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Abstract

A substantial body oludgment and decisiemakingresearchocuseson decisiongnade
under risk, where all relevant option outcome and probability information is kagosiori.
However, most realorld degsion tasks are made undercertainty wheresuchpopulation
level information is unknowrAgainstthis backgrounghow can, do, and shoutstganisms
obtainand usenformationin order to improve their judgments and decisions under uncertainty?
This disertation addresselesequestiors in two distinct domains: external information search
in competitive task§papers 1 and Znd internal seardn the context of the innaarowd
(papers 3 and)4in paper 1we develop a new paradigoalled the Competite Sampling Game
(CSG)to study how organisms adjust seairtthe presencef both naturalincertainty(i.e.,
gamble parameters) and social uncertainty, pehavior of others)rhe paradignproduces
simulation and empirical results showing tbheganisnsshould and dalramatically reduce
searchn the presence of competitiom almost minimal leveldn paper 2, we expand on the
initial results of the CSG tshow howdifferent levels of competition drive the evolution of
decision strategie$n a secondlomain we address howeoplecan improve their judgments by
harnessin@ diverseannercrowdusing dialectical bootstrappintn paper3, weapply dialectical
bootstrapping to a Bayesian reasoning paradigm to show how dialectical instructions induce
straegy change and how people ¢etome more Bayesian hyeragingoiased norBayesian
judgmentdn their innercrowd In paper 4 we apply the innecrowd toa cuebased estimation
taskand model the effects of different estimation strategies on finalassmand confidence.
Our results suggetitatpeople can use their confidence judgments to outperform the simple

average of their innesrowd Moreover, dialectical bootstrapping increases these effects.






Introduction
Traditional economic theory posttés an Oeconomic m@nwho, in the course lo¢ing
OeconomicO is also OratioriEthi® man is assumed to have knowledge of the relevant
aspects of his environment which, if not absolutely complete, is at least impressively
clear and voluminous. He is asseninalso to have a welirganized and stable system of
preferences, and a skill in computation that &jables hinto reach the highest

attainabé point on his preference scgl8imon, 1955, p. 99).

If knowledge is power, themé rational humahomo ecaomicusassumed in classical
economicss nothingshort of a kiig in his world. Homo economicusegins every decision with
both perfect knowledge diis internalpreferences ancbmpleteknowledge of alexternal
choiceoptionscombined withtheir potental outcomes and probabilitie&s a result of his
completea priori knowledge homo economicusever needs to engageany kind of
information search, either internally or externallyaddition, e has immense computational
capabilities that allow hinotcalculate the option with the highest expected vahgethus
optimize his decision$-or these reasonsecisionmaking is easy fonomo economicudin
each and every decisionaking task, from deciding what to eat to whom to marry, he simply
chooseslte option that maximizes his expected utilithe concept of ncertainty is as foreign
to homo economicuss fire is to a fish
The myth of homo economicus

In 1955, Herbert Simon exposkdmo economicus an idealized fictional charact®r
one that makef®r a nice mathematical story, bzannot serve asmodel for how real people do

1| refer to the rational economic man homo economicus as OheO for historical continuity.



or should make decisionSimon showed that real organismscbntrast tt(hvomo economicys
neverhaveperfect information abouheir environmens. When a bee forages favdd, it cannot
know for certain how likely it io find a patch in one coer of a field versus another
(Montague, Dayan, Persof Sejnowski, 1995)Whenhermit crab spots a new shell, it does not
know for certain how robust the shell will be againstifeatdamag®or how many other crabs
might be lurking nearbyvaiting to swoop in and take(Rotjan, Chabot, & Lewis, 2010)
Instead prganismsnust navigate a world afmcertainty where the set of possible options, and
the outcomes associated witlos options area priori unknown.Moreover,real organisms are
not blessed witlan unconstrained cognitive systé&imstead, they havesychological and
physiological limitations that preclude the use of complex optimization algorithms and force
them to useimplifying algorithms.

Simon knew thahomo economicusas an unattainable idghlat needed to be
abandoned. In its place, he called for a new decisiaking model thatould make decisions
under uncertaintyhile conforming tdiological and psychotgical constraintsWhile he
proposed some essential characteristics of this modeli(dogmation ®arch rules and
aspiration levelshe lamented thatl distance is [E] great between our present psychological
knowledge of the learning and choice ggsses and the kinds of knowledge needed for
economic and administrative theoryO (Simon, 1955, p. 100).

Since SimonOs eadsitique ofhomo economicysherehavebeensubstantial gains in
researclknowledgeaboutthe psychological processes underlyindgments and decisions.
Psychologists have developed a numbesromisingtheories that describe how fleahdblood
decisionmakers with physiological constraints can make good decisions in uncertain worlds.

Research on heuristic decistorakingstrategessuch as the recognition heuristiédldstein &



Gigerenzer, 199%nd takethe-best Gigerenzer & Goldstein, 1998hows how people can
make good decisi@abased on limited information by taking advantage of certain environmental
contingenciesCognitivdy grounded yildgment models such #eeNasve Sampling Model
(Juslinet al, 2007 explain how people make judgments from exemplars learned from past
experience and stored in lotgrm memory. Reinforcemetgarning modelslescribenow
people update imprs®ns of options over time (e,g§onzalez, Lerch, & Lebeire, 2003;
Hertwig, Barron, Weber& Erev, 2004), howunbiased judges can form biased opinions through
incomplete feedback (Denrell, 2008)d how people select strategies for a given task
(Rieskamp& Otto, 2006) Information foraging models explain how organisms can adaptively
search for information in their environments given limited tand potential searatosts (e.g
Stephens, Browr& Ydenberg, 200Y.

