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Abstract: The utilization of available numerical information represents an important aspect of
numeracy. Accordingly, we seek to develop decision-making scaffolds tha increase the
incorporation of numerical information into preferences. Two experiments contrast five techniques
for presenting students with numerical information and prompting them to make decisionsrelated
to tha information. The techniques are based on a method called EPIC (Estimate, Prefer,
Incorporate feedback, and Change preference) from the Numerically-Driven Inferencing (NDI)
paadigm. Results regarding pod-feedback preferences indicate tha having students estimate a
quantity® value beforehand increases the impact on preferences when the quantity® true valueis
presented. However, having students state initial preferences does not yield an andogouseffect.
An attractive explanation for the estimation effect is that estimating diminishes hindgght bias,
making information tha diverges from expectations more surprising. Variants of the EPIC method
may serve as Qnicro-interventiongOthat increase theimpact of numerical data on preferences.

Introduction
People often fail to fully utilize available numerical information when making decisions (e.g., Bartol,

Koenl, & Martin, 1987) The utilization of numerical information may be seen as an aspect of Qumeracy,Oan idea
that has been advanced mog famoudy by Paulos (1990) as a paralel in the quantitative realm for what is termed
literacy in the verbd realm. Paulos shows how innumeracy often leadsto poordecisionsby consumers, employees,
and citizens He bdieves the main cause of innumeracy to be a general lack of mathematical ability, and indeed, in
the cases he decribes, the best remedy may be to improve people® undestanding of mathematical concepts.
However, Viswanahan (1993) argues tha the notion of numeracy should indude not only one@® ability to use
numerical information, but also one3 prodivity toward usng numerica information. That is, he holds tha two
individuds with comparable mathematical abilities may often differ in the extent to which they use the nunbers they
have learned to hdp them make decisions Viswanathan suppoted this claim with several studies demondrating the
validity of a measure he developel called GPreference for Numerical InformationQ(PNI), which is meant to capture
individud differences regarding that aspect of numeracy tha is not subumed by mathematical ability.

We embrace Viswanathan® (1993) broader notion of numeracyN according to which the use of numerical
information is thoughtto depend on more than mathematical competence. Consequently, we bdieve tha it may be
possible to increase studentsQuse of numerical information in decision-making by means other than improving ther
mathematics skills. In this paper, we argue tha this can be achieved through QOnicro-interventionsO based on
methods from the Numerically-Driven Inferencing (NDI) paadigm (e.g., Munnich, Ranney, & Appd, 2004;
Munnich, Ranney, Nelson, Garcia de Osung & Brazil, 2003; Ranngy, Cheng, Garcia de Osung & Nelson, 2001)
By Qnicro-interventionsOwe mean brief activities conduded by teachers in which the presentation of numerical
informationis preceded and/or followed by particular exercises tha scaffold studentsGdecision-making procedures.

Work on preference formation in behavioral decision research suppots the promise of a Qnicro-
interventionOapproach. Several decision theorists have argued tha preferencesN which are taken to be what cause
individuds to choo in particular waysN should not necessarily be seen as previoudy-existing, stable features.
Rather, in novd situations preferences are better conceived of as GongructedOin the process of dlicitation based on
the accessibility of variouspieces of information and the ease with which information may be evaluated (Hoeffler &
Ariely, 1999;Hsee, 1996; Payne, Bettman, & Johnson, 1992;Slovic, 1995) This contradicts neodassical economic
theory, which assumes tha decisions do not depend on the processes through which they are made and tha



individudsOpreferences are smply GevealedOby thar decisions(Rabin, 1998) On the condructed preference view,
however, prompts for novd decisionsdo more than simply tap existing preferences, rather, the need to make anovd
decision often leads to preferences beng formed in the first place. Further, because the prompt itself serves as an
additiond source of information for the decision-maker, its format may significantly influence the preference tha is
condructed. This has important consquences, because once preferences in paticular domains have been
condructed, they may beretained in memory and influence subssquent decisionsin the sameN or relatedN domeins

