How confident would you have felt in your answer?  Circle one: 
 

1 2 3 4 5 

Totally 
guessing 

Not very 
confident 

Somewhat 
confident Confident Highly 

confident 
 
 
 
Please tell us what you think you would have estimated: 
 
Among the female population of the U.S. only, how many deaths from heart 
disease are there for every 100 deaths from breast cancer? 
 
For every 100 female deaths from breast cancer, I would have thought there 
are _________ female deaths from heart disease in the U.S. 
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Appendix B 

Chapter 4 Sample Items 

Active Search Condition/High School Dropout Item 

Imagine that a wealthy philanthropist from the town of Willow Grove has left 
you control of $100,000 that is to be donated to two charitable causes favored 
by the philanthropist.  
 
One of the charities is “Stay in School,” a local organization whose purpose is 
to lower the high school dropout rate in Willow Grove. 
 
The other charity is the American Red Cross.    
 
You will be allowed to divide the $100,000 between these two causes as you 
see fit. 
 
 
 
On the line below, please list one statistic (a specific piece of numerical 
information) that you would want to know in order to help you make 
your decision: 
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Statistics from the local school district show that the dropout rate at the local 
high school is 43%. 
 
 
Given this information, how would you divide the $100,000 between the two 
charitable causes? 
 
 
$_______________ for Willow Grove “Stay in School” 
 
 
$_______________ for American Red Cross 
 
 
 
 
Please briefly explain your reasoning in a sentence or two:  
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Passive Receipt Condition/Teen Pregnancy Item 
 

Imagine that you are a member of the City Council of a city called Kingsville 
and you need to make a decision regarding funding assistance for two local 
charities.  You must divide $100,000 between the two charities. 
 
 
One of the charities is the Kingsville chapter of the environmental group the 
Sierra Club. 
 
The other charity is “Motherhood Can Wait,” an organization whose goal is 
to lower the teen pregnancy rate in Kingsville. 
 
 
You will be allowed to divide the $100,000 between these two causes as you 
see fit. 
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Health statistics for the town indicate that 1 in 3 girls in Kingsville will 
become pregnant before the age of 18. 
 
 
Given this information, how would you divide the $100,000 between the two 
charitable causes? 
 
 
$_______________ for Kingsville Sierra Club  
 
 
$_______________ for Kingsville “Motherhood Can Wait” 
 
 
 
 
Please briefly explain your reasoning in a sentence or two: 
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Appendix C 
 

Chapter 5 Sample Items 
 

Education Item 
 

Imagine that you are a member of the state legislature and you must 
make a difficult budget decision.  You must decide how to divide $100 
million in state funding between two education programs. 
 
The first program would reduce the cost of school lunches for students 
from low-income families.  
 
The second program would expand funding for physical education, 
music, and arts programs at schools that do not currently offer these 
subjects due to lack of funds. 
 
 
Out of 1.7 million total students in the state: 
 
646,133 students are eligible for the school lunch program. 
 
260,000 students have no physical education, art, or music classes. 
 
 
 
How would you divide the $100 million? 
 
$_________________ for school lunch program 
 
 
$_________________ for physical education, art, and music classes 
 
 
 
Please briefly explain your reasoning in a sentence or two: 
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Transportation Item 
 
Imagine that you are the chairperson of the transportation board of a 
large city and you must make a difficult budget decision.  You must 
decide how to divide $100 million in funding between two 
transportation programs. 
 
The first program would encourage the use of public transportation by 
expanding the bus and train system into areas not currently served.  
 
The second program would provide discounts on fares for students and 
senior citizens. 
 
 
In this city of 3.2 million citizens: 
 
810,000 citizens do not have a station within 1 mile of their home. 
 
400,000 students and senior citizens live in the city.  
 
 
 
How would you divide the $100 million? 
 