My goal in thiscumulativedissertations to continuethese lines of researtly adding a
small piece tdelp fill the void left by SimonOs destructioomo economicusSpecifically,|
try to understantiow realpeople with dimited cognitive architecture canakegooddecisions
in uncertan environments. | address thygestionin four papers thagdxaminetwo distinct
decisiondomains information search in competitive contexts (papers 1 and 2) and the wisdom of
the innercrowd (papers 3 and 4)
From Decisions From Description to DecisionErom Experience

All organisms must make decisions between options wuvigiredictable outcomes
Considerthe decision between staying in oneOs current job or changing to a n€higob
decision can be viewedchoice between @urethingGbthe known hapipess of oneOs current
job Band aOrisky@econd option that can leadeitheran increase or a decrease in happiness.

Experimentally decisionmaking researchers typically repressmthoptions as monetary



gamblegqseeFigure ), where each option caasult in one or more potential outcomes with
explicitly defined probabilitiesimportantly, because all outcome and probability information for

each gamble is presented to participants, these tasks are kndagisasns from description

Option A Option B
$100 with probability 1.0 I $50 with probability .50

$150 with probability .50

Figure 1: The OdrosophilaO of judgment and decision making resaesabptions

represented as monetary gambles.

Since at least the 1970s, the simgidscriptivemonetarygamble has served as the
OdroephilaO of judgment and decision makidgving the majority of basic research in the
field. Notably, prospect teory (Kahenman & Tversky, 1979), perhalips most influential theory
of decision makingis primarily testedusing monetary gamblésrospectheory assumes that
people begim decision task biransformingeach optionQubjective outcomes and probabilities
usinga utility weighting function and probabilityweighting function respectively Peopleare
thenassumed tonultiply and add theseansformed probabilities and utilities to calculate an
expected utility for each option, and then choose the option with the highest expected utility.
Amongprospect theory@sany predictions, whichre nowwidely accepted iecisionmaking
researchis that peoplewill overweight outcomes with small probabilities and underweight

outcomes with large probabilities (Kahneman & Tversky, 1979).

2 Although prospect theotlyas also been applied to novonetary, affetive decisions (Pachur,
Hertwig, & Wolkewitz, 2013 Rottenstreich & Hsee, 2001)



However, despite its popularity, prospect themag a majoshortcoming in that falls
prey to the false assumpti® ofhomo economicusxposed by Simon (1953)lamely, prospect
theory assumes that decision makaekedecisions from descriptiofiHertwig et al., 2004),
where theyhaveperfect populatiodevel information about all options, their associated
outcomes, 1ad their probabilitiesThis applies to choice domains from monetary gambles to
mate selectionn deciding between potential mat@sospect theory must assume that decision
makers know all possible outcomeesd probabilitiegssociated with eaatandidag¢. But, of
course, people the reaworld do not walk around with outcome and probability labels floating
above their headasthe gambles in Figure 1 would suggest. In theweald, decisiormakers
must navigate a world afncertainty where the saif outcomes and their associated outcomes
and probabilities ara priori unknown.

Decisions from experienceThankfully, organisms have a tool that can help them make
better decisions in an uncertain world: exploras®agrch People can go on dates before
proposing marriageénermit crabs can examine shells before deciding whether or not to make a
move.Decisionssuch as theshat require pralecisional information search dteown as
decisions from experieng¢klertwig et &, 2004)

How does research atecisions from experience depart from deeisionsfrom-
descriptionparadigm depicted in Figure IfPthe laboratory, decisieftom-experience tasks are
typically represented as two or more opaque optionsyr@sor boxes) on a computer screen,
whereeach option represents anpriori unknown probability distribution of outcomes. In the
sampling paradigm, participants are invited to learn abosetpions by drawing sequential

random samples from the options® underlying distributions at no fineostiaéhen players



decide they are ready to make a final choice, they indicate which option they want and obtain a
real monetary outcome from their chosen option.

Early research on decisions from experience found thatibectof information search
during decisionmakingcan turnkey resultsfrom the decisionsrom-description literature
upsidedown. Consider the role of rare everRospect theory assumt#sat people applg non
linear weightingfunctionto probabilities whichleadsthemto overweightsmall probability
events. However, whgmeoplechoosebetween gambles in a decisiefinam-experience
paradigmtheybehave as if theynderweightare outcomegHertwig et al., 2004)Hertwig et al.
explained thigeversal fronprospect theory by showirtgat, in decisions from experience,
people do not explore options long enough to discover rare events, and thus make decisions as if
the rare outcomes do not exiBhis result can explairealworld examplesf people apparently
underweighing rare eventsOne strikingcasegiven by Hertwig i pres$ is the housing
decisions of people living in the shadow of Mount Vesuvius in the gulf of Naples, Italy. Despite
repeated warnings by experts that the volcano is increasingly likely to erupt with each passing
year, residents the area firmly reject the idea that they are in real danger and refuse to move.
Research on decisions from experience suggestbdbatise the residentséples have never
experiencedmeruption in their lifetime, they act as if ttieeat of such aare eventdid not
exist.