Following the condructed preferences view, it seems likely tha when onereceives numerical information
in a domein with which onehas little experience, tha information® influence on preferences will be heghtened if
oneis prompted to make a relevant decision right after receiving theinformation. One will condruct a preferencein
order to reach adecision, and at this stage the numerical information provided will still be highly salient, increasing
its incorporation into the preference formation process relative to what would have occurred had much time (e.g.,
months or years) elapsed between the receipt of information and the first ingance in which one was prompted to
make a decision for which theinformation would be relevant. Thus given tha our god is to increase the impact of
numerical information on preferences, it seems clear tha our micro-interventions should indude prompts for
decisions given soon after numerical information is presented. But how else might it be possible to increase the
impact of presenting numbers to students? In this study, we investigate whether certain NDI methodsN specifically,
thoge tha indude prompts for estimates and/or initial preferences before numerical data are presentedN may further
increase the influence of numerical information. For this purpose, post-feedback decisions in addition to being part
of theintervention, provide a measure of such potential effects.

It will be hdpful to review prior research in the NDI paradigm at this point. Aninitial god of NDI research
was to assess how views on sodal issues (e.g., abortion or immigration policy) are influenced by relevant pieces of
numerica information (e.g., rates of abortion or immigration). To this end, a method called EPIC was developed,
which involves prompting people to: 1) Estimate the value of a quantity, 2) state a Preference related to that
quantity, 3) Incorporate feedback in the form of the estimated quantity® true value, and 4) Changetheir preference
(if they wish) in respong to this feedback. The EPIC method allows for assessments both of prior bdiefs and of the
influence of numerical feedback on preferences. Early NDI experiments showed that offering a single, surprising
numerical datum can indeed greatly influence preferences, and tha changes between initial and find preferences
increase with estimate inaccuracy (Garciade Osuna et a., 2004;Munnich et a., 2003;Ranney et d., 2001)

Recently, Lurie and Ranney (submitted) conduded NDI experiments to study the impact of estimation on
preferences and preference change Preferences elicited usng the EPIC method were compared to thos obtained
using two variantsN called PEIC and ICN in which, respectively, the first two steps, Estimate and Prefer, were
either reversed in order or left out dtogeher. (Althoughnoinitial preferences were elicited in the IC condition, GCO
for GChange preferenceQis retained for smplicity.) Each group used one of the three proceduresN EPIC, PEIC, or
ICN throughout so tha the preferences producd by each could be contrasted. In one experiment, estimates and
feedback were for the number of mortaities pe 100000 deathsfor each of a par of diseases. either (a) lung cancer
and skin cancer, or (b) heart disease and breast cancer (among women only for the latter par). Preferences were
elicited by asking students how they would divide $100in research funding between prevention efforts for the two
diseases in each par (fundswere dedicated to women only for both heart disease and breast cancer). By estimating
mortality rates for each disease in a par, students implicitly estimated the ratio of mortalities from one disease to
mortalities from the other disease. It was thoughttha prior bdiefs about these ratios would affect preferences for
$100 splits, and tha in some cases, but not others, these bdiefs would deviate consderably from the true values
later provided as feedback. The true valuesN based on Centers for Disease Control and Prevention (GCDCQ
statistics from 2001N are 8.2:1 and 209:1, respectively, for heart disease/breast cancer and lung cancer/skin cancer.
While thetrueratio for the heart disease/breast cancer par is 3.2 times highe than the average estimate of 2.6:1, the
trueratio for the lungcancer/skin cancer par isonly 1.3 times highe than the average estimate of 15.6:1.

When participants decided on initial allocations before performing any other activities (as in the PEIC
condition), they alocated an average of $4492 for heart disease (vs. breast cancer) and $4804 for lung cancer (vs.
skin cancer). However, when participants estimated mortality rates before stating initial preferences (asin the EPIC
condition), average allocationsfor heart disease were lowerN $3840N while average lung cancer allocationswere
highaN $5734. The conduson was tha estimating mortality rates increased the extent to which participants based
ther decisionson ther prior bdiefs aboutmortality ratios ingead of on other reasons(e.g., family members having
adisease, conaernsaboutpersond responsbility for getting a disease) that would have motivated highe alocations



for heart disease and skin cancer. Because estimates of mortality ratios for the lung cancer/skin cancer par were
relatively accurate, EPIC participantsQinitial preferences (M = $57.34) were closer than PEIC participantsQinitial
preferences (M = $4804) to IC participantsOpreferences (M = $5993), which were dlicited after simply giving
participants the true mortaity rate data. Because mortality ratio estimates for the heart disease/breast cancer pair
were relatively inaccurate, in this case the effect was reversed; EPIC participantsQinitial preferences (M = $3840)
were further away from |C participantsQpreferences (M = $55.14) than were PEIC initial preferences (M = $4492).