$_________________ for expanding service 
 
 
$_________________ for student and senior citizen discounts 
 
 
 
Please briefly explain your reasoning in a sentence or two: 
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Appendix D 
 

Chapter 6 Sample Items 
 

Low Overall Probability/Subjective Confidence Interval Item 
 
Imagine you are consulting a financial advisor regarding how best to invest 
$20,000 you have earned.     
 
Your advisor offers historical data showing that if you invest in Stock A, in 
ten years your investment will have an expected value of $30,000, and there 
is a 90% probability that your investment will have a value between $25,000 
and $35,000 (i.e., within $5,000 of the expected value).  
 
Your advisor offers historical data showing that if you invest in Stock B, in 
ten years your investment will have an expected value of $30,000, and there 
is a 60% probability that your investment will have a value between $27,500 
and $32,500, (i.e., within $2,500 of the expected value).  
 
Based on the information above, which investment do you think is riskier? 
 
Circle one:   Stock A   /   Stock B 
 
Please briefly explain why you think this investment is riskier: 
 
 
If you could divide your $20,000 investment between the two stocks, how 
would you divide it? 
 
$__________ invested in Stock A 
 
$__________ invested in Stock B 
 
 
Please briefly explain your reasoning in a sentence or two: 
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High Overall Probability/Empirical Confidence Interval Item 
 
Imagine that you own a fruit stand, and you must decide where you are going 
to purchase 1,000 apples to sell at your stand. You have a choice between 
two local orchards, and you know that larger apples sell much better than 
smaller apples. 
 
Agriculture studies have shown that the apples from Orchard A have an 
expected diameter of 70 mm, and there is a 95% probability that any given 
apple will have a diameter between 45 mm and 95 mm (i.e., within 25 mm 
of the expected diameter). 
 
Agriculture studies have shown that the apples from Orchard B have an 
expected diameter of 70 mm, and there is a 75% probability that any given 
apple will have a diameter between 55 mm and 85 mm (i.e., within 15 mm 
of the expected diameter).  
 
 
Based on the information above, from which orchard is it riskier to buy? 
 
Circle one:   Orchard A   /   Orchard B 
 
Please briefly explain why you think it is riskier to buy from this orchard: 
 
 
 
 
If you could divide your purchase of 1,000 apples between the two orchards 
how would you divide it? 
 
__________ apples from Orchard A 
 
__________ apples from Orchard B 
 
 
Please briefly explain your reasoning in a sentence or two: 
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Appendix E 
 

Surveys and Math Test 
 

For statement below, please indicate to the left the extent to which you agree or disagree on 
a scale from 1-7 (Strongly disagree-Strongly agree):  
 

1 2 3 4 5 6 7 
Strongly 
disagree 

Disagree Somewhat 
disagree 

Neutral Somewhat 
agree 

Agree Strongly 
agree 

 
 
_____1. I enjoy work that requires the use of numbers. 
 
_____2. I think quantitative information is difficult to understand. 
 
_____3. I find it satisfying to solve day-to-day problems involving numbers.  
 
_____4. Numerical information is very useful in everyday life.  
 
_____5. I prefer not to pay attention to information involving numbers. 
 
_____6. I think more information should be available in numerical form.  
 
_____7. I don't like to think about issues involving numbers.  
 
_____8. Numbers are not necessary for most situations. 
 
_____9. Thinking is enjoyable when it does not involve quantitative information. 
 
_____10. I like to make calculations using numerical information.  
 
_____11. Quantitative information is vital for accurate decisions.  
 
_____12. I enjoy thinking about issues that do not involve numerical information. 
 
_____13. Understanding numbers is as important in daily life as reading or writing.  
 
_____14. I easily lose interest in graphs, percentages, and other quantitative information. 
 

TURN TO THE NEXT PAGE 
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1 2 3 4 5 6 7 
Strongly 
disagree 

Disagree Somewhat 
disagree 

Neutral Somewhat 
agree 

Agree Strongly 
Agree 

 
 
_____15. I don't find numerical information to be relevant for most situations. 
 
_____16. I think it is important to learn and use numerical information to make well-informed 

decisions.  
 