Clearly,information searctrategies and the experientlesy reveaplay a critical role
in how people miee decisions under uncertainty. So what do we know about the processes
underlying decisions from expeniee? To guide the read#rough a brief summary of the

literature | present a conceptual model of the critical steps uyidgrbecisions from experience



in Figure 2 The model assumes that people follow a cycle of three staf@snationSearch,

ImpressionUpdating / Comparisqrand Stopping Decision

Environment
°
pi Ml & (@
I 'l'w'fr T :
' t
Threat of — A o B
Com petition “Sample A" “Choose A”
Papers 1, 2 1 aE
R “Sample B’ Sierspi\e Sienfp?e “Choose B’
Mlnd ., | Search Update Update
| Costs Impression Impression
£ A B
£ 1 2
A B 4 v B A
1 Impression /\
Search Comparator Choice
Option? Option?

T_“Continue

Search” Stopping

Figure 2 Conceptual model of search, impression formation, and decision making in
decisions from experienc&here are three key stag€ky Information Search?)
ImpressionJpdating / Comparisqrard (3) Stopping RuleDecision makersycle

throughthesestages until the stopping rule is satisfied.



The modebdepiction in Figure 2 split into atop partrepresenting@n externaénvironment and
a bottompartindicatingthe mind of the decision makek decision maker begins in the
OSearch€age where she decides which option to samBlesearch suggests that most people
are approximately equally likely to saita from either option (Wulff & Hertwig2014), but
perhaps with some tendency to sampleerfoom the option with the higher sample variance
(Lejarraga,Hertwig, & Gonzalez, 201R Engaging in searcimcurssome cosfor the decision
maker While search costs may not égplicit (i.e.,direct monetary coststhe modebssume
thatmost if notall searchincurs some cosperhapsn the form of opportunity costs or lost time
(Hertwig et al., 2014)

After deciding where to searcine decision makesbserves sample from theelected
option and updates her impressioritadtoptionin the Impresion Updating stag&hree
impressionupdatingmodels are popular in the literature. Maue updatingmodel (Hertwig et
al., 2004) is aeinforcemeniearningmodel whichstates that peoplgdate their impressions as
a weighted average of their prionpressions and new information with a parameter that can
capture recency and primacy effecteeThatural mean heuristic (Hertwig & Pleskac, 2010)
assumes that people store all experienced outcomes and use the running overall mean as the
current impressiarFinally, theinstancebased learning mod¢IBL ; Gonzalezt al, 2003
assumes that people store each unique outcome from an optio@@stamce,O and that these
become more activated with each repeatszlirrencdut also decay over time. Under i,
impressions of options are formed as the blendedJietghted average) of the instances of an
option weighted by their probability of retrieval.

After updating their impression of the sampled option, decision makers compare their

impressions of ezdn option.In the Stopping Decision stage, thegn decide whether or not to



stagp search by referring to their stoppinger. If the organism decidet® continue search, it will
return to the Search stage and repeat the cycle. If it decides to stop $ealicleave the cycle
and consumé.e., choose)rn optionMore research is neededdmow people select stopping
rules Severalnormative and descriptivioppingmodels have been proposed thssume that
stopping decisions arefanctionof bothsearch costs and the current state of the impression
comparisor(Busemeyer & Rapoport, 198&8ther models suggest thaganismsstop search
when their working memory capagihas been filled (Hertwig, in prés$/loreover, aecent
metaanalysis of paperon decisions from experienbas founcevidence for consistent
individual differences in stopping rules, suggesting that different pacpleedifferent costs
during searcliWulff & Hertwig, 2014).

How does competition affect search rules in decisions der uncertainty? Papers 1
and 2 address a critical reabrld search cost that hpseviouslybeen ignored in the decisions
from-experience literature: threat ofcompetitionIn many realworld environments, from
mateselection to housinghoice, orgalsmssearchor information in the presence of
competitors who can consume options duthrgsearchprocessWhile it seems clear that
organisms should reduce search in the presence of compétisextentto which the presence
of competition should &kct exploratiohexploitation tradeoffs remains uncleaFurther, § it
always better to be faster than an oppomans it sometimesetter to be more patient and allow
competitorgo choosdirst? What characteristics of the environment affect optsaalch
strategiesn the presence of competiti®d®escriptively how do organisms jointly manage
uncertainty in their natural (i.eoptions) and social (i.edegree of competition) environments?

To answer thesguestiors, we created a new task calle@ tiompetitive Sampling Game

(CSG).In this game, two players have the option to repeatedly sample from options before



making a choicen afirst come first servedbasis In paper 1, we introduce this game and use
both mathematical and agdmsed simulatin analyses to generate predictions for how people
should make decisions in the task and test those predictions in an expahi@éntd that real

participants do indeed drastically reduce their search in the presence of competition.

Paper 1:Rivals in the dark: How competition influencessearchin decisions under
uncertainty
Phillips, N. D., Hertwig, R., Kareev, Y& Avrahami, J. (2014). Rivals in the dark: How

competition influencesearch indecisions under uncertain@ognition, 1181), 104119.

Organisms in the real worldhust frequentlymake decisions under uncertainty, where the
set of possible outcomes and the qualities associated with each outc@npeiareunknown.
To shed light ortheseoptions, including their poteial outcomes and pralbilities, organisms
canengage irasequential search process. For example, humans can go on dates with potential
mates, and bees can sample flowers in a patch. Because search invtloeldezdn be costly in
terms of time, energy, and missed opportasjtorganisms must develop effective strategies that
produce valuable information withoexactingexcessive costs (Pirolli, 200 To understand
how people conduct pr@ecisional information search decisions from experiencelertwig et
al. (2004) devieped the sampling paradignm whichdecision makerare presented with
severak priori unknown optiongi.e., gambles) and can learn about thieyrdrawing random
samplesAlthoughthe sampling paradigm is certainly a better modehafyrealworld
decsiors than isthe decisiongrom-description paradigm, it still ignores a critical readrld

search costhe possibilityof competitors consuimg good options during search. For example,



the longersomeonespend looking for a flat in a new city, the metikely other flathuntersare
to snap ugood options. Moreover, becawsfathunterdoesnot know exactly how many other
searchers there are and how quickly tbay be expecteid make a decisiortompetition
presentan additional form o$ocial unertaintyon top ofuncertainty about options