Asfor find allocations Lurie and Ranney (submitted) foundtha in both the EPIC and PEIC conditions
change between initial and find preferences was greater when estimates were inaccurate; the conduson here was
tha preference change was driven by how GhodcingOthe information received was. Interestingly, athough
differences between groups regarding pog-feedback alocations were not predicted, such differences emerged
nonghdess. Mean post-feedback allocations for the bigge killer in each par were highe in both the EPIC and
PEIC conditionsthan in the IC condition (lung cancer: Mepgpec = $6754 vs. M, = $5708; heart disease: Mepgpeic
= $6462 vs. M, = $54.68). Because ther study was rather tangential to issues of information utilization, Lurie and
Ranney did not scrutinize this result. However, such results are critical in the context of our current investigation; it
seems tha estimating and/or stating initial preferences before receiving feedback may have increased theinfluence
of mortality rates after students learned thetrue vaues. We hypothesized tha one of these activities (or perhgosthe
combindion of thetwo) increased the influence of the actud values onfind alocations This spavned theidea that
we might develop indrudtiond techniques involving these activities with the aim of inaeasing studentsO
incorporation of newly received numerical information into their preferencesN beyond what can be achieved by
prompting for decisionsafter information is presented. The present study represents the fruition of thisidea.

The remainde of this paper will proceed as follows: First, we present our hypotheses. Second, we present
new andyses of daa from the aforementioned experiment by Lurie and Ranney (submitted), induding some daa
they collected but did not useN studentsOwritten reasons explaining their preferences. Third, we present the results
of anew experiment we conducted in order to 1) replicate Lurie and Ranney@ results, and 2) tease apart estimation
andinitial preference effects. Thefourth section offers a general discussion, induding a proposd explanaion of our
findings Findly, we suggest educationd implicationsand directionsfor future research.

Hypotheses

Hypothesis 1 is tha pog-feedback allocationsto the disease in each pair tha kills more people will be
significantly highe for EPIC and PEIC students than for | C students. Hypothesis 2 is that such results are dueto the
increased utilization of numerical information. This can be expressed in terms of two sub-hypotheses, such tha
suppot for both would demondrate suppot for Hypathesis 2: Thefirst (23 is tha written rationdes provided by
students in the EPIC and PEIC conditionswill cite the mortality rate information provided as explaining ther find
allocationsmore frequently than will students in the IC condtion. The second sub-hypotesis (2b) is tha students
who cite mortality rate information as explaining ther find alocationswill alocate more money to the bigge killer
in each pair than will students who do not cite mortality rate information as explaining their allocations In shott, if
both of these sub-hypoteses were suppoted, this would indicate that effects of estimation and/or initial allocation
onfind alocationsare linked to the presence of written rationdes that cite the numerical information provided as a
reason for thefind alocation decision. Hypotheses 1 and 2 are addressed in Experiment 1.

The next three hypoteses correspondto aternative explanaionsfor why post-feedback preferences for the
disease in each par tha kills more people might be highe in the EPIC and PEIC conditionsthanin thelC condition.
The first possibility is tha (a) there is an indgpendent effect of estimation that increases find alocations but no
similar effect for stating initial preferences. The second possibility isthereverse: (b) there is an independent effect
of stating initial preferences that increases find allocations but no similar effect for estimation. Findly, the third
possibility is tha (c) increases in find alocations arise due to a joint effect of estimating and stating initial
preferences, which means tha one or both of the following are true 1) there are indegpendent, additive, estimation
and initial preference effects, both of which increase find alocations or 2) there is an interaction between
estimating and stating initial preferences tha increases find allocations Althoughthese hypotheses do not exhaus
all posibilities (e.g., there could be effects of the length of the procedure, the order of estimation and initial
preference, etc.), each of these optionsis mutudly exclusve of the others, and each, if manifested, seems unlikely to
be confoundal with other possible effects. These hypoheses, which will be referred to as the Gestimate effect,O
Onitial preference effect,0and Qoint effectOhypoheses, are addressed in Experiment 2.