_____17. Numbers are redundant for most situations. 
 
_____18. It is a waste of time to learn information containing a lot of numbers.   
 
_____19. I like to go over numbers in my mind.  
 
_____20. It helps me to think if I put down information as numbers.  
 
 
 
 
Gender (Circle one):  Male  /  Female 
 
 
Age:  _____________ 
 
 
Year in school: ___________________ 
 
 
Major:  ______________________________ 
 
 
Have you taken a statistics course?  (Circle one):  No  /  Yes 
 
 
Native language: _______________________ 
 
 
If English is not your native language, are you fluent in English? (Circle one):  No  /  Yes 
 
 
Race/ethnicity (optional): _______________________________ 
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On the scale from 1-5 given below, please rate how much knowledge you have about 
each of the following topics:  

 

1 2 3 4 5 
Almost no 
knowledge 

Less than the 
average 
person 

Average 
knowledge 

More than 
the average 

person 

High degree 
of knowledge 

 
 
______1. Women and heart disease 
 
______2. Women and breast cancer 
 
______3. The work of the American Red Cross 
 
______4. The work of the Sierra Club 
 
______5. Men and Suicide 
 
______6. Women and Suicide 
 
______7. Men and Alzheimer’s disease 
 
______8. Women and Alzheimer’s disease 
 
______9. Prescription Painkiller Abuse 
 
______10. Heroin Abuse 
 
______11. School Lunch Programs 
 
______12. Physical Education, Arts, and/or Music programs 
 
______13. Teen Pregnancy 
 
______14. High School Dropouts 
 
______15. Senior Citizen’s issues 

 
______16. Public Transportation issues 
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You will have 10 minutes to complete as many problems as you can.   
 
Please: 1) No calculators, 2) Simplify your answers, and 3) Circle your answers. 
 
 
1. Imagine that we rolled a fair, six-sided die 1,000 times. Out of 1,000 rolls, how many 

times do you think the die would come up even? 
 

 
 
 
2. A bicycle shop is holding a sale during which all helmets will be 25% off.  If the regular 

price of a certain helmet is $28, what will the sale price be? 
 

 
 
 
3. Suzanne’s commute to work takes 24 minutes on Monday, 27 minutes on Tuesday, 25 

minutes on Wednesday, 19 minutes on Thursday, and 30 minutes on Friday.  For the 
week, what was her average commute time? 

 
 
 
 
4. At a local ice cream parlor, there are 3 different kinds of cones, 4 different flavors of ice 

cream, and 6 different toppings available.  How many different combinations of one 
cone, one flavor, and one topping are possible? 

 
 
 
 
5. The price of a certain stock decreased by 20% between February 1 and April 30, and then 

increased by 20% between May 1 and July 31.  If the price of the stock was $50 a share 
on February 1, what was its price on July 3? 

 
 
 
 

6. The probability of getting a viral infection is .0005.  Out of 3 million people, about how 
many of them would you expect to get infected? 
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GEOGRAPHY TEST RESULTS 

Score Number of 
Students 

100 2 
95 1 
90 3 
85 4 
80 3 
75 2 
70 3 
65 1 
60 1 

 
7.  The scores on last Wednesday’s geography test are shown in the table above.  David, 

who was sick and missed class on Wednesday, will make up the test next week.  If David 
scores a 90 on the test, what will the median test score be? 

 
 

 
 

8. Six people are given cards and each writes a positive integer on his or her card.  The 
average of all six of these numbers is 12.  If the average of five of the numbers is 11, 
what is the sixth number? 

 
 
 
 

9. If a coin is flipped four times, what is the probability that exactly three of the tosses (any 
three) will come up tails? 

 
 
 
 

10. An outdoors store charges $52 for a certain kind of jacket.  This price is 30 percent more 
than what the store pays for the jacket.  At the end of winter, employees of the store may 
buy any leftover jackets at a discount of 20 percent off what the store paid.  With this 
discount, how much would an employee pay for the jacket? 
 

 
 
 
 