How do organisms jointly manage this social uncertaatapgside theincertaintyabout
options?To answer this questionje developed a negamewe call the Competitive Sampling
Game (CSG). In the game, twar (potentially more) decision makers conduct a simultaneous

search for information abotwo (or potentially more) choice optioifsee Figure 3)

Player 1 UnA UmnB Player 2

Decision Sample Outcomes Decision

“Sample A” — @ <--"“Sample B”
“Sample B” > @ <--"“Sample B”
“‘Sample A” — @ € “Sample A”

“Take A” “Sample A”

Chooser END Recelver

Gets EV of U A Gets EV of Urn B

Figure 3 Diagram of the competitive sampling game (C3yers draw samples with
replacement from urng the same rate until one player decides to stop and choose an
urn. This ChooserO gets the expected value of her chosen urn and the remaining player,

the @eceiverO gets the expected value of the remaining urn.



The basic rules of the CSG are as folloasth players begin with one samtern an
option of their choosinglhey are then both asked if they would like to make a decision or
continue samplingPlayerscontinue the cycle ofrdwing sampleas long a®oth wish to
continue As soon as one playisrready to make a dision, the faster OchooserO takesoption
of his or her choice, leaving the remaining option to the OreceM@r@ach playeobtainsan
option, they are rewarded with the expected value of the optionOs underlying probability
distribution.

The CSG forces players to make a traffebetween information quality and decision
speedThe more samples a player takes, the batean estimate the optionsO kiegn gains
and the bettehnis expected decisions will be; however, wititore samples comes a higher chance
that the other player will stop the game and take the better optierCSGshareghe
competitive aspect afxisting games of timin¢Dutta & Rustichini, 1993)where two players
independently decide whether or notaked an existing reward tw wait for a larger reward in
the future. Howevethe CSG departs from these games because players must deal with
uncertainty with regardot onlyto their social environment, but also to the choice environment.
In the CSG, rewas do not increase over time by a wadfined rule (as is the case in dixig
games of timing); instead, what increases is the quality of cheleeant information.

To generate normative benchmarks fordhene, waused mathematical analyses and
simulation methods teompare the performance of multiple strategies irCti& Because
search costs in theSGdepend on social environments, we simulated decision strategies in three
social environments representing different degrees opettion speed. Wéound that an

omnipotent decisiomaker who knows exactly how long her competitor will search should take



one fewer samples than her competitor. However, if a player does not know exactly how long her
opponent will search (as is the case in virtuallyedlworld competitive tasksjhen the player
should dramatically reduce search relative to her expectatidres opponentOs search lendth
other words, wéound that it is much better to undestimate an opponentOs search length, by
any amount, thato overestimate an opponentOs search ldngtven one sample. Moreover,
we found that the only sampling strategy that guarantees obtaining the bestoptdess than
50%of casess a onesample strategy we call the Otak@denough, otherwisehiftO heuristic.
These results suggest that participants should not only qualitatively reduce search in competitive
contexts, buthatthey should reduce it to almost minimal amounts.

To see how much people actually reduce search in competitive comtextaggroups
of university students playe competitive sampling game for real miamg rewards. Consistent
with ournormative predictions, people playing in competitive contexts dramatically reduced
their searcibfrom a median of 18 in a solitary cotidn, to just 1 under competition. In terms of
rewards, while fast choosers in the competitive condition obtained fewer rewards than solitary
participants, they nonetheless outperformed slower receivers in the competitive conditien. Thes
results are consient with oumormative analysis and show that people are willing to
dramatically reduce their exploration levels in the presence of competition.

We expanded these analysesdiyulating the effects of differestatistical
environments that can eithesward or paish minimal search. We&how that onesample
decisionmaking using the Otakmodenough, otherwisshiftO heuristic will only be beneficial
in environments that satisfyrit distributional criteria. Weall thesenesamplefriendlyO
environments and prove their necessary criteria (see Appendix of Manuschlgxt,) weshow

why environmentvolving extremdy rare events should dramatically shift the benefits of fast



search in competitive contexts. Because competition dramatically reskares, we expect that
people making fast decisions under competition will tend to grossly underestimateaate
(see Hertwig et al., 2004) and choose options that appear good in theshplut have
potentially large losses in thengterm.

In paper 2, wause the CSG texplore how competition affects the evolution of decision
strategies. Weonduct a series gimulatiors where we evolve agents using different decision
strategies in environments with varying levels of competition. Consisténtiva results of
paper 1, we find thdrelative to agents in less competitive environm&sgents in highly
competitive environments evolve decision strategies that refigrdess informationMoreover,
consistent with the fast and frudeduristicsprogram (Gigerenzefodd, & the ABC Research
Group1999) these results suggest that evolution favors decision speed and satisficing over
absolute estimation accuracy.