Experiment 1
Method

Undegraduaes (N = 208) were randonly assigned to one of three groups EPIC, PEIC, or IC. EPIC
paticipantsfirst estimated the annud number of mortalities, per 100000deeths, for each of a par of diseases, either
a) lung cancer and skin cancer, or b) heart disease and breast cancer. After estimating, participants were asked to
state how they would prefer that $100be divided between respective efforts for prevention of the two diseases, and
to provide a written reason explaining ther preferred allocation. Participants were indructed tha estimates for the
heart disease/breast cancer par were to berestricted to the female popuktion, and tha all fundsallocated for heart
disease or breast cancer would be devoted exclusively to prevention among women. Lung cancer and skin cancer
prompts were not gende specific. Next, participants received true mortality rates from the CDC for each disease in
the par, also per 100000 deaths (nb. female deasthsfor the heart disease/breast cancer pair). After learning thetrue
rates, participants were agan asked to divide $100 between respective prevention efforts and to provide a written
reason explaining their alocation. This procedure was then repeated for the second disease pair. Both the order in
which the pars were presented and the order of the diseases within each par were coungerbdanced. For PEIC
paticipants, thefirst two steps of the EPIC procedure were reversed in order, and for IC participants, they were left
out atogehe. Apat from these changes, the procedures for the PEIC and IC groupswere the same as for the EPIC
group. The experiment also involved data collection and another manipulation tha are not relevant here (see Lurie
& Rannegy, submitted, for details). There is noindication tha these affected thedaa andyzed in this study.

Written reasons for find preferences were coded to identify indances in which students indicated tha
mortality rates for eithe disease in a given par hdped to explain ther find alocations These were codel as
Owmerica O(NUM), athoughthey may have been attended by reasonsof other types as well. Responss of other
types were coded Qhon-numerical O(NON). Casesin which norationde was given (< 10%) were excluded.

Results

Preferences for $100splits are given in terms of the disease in each pair tha kills more people. EPIC and
PEIC students were pooled together to increase statistical power. Planned comparisonsassessed Hypothesis 1; find
allocationsfrom the pooled group of EPIC and PEIC students were significantly highe than thos fromthelC group
for lungcancer (Mgpc = $6972 & Mpgc = $6398, vs. M. = $5708), (183) = 2.617,p < .01 and heart disease (Mgp ¢
=$67.93 & Mpgc = $6066vs. M, = $5468), 1(195) = 2.979,p < .01

To andyze the effect of both estimating and stating initial preferences on the use of numerical reasonsfor
find allocations (Hypothesis 2a), EPIC and PEIC responss were agan pooled togehe and compared to IC
respons (see Table 1). Note tha because of this pooling, the null hypotesis predicts tha within each column, the
EPIC/PEIC cdll countwill be roughly twice the IC cell count NUM/NON percentages are given only to aid the
reader. Chi-Squae tests indicate significant postive associationsbetween membership in the EPIC/PEIC group (vs.
the IC group) and the use of numerical reasons(vs. non-numerical reasong for both disease pars: lung cancer/skin
cancer, /%(1) = 3.96, p < .05, and heart disease/breast cancer, /(1) =5.67, p <.05.

Table 1. Counss of Reason-Types for Find Allocations(C)N by Group, Disease Pair, and Rationde Type

Lung Cancer/Skin Cancer Heart Disease/Breast Cancer

NUM NON NUM NON
EPIC/PEIC 79 (64%) 44 (36%) 85 (71%) 35(29%)
IC 32 (49%) 33(51%) 37 (54%) 32 (46%)

But did paticipants who gave numerical reasons ultimately allocate more money during the find
preference phase for research on diseases tha kill more people (Hypothesis 2b)? Since different groups gave
nunmerica reasons at different rates, within-group andyses were conduded to control for effects of experimental
group that may not have been captured by the mere presence or absence of a particular type of written reason (see
Table 2). Within each disease pair/condition, stating a numerical reason was inded significantly related to
alocating more money to the bigger killer (lung cancer: EPICN My = $7686, Myoy = $5914, 1(70) = 3.979,p <
.01, PEICN Myuy = $7776, Moy = $4368, 1(46) = 6.684,p < .01, and ICN M, = $6970, Myoy = $4406,1(63) =
4.146,p < .01; heart disease: EPICN My =$7504, Myon = $4921,1(67) = 5.904,p < .01, PEICN My, = $6814,
Myon = $5000,t(57) = 3.682,p < .01, ICN Myyy = $6869, Moy = $3891,1(66) = 6.406, p < .01).