Paper 2: The Janudace of Darwiniancompetition
Hintze, A., Phillips, N. D., Adam(., & Hertwig, R. (2014). The Jantsce of Darwinian
competition

Darwinian evolution is driven by competition. Organisms that successfulgooopete
others in obtaining resources, from food to mates, will replicate their genes in the next
generationwhile those that fail in competition risk their genetic future. In the process,
competitionforcessequential generations to become better adapted to their environments. While
this basic functional role of competitionafoundationin biology, it is untear how different
degrees of competition shape the cognitive capacities and decision strategies of organisms. In
other words, how do information search and decision strategies evolve in environments with high

versus low levels of competition? Will the eotive architecturegvolvedin highly competitive



environments be systematically more complex or more accurate than those evtdgsd in
competitiveenvironments?

In this paper, we provide initial answers to these questions using an evolutionary
simulaton. Inthis simulation, successive generations of agents play versions G5Gésee
Phillips, Hertwig, Kareev& Avrahami, 2014)n whicheach agentOs fitness is defined as its
outcomes in the game. Importantly, in contrast to the original versitie @$G, in this task we
assign a fullyrealized reference option to each agent at the beginning of each game. Thus, agents
are repeatedlfaced with the decision of choosing the reference option, sampling from an
unknown option, or choosing the unknowniopt In the simulation, we distinguish between
three kinds of competitive environments. In thdirect competitiorenvironment, each agent
plays the CSG with two options. Agents play alare each agentOs decision does not affect the
choice environmertf other agents. In this environment, competition happens at the population
level and not at the level of individual agents. Indirect competiton environment, agents play
the CSG with three options in paiesid each agentOs decisiorsaffect the boice set of other
agents. Here, an agentOs competitors can consume desirable options and remove them from the
agentOs choice set. Finally, in¢xtreme competiin environmentwe further increase the level
of competition from the direct competitienvironment by reducing the number of options from
three to two.

Across environments, agents evolved a high probability of choosing the reference option
when the sampled difference between the reference urn and the sampled option was high.
Additionally, the nore variability in option outcomes (defined as the variance of option
distributions), the morsamplesagentdrewbefore making a decision. This result suggests that,

in contrasto Phillips et al. (2014)Wwhere we assumed agents us#xed-NOsamplingsize rule,



evolutioncan be expected tirive organisms to dynamically adjust their sampling rules as a
function of the variability of sample outcomes. We found that agents evolved dramatically
different search strategies in the three competition envirotsn€he more competitive the
environment was, the less agents sampled the unknown option and the more likelgrthey
chaoose the reference option. Interestingly, the effect of option variability on search length
vanished in the extreme competitienvironment. Here, agents evolved to make a decision after
a single sampleaegardless of the variability in option outcomes. In other words, in extremely
competitive environments, organisms should evolve strategies that trade estimation accuracy for
fast chmsing. With regard to payoffs, we found that agents in the indirect corapetiti
environment evolved strategies that led to almost perfect choice performance. This is because
low competition allows organisms to sample extensively and obtain very accuiragges of

option values before making a choice. In contrast, agents in the extreme competiti
environment chose so quickly that they obtained payoffs ataineaice level.

In conclusion, the results from this evolutionary simulation confirm the keghitfsom
Phillips et al. (2014) that increased levels of competition should dramatically decrease search
efforts in decisions under uncertainty. THesther indicatehat evolution should drive
organisms in competitive environments to be less sensitivett@me variability (i.e
uncertainty) than organisms in solitary environments. This means that extreme competition can
inhibit the evolution of decision strategies that are sensitive to differences in environmental
uncertainty.

Summary of Papers 1 and®. These two papers add to the growing body of research on
decisions from experience by introducithg CSGa novel variant of thdecisionsfrom-

experience paradigm that allows researchers to measure the effects of competition on



information search rule®\s we describe in our papers, we belithetour results have direct
implications for how entities from hermit crabs to pharmaceutical companies make deéisions.
a final example, @nsider the case thedrug Vioxx. Oh May 20, 1999, th&JS Food and Qg
Administration EDA) approved the antnflammatory drug Rofecoxib under the brand name
Vioxx. This drug gained immediate and widespread acceptance from doctors and patients, many
of whom foundt the only wayto get relief from arthritic pain. Doctogescribed Vioxx to over

80 million people, and the drug quickly generated over $2.5 billion in sales revenue for its
marketer Merck & CgORofecoxi2014) However, after less than five years on the market, it
became apparent that Vioxx presented aniakeof heart attack and stroke from leteggm, high
dosage use. In September 30, 2004, Merck withdrew Vioxx from the markéteacoimpany

was forced to set aside $4.85 billion for legal claims from pat{@Rofecoxil®d 2014)While

we do not know focertain whether Merck rushed the drug to market without adequate testing,
our results suggest that the highly competipliarmaceuticahdustry mayhavepushed Merck

to Obet@o quickly on a drug with sheterm gains, but longerm lossesPerhaps ithe
pharmaceuticahdustry werenot so competitive, companies would spend more time developing
and testing drugs before bringing them to market.

In papersl and 2 wedescribed how people could use external search to improve their
outcomes in decisions dar uncertaintyln the next section, wghift to anotherpossible
approachharnessinghe wisdom of crowds within one mify means oflialectical
bootstrapping. But befornge begin, let us taketap backto 1906 when a scientisat a fair

made anotable discovery that still resonates today.



The wisdom of the innercrowd and dialectical bootstrapping

Sir Francis Galtori1822 1911)was aprolific scientist who published over 340 papers
and books in myriad fields including statistics and anthropol@drgncis Galtg92014)
Despite (or perhaps as a result of) his educaBorfrancis Galton did not believe in democracy.
For Galton, the general population could not be trusted to make important election decisions. To
test his beliefshetook advantagef an opportunitythat presented itsedt a livestock faihe
attendedn 1906 The fairhada prediction contest where faorgrs were asked to estimate the
weight of an ox. Each fairgoer wrote his or Bstimateon a piece of paper ampdacedit in a jar.
After everyonénad made their predictions, Galton gathered the estimates and compared them to
the actual weight of the oklavingexpectedheestimates of these lowelassfairgoersto be
highly inaccurate, he was shocked to find that the group as a whole was incredibly accurate:
While the true weight wa$,198,the groupmean estimate was 1,197 pounals error of only
onepound

GaltonOs discovery was not a fluke. Rather, it is a ckssiopleof what is now known
as thewisdom of the crowdd he wisdom of the crowds describes scenanieghichthe
aggregate (usually arithmetic mean) estimate of a group outpsieenthe most accurate
estimate of a singlmember of the group. The wisdom of crowds is a rather straightforward
mathematical implicationf error cancellatiorBy way ofillustration, let usconsiderthe case of
two media figureDick Morris (a Republicanbut former adviser to President Bill Clintpand
Jim Cramerhost of CNB®4elevision showDMad Moneyln November 2012, these two men

each predicted the electoral college outcome of the upcoming 2012 US Presidential election

(Figure 3:
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Figure 4: Exampk of error cancellations in aggregated judgments. The average estimate
of the number of votes for Obarisamuch closer to the truth thaeither judgeOs

original estimate.

Dick Morris challenged existing poll results apobjecteda landslide victorydr Romney,
predictingthatObama would wironly 213 of a necessary 270 vo{déorris, 2012) Jim Cramer
made an equally bold predictitwitin favorof Obama, projecting a 44fbte victory for the
incumbent(Fitzgerald, 2012).

On the evening of November ®bama wonhe Presidentiaklection with 332lectoral
collegevotes. Looking back at Morid@sind CramerOs predictions, both were way off the:mark
Morris underestimated ObamaOs vote$19(|213D332) andCrameroverestimated b§27
(|1440D332). On average lte two pollsters were off bgn astoundindg23votes. However,
consider theccuracy of theaverageof their two predictionstheir averagesstimate 0826.5

deviated fronthe true valudy only5.5voted How is it possible that the averageimsiteis so



much more accurate théme prediction oeither individual pollster? The reason is error
cancellatiorbbecause the two estimates had large opposing errors (one positive and one
negative), their averageas much closer to the true answer thaherindividual estimate.

The inner-crowd. While extensive psychological research has been conducted on the
wisdom of crowds since the 197(@sg, Hogarth, 1978)researchers hawmly recently applied
the phenomenon tanindividual judges inner-crond (Herzog & Hertwig, 2009Vul & Pashler,

2008. In Figure5, | present a conceptual overview of the processes undethgrngnercrowd.

Choosing or Averaging or Weighting

Y C1 W1 A W>

Estimate 1 Estimate 2
Conbdence ->
Choosing? |-» Conbdence Conbkdence
’ High or low? T High or low?
Paper 4
Apply Strategy Apply Strategy
1. Search LTM? 1. Search LTM?
2. Calculations? 2. Calculations?
I Dialectical
Select Strategy - P Select Strategy
1. Cue? Instructions 1. Cue?
Estimation 2. Exelmp|a"5? 2. Exemplars?
...............................................................................................................................
What is the population How rguch of the‘
planetOs surface is
of Los Angeles County? )
covered in water?
What is the probability ;
that a man with a R BayeSlF_Jm
. positive HIV test really Reasoning
Question has HIV? Paper 3

Figure 5: Conceptual model of processes underlying the wenawd.In paper 3, we
explore the benefits of the inmerowd on Bayesian reasoning judgments. In paper 4, we
test how people can outperform the simple average of theiranoed by using

confidencebased choice.



The innercrowd works as followsAfter viewing a question, judges follow three phases.
In phase 1 (leftsideof Figure 5, theyform an initial estimate. This estimation phase contains
two parts: strategy selection and strategy application. In the strategy selection part, the judge
decides bothwhat kind of estimation strategy to use and whichnmiation to use within the
chosen strategy (e,gvhich cues to use, which exemplars to search Rygviousnnercrowd
research has provided only a general statistical description of the estimation pyocess
describing strategies as a combination wtfity bias, and random error (Herzog & Hertwig,
2009) In papers 3 and 4, we take a thebaged approach to understand the stratéigats
people useln paper 3, where judges are faced with a probabilistic estimation task, we assume
that judges select orid many simple intuitive strategies. paper 4, where judges estimate
county populations based on binary cues, we assoatgudges follow an exempldased
model of estimation (specificalljuslin et al. 02007, Nasve Sampling/odel)andselect a
probecue to search loaerm memory.

In the secondapplicationpart, judges apply their stratetp derive final estimates. For
the probability estimation taslescribed in paper, 3his would mean following the arithmetic
calculations dictated by the seled strategy (i.eaveraging the basate and hirate). For the
county population estimation taskpaper 4this could mean searching letgrm memory for
examples of counties that are similar to the tasgetified in thejuestion (e.gwhat counies
do | know that are similar to Los Angeles county?), and then using the populations of those
examples to estimate the population of the unknown target.