Table 2. Mean Find Allocations(C), by Group Disease Pair, and Rationde Type

LungCancer (vs. Skin Cancer) Heart Disease (vs. Breast Cancer)
NUM NON NUM NON
EPIC $76386 $5914 $7504 $4921
PEIC $7776 $4368 $6814 $5000
IC $69.70 $4406 $6869 $3891

Note tha averagelungcancer and heart disease find alocationsfor students giving norrnunerical reasons
were sometimes strikingly low, particularly conddering tha these diseases kill many more people than do the
diseases they were paired with. Written rationdes indicate tha lower find preferences for the bigger killer often
stem from concerns abouttragedy (e.g., breast cancer) or culpability for contracting thedisease (e.g., lung cancer).

Discussion
Results from Experiment 1 indicate: 1) the robudness of the effect tha estimating and stating initial

preferences has onfind allocations for thebigge killer in each par (Hypothesis 1), and 2) that this effect appears to
occur dueto an increased emphasis on the numerical information provided (Hypothesis 2). However, the results of
this experiment offer little hdp in explaining why estimating and stating initial preferences increased studentsO
utilization of the numerical information they received. Because both estimates and initial preferences were elicited
in both the EPIC and PEIC condiions it is undear whether estimating, stating initial preferences, or some joint
effect of doing both produced the differences that were observed. Our next experiment was designed to clarify
matters by separating the effects of estimating and stating initial preferences from one another, as well as from
potential joint effects. Experiment 2 also served to replicate some of theeffects tha had been observed to date.

Experiment 2
Method

In order to discriminae among the Gestimate effect,O Onitia preference effect,0 and Qoint effectO
hypoteses, we created two new NDI methods EIC and PIC, which excludethe initial preference and estimation
phases, respectively. Thus we may separate estimation and initial preference effects from one another and from
effects of combining thetwo. Undeagraduaes (N = 153) were randomy assignal to oneof five groups EPIC, PEIC,
EIC, PIC, or IC. Apat from the addition of the EIC and PIC groups thedesign, materials, and prompts at each stage
(Estimate, Prefer, Incorporate feedback, and Change preference) were the same as in Experiment 1.

Results

If the CGestimation effectOhypotesis were true, then onewould expect EPIC, PEIC, and EIC studentsCfind
alocationsfor the bigge killer in each par to be highe than thoe of PIC and IC students. Alternaively, if the
Onitial preference effectOhypotesis were true, one would expect EPIC, PEIC, and PIC studentsCfind allocations
for the bigge killers to be highe than those of EIC and IC students. Findly, if the Qoint effectOhypothesis were
trug, onewould expect EPIC and PEIC studentsCind alocationsfor the bigge killer in each par to be highe then
those of EIC, PIC, and IC students. Note that these three alternatives are mutudly exclusve.

Generally, this experiment produed significant results tha adjudicate anongthe alternative hypotheses for
the heart disease/breast cancer par, but not for the lung cancer/skin cancer pair. Likely reasonsfor this are given in
thediscussion bdow. Consequently, dueto space limitations only results for the heart disease/breast cancer par are
discussed here. For this par, however, we see strong evidence for the presence of an estimation effect, and no
evidence for other effects (see Table 3 bdow). Planned comparisonswere conduded to test each of the alternative
hypoteses. One-tailed tests of the contrasts corresponding to thejoint effect and initial preference effect hypoheses
were not significant (joint effect: t(148) = -1.264, n.s.; initia preference effect: 1(148) = -.014,n.s.), while a one
tailed test of the contrast corresponding to the estimation effect hypotesis was significant, t(148)=-2.378,p < .01.