Dialectical bootstrapping. After deriving theirfirst estimatejudges either immediately
begin a seand estimation phase or undergo an intervention (such as ddlme Vul & Pashler,

2008) designed to increase their estimate divelsitgur researchwe focus ordialectical



boastrapping,a method of increasing the diversity of the inoswd (Herng & Hertwig, 2009
20144 2014b).In dialectical bootstrapping, judges are explicitly encouraged to generate second,
dialecticalestimates thdtave different signed errors thatheir original estimates. To thesnd
dialectical estimates shoutdly ondifferent knowledge, assumptions, or strategies than

initial estimatesio. Going back to the U.S. Presidential election example, if a personOs first
estimate looks like Dick Morr@8sher dialectical estimate should look like Jim CrafsaWhile
dialectical bodstrappingdoes not specify a singtkalecticalintervention, Herzog and Hertwig

have typically used Lord,epper andPreston{4984 considerthe-oppositetechniquewhich
encourages judges to think of reasons why their first estimates maypéan wrong, and to

derive new estimates on thasis of those considerations. In several studies, Herzog and Hertwig
(2009 20144 20140 havefound that consider the opposite instructions do indeed decrease
signed error correlations, and increase sgibset averaging gains, between first and second
estimates relate to control groups. Howevehe specific process underlying this change in

signed errors has not been studied. In papers 3 and 4, we explicitly model the effects of
dialectical instructionsn strategy change and averaging gains in two new estimation paradigms
In paper 3, we apply dialectical bootstrapping Begesian reasoning paradigmd explore

how dialectical instructions change strategy use and subsequent averaging gaiesdrt diff
statistical environment¥Ve propose that people can use dialectical bootstrapping to combine
multiple, nonBayesian algorithms to become more Bayesian without any knowledge of Bayes

theorem.



Paper 3: How the innercrowd can help nonrBayesians becomenore Bayesian
Phillips, N. D.,Herzog, S & Hertwig, R (in prep. How the inneicrowd can help non
Bayesians become more Bayesian.

Are people intuitive Bayesian8ayes theorem states that people should update their
probabilistic beliefs by irmgrating baseates (prior probabilitiesyith new information in the
form of a hitrate (the likelihood of an event given a hypothesis) and a#tdsm rate (the
likelihood of an event given an alternative hypothesis). In the 1960s, Ward Edwards ¢thamed
people rely too much on basate information and do not sufficiently update their beliefs in the
presence of new information (hiates and falsalarm rates). However, they are close enough to
the Bayesian norro belabeled Oconservative Bayestar(&dwards,968. Fastforward to
1972 at the start of tHeeuristicsandbiases movement, and it seeraaderave been
bamboozled. Accordi to Kahneman and Tversky (19780t only are people not Oconservative
Bayesians,O theye Onot Bayesian at.@ln particular Kahneman and Tverksy suggested that
people routinely violate normative rules by usin@epresentativenesguristic@hat completely
ignores baseate information.

Since the 1970s, evidenhas been accumulatirtigat people cannot begply
categorized as Oconservative BayesiansO or Onot Bayesian at all.dopteagiply a variety
of simple strategies that use and combine statistics in different ways (McKenzie, 1994)
Moreover, @pending on thetatisticalenvironmento whichthey are applied,tsategies have
different biaseselevant to Bayes theoresome tend to have positive biases (ex&tiimate),
others to have negative biases (ureltrmate) Against this backgrounaan people improve
their Bayesian reasoning judgmentshiaynessing an inn@rowd of nonBayesian strategies? In

other words, can judges become more Bayesian by being both Oconservativel@r{geoo



much on baseates) and Onot Bayesian at allQ {georing baseates) in one mind? Moreover,
can dialecticalbootstrappingncrease strategy diversity and subsequent averaging gains?

Dialectical bootstrapping & method of boosting the benefits of the inogwd (Herzog
& Hertwig, 2009) The procedure works by having a judge generate both an initrabésto a
problem and a secondialecticalestimate based on different considerations and assumptions.
Judgesthencombine their estimates by averaging them into a single, final estimate. Previous
research suggests that dialectical bootstrapping inareatienate diversity and subsequent
averaging gainsHerzog & Hertwig, 200920144 2014). However, no study has directly
modeled discrete strategy change in the wmnewd framework. Thus, it is unclear to what
extent dialectical bootstrapping producgslitatively different strategyse in one mind. In this
paper, welirectly measure strategy use and strategy change in the Bayesian reasommg task
simulation study followed by two experiments

In a simulation study, weok simple strategies propabsm theliterature (Gigerenzer &
Hoffrage, 1995McKenzie, 1994 and simulated their solitary performance relative to Bayes in
two different environments. In the OValid CueO (VC) environment, cue valuesaaruethe
entire probability spacevith theadded restriction that falsdarm ratesveresmaller than hit
rates. This is a highlyncertainenvironmentin whichit is difficult to predict cue values in
advance. In the ORare Event plus Valid CueO (RE+) environmentateaseere small, hitates
were large, and falsalarm rates were small. This environment represents importaswoeal
environments in which judge predicthe probability of a rare everg.§., arare diseagebased
ona cue with a large hitate and a small falsslarm rate €.g.,a medical test). In addition to
being of interest for domaispecific reasons (e,gnedical reasoning), this environment is

known to produce large opposing biases in simple strategies that ignore one or more cues



(McKenzie, 1994)If a person combgs strategies with different biases in this domain, they
could potentially reap large averaging gains.