Table 3. Mean Find Allocations(C) to Heart Disease, by Group

EPIC PEIC EIC PIC IC
Mean $6548 $6328 $6645 $56.17 $5694




Discussion

Theresults for the heart disease/breast cancer par provide strong evidence of an estimation effect, while no
evidence was found for either an initial preference effect or a joint effect. Althoughno significant results were
observed for the lung cancer/skin cancer par, we bdieve tha this may have been due to insufficient statistical
power; effect size calculations showed tha in Experiment 1, the effect of estimation onfind alocationsfor thelung
cancer/skin cancer par, while still significant, was somewha smaller than tha for the heart disease/breast cancer
parN exacerbating the fact tha the number of participants per condition in Experiment 2 was less than hdf of tha
in Expeiment 1. The effect for the lung cancer/skin cancer par might be smaller for multiple reasons First, find
allocationsfor the lung cancer/skin cancer par appear to have been more variable, perhaps because concerns about
respongbility were more influential. Second, as discussed in the next section when we present our explanation for
the estimation effect, the size of the effect may well depend on the GurprisingnessOof the nurrerical information
presented. Recall tha we mentionad earlier that studentsOestimates for the lung cancer/skin cancer par were
congderably more accurate than their estimates for the heart disease/breast cancer pair. It could betha estimates of
thelung cancer/skin cancer mortality ratio were too accurate for an effect to beobsrved with the sample size used.

General Discussion

This paper@ main experimental finding is that estimating the values of quantities before learning ther true
values increases the influence of the true values on preferences. Why might this be the case? An attractive
explanation involves a form of overconfidence called thindsght bias,Owhich is Qhe tendency for people with
outcome knowledge to bdieve fasely tha they would have predicted the outcome of the eventO (Hawkins and
Hastie, 1990, p.31)). It seems likely that hindgght bias would manifest itself when people are smply given a
quantity® value they will likely tend to bdieve tha, had they estimated the value of the quantity beforehand, their
estimate would have been more accurate than would really have been the case. But if one estimates before learning
thetruevalue, the potentia for hindgght bias becomes greatly diminished or fully eliminaed, since one@® Gards are
on the table,Oso to speak. This means that, to the extent tha estimates of a quantity® value would, if eicited,
diverge fromthe quantity@ truevalue, theact of estimating will make thetruevalue of the quantity more surprising.

It seems likely that more surprising information (assuming it is seen as reliable) will have greater influence
during preference formation than more mundane informationN perhaps for no other reason than that people attend
more to surprising information, making it more sdient. If inaccurately estimating a quantity® value makes learning
the true value more surprising, this may explain why the find allocations of students in groupswho estimated
mortality rates (EPIC, PEIC, and EIC) were highe than those of students in groupswho did nat (IC and PIC);
students who estimated were more surprised when they learned the true mortality rates, likely causgng them to place
more weight on mortality ratios This explandion cohees with and hdps account for past NDI findings showing
larger differences between estimates and true values to be linked to larger differences between initial and find
preferences (Garciade Osunaet al., 2004;Lurie & Ranney, submitted; Munnich et al., 2003;Ranney et al., 2001)

Educational Implications and Future Directions

If one® god is to maximize studentsOutilization of numerical information (althoughwe realize that this
may not always be appropriate), then Gnicro-intervention®Obased on NDI methods as simple as EIC may offer the
best means currently known. One domein in which micro-interventions might be particularly useful is the study of
Qurrent events.OStudents might estimate the values of sodally relevant quantities, receive true statistics, and then
decidewhich public policies they think oughtto be pursued. Similar applicationsaboundelsewhere, as well.

Although it does not apper tha stating initial preferences increases the utilization of numerical
information, more research involving NDI methods like EPIC and PEIC is required. First of all, there may be
pedagogical, motivation-related, reasons to indude initial preferences, such as to increase student engagement.
Second, results from pilot expeiments show tha when people rate NDI procedures in terms of the qudity of the
decisionsthey would expect them to yield, procedures tha indudeboth estimating and stating initial preferences are
generally rated highest. Findly, results from a recent study involving the EPIC method\l a study that showed post-
feedback preferences to parsist several months laterN also showed that studentsOmemories of numerical feedback
seem to belinked to ther memories for how thear preferences changel in respon to feedback (Munnich, Ranney,
& Bachman, 2005) In order for such an effect to occur, it may betha students would need to explicitly state initial
preferences. Thus micro-interventionstha indudeprompts for initial preferences may yet proveto be quite useful.



The research presented herein shows tha merely providing statistics to students without engaging ther
expectationsN or offering potential applicationsN is metaphorically like dropping seeds onto unplowed earth. Thisis
reminiscent of science education research on Predict-Observe-Explain activities (White & Gungone 1992) In
practice, our micro-interventionsfor increasing the impact of numerical information may be seen as andogousto
Ausubd® (1960) Gdvance organizersOfor learning verbd material. Ultimately, we hopetha the techniques we
suggest will hep people incorporate numerical information into thar preferences, leading to better decisions
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