The key results from owimulation were as follows: First, strategies had much larger
biases in the RE+ than the \@Dvironment Second, consistent withur predictions, averaging
gainswereconsistently higher in the RE+ than the ¥@vironmentFinally, averaging two
strategieded to larger averaging gains when the two stratelgge®different baseate usage
(i.e.,, one uses bag@ates and one ignorésserates) than when they have the same -atse
usage. These results suggest that if people construct multiple strategies and combiheyhem
stand to improve their accurabespecially in RE-environments

We tested our simulation resuitstwo online experiments. In both experiments,
participantsvere first presented witbeveral Bayesian reasoning probldh required therto
estimate the probability of an event givaformation on thédaserate, hitrate, and fals@alarm
rate. Instudyl, the problems were vignettes takfrom GigerenzeandHoffrage(1995). In
study2, the problems were given in a standardized Oboxes and ballsOAtnpaaticipants
then gave a second set of estimates to each prolieontrol conditions, participantsene
asked to estimate again as if they were sethi@groblenfor the first time. In dialectical
conditions, participants read OconsithexoppositeO instructions that directed them to actively
construct a new strategy.

We used statistical modeling tealques (Lewandowsky & FarreR010 to classify the
strategy each participant used in each estimate pbas® these classifications, weuld
determine whether or not a participant used the same strategy in both phases (possibly with

different applicabn errors) oused a categorically new strategy.



Our key results were as follows: First, participants given dialectical instructions were
substantially more likely to change strategies thvarecontrol participants. This is the first
analysis to demongstte this effect. Second, participants who switched strategies between first
and second estimates reaped larger potential averaging gaimsdipanticipants who
maintained the same strategy with random eflfbe. effect was even stronger when participant
switched between a strategy that did not use-tmtesandone that did use basates.These
findingsdemonstrate the importance of strategy diversity in averaging gains. Fooaibjstent
with our simulation results, the effect of strategyitchingon averaging gains was larger in RE+
environmentghan inVC environments. This suggests tdamains with extremnlg rareevents,
where people traditionally do poorly relative to Bayes, are especially conducive to averaging.

In summary, wdind that peofe can indeed improve their estimates in Bayesian
reasoning tasks by using dialectical bootstrapping. Importantly, they can do this without any
training in Bayesian reasonit@gnd withoutchange irstimuli formats (e.g.Gigerenzer &

Hoffrage, 1995)While we do not suggest that dialectical bootstrapping i®ést¢solution to
QixingOerrors ina Bayesian reasoning task, our results do show that dialectical bootstrapping is
an effective method for people to impraveir estimates in tasks where the optimade is

unknown.

Confidence in the innercrowd: Can choosing outperform the average?

Most rior research oboth the wisdom of crowds and timmer-crowd has tested the
accuracy of thaverage (i.e simple meandf the crowdrelativeto individual judgnents(e.g,
Herzog & Hertwig, 200920144 2014h Vul & Pashler, 2008 However bothadvicetaking
(Soll & Larrick, 2009) and wisdorof-crowds (Surowiecki2004 researclinas identifieccases

wheretheaveragecan be beaten lstrategieshat favor one ésnate over another. Specifically,



when estimates are highly correlated (bracketing rates are low) and one estimate is much more
accurate than the other, it can be better to choose the more accurate estimate than to take the
mean (Soll & Larrick, 2009)Are there cases in the inrenowd where these conditions hold and
people can outperform averagibg choosing a single estimasnd could confidence be the
key?

Confidence has gotten a bad rap in cognitive psychology. A long history of confidence
researclwith both laypeople and experts (notably physici&twistenserSzalanski &
Bushyhead, 1991suggests that people are much more confident in their judgments than
empiricallywarranted® However, despiteeliably finding datandicative ofoverconfidene,
researcherbavealso consistentljound that confidence is a valid cue to accuraey(Winkler,
1971;Yaniv & Foster, 1997Yates, 1990 In other wordsalthough people are generally
overconfident, thenoreconfident they are in the@stimates, th more accurate their estimates
will be. No previousresearch has tested the accuracy of confidence judgments in thermudr
context If high-confidence estimates tend to be more accurate thandafidence estimates,
thenchoosinghigh-confidence esnatescould potentiallyoutperform simple averaging.
However, if confidence is weakhglated to accuracy, then choossauld backfire and lead to
worse performance than simple averagingaper 4, we propose that people cancasgidence

ratingsto boost the effects of a choosing strategy in their kumewd.

Paper 4. Confidenceand Dialectical BootstrappingFacilitates Choosing inThe Inner-

Crowd

3 But see the debate on whether overconfidence is a true phenomenon or the result of improper
measuremer(e.g.; Erev, Wallsten & Budescu, 1994).



Phillips, N. D.,Herzog, S KSmmer, J.& Hertwig, R. (in prep). Confidenceand Dialectical

Bootstrappind-acilitates Choosing ifthe InnerCrowd.

A growing body of research has shown that people can improve their judgments by
harnessing a diverse inrerowd (Herzog & Hertwig, 200920144 2014h Vul & Pashler,
2008. In the same wagsgroups of diverse individuals can produce an aveatgment that
outperformghat ofeven the best individual member, a single person can benefittrbining
multiple estimates drawn from a diverse pool of internal information and strategies.
Previousstudies on the innecrowd havefocusedon the accracy of theaverage
(arithmetic meandf an individualOs innerowd. There is good reason for thisgtarithmetic
mean is an elegant combination rule that benefits from error cancelation amongst diverse
estimates with opposing errossdvice-taking reseah has showrhat trying tohasethe
experty choosing one estimate and ignoring the rest outperforms taking the arithmetic mean
only whenthree strict criteria are mgi) Errors must be highly correlatedd., bracketing rates
must bdow), (b) the accuracy of one source (i.advisor) must be substantially higher thiaat
of the other, an¢c) the most accurate source must be easily detected. If any of these conditions
fail, chasingthe expert will lead to poorer performance than taking the lemmpeanif all
conditions holghowever chasingheexpert can be the better strateGgn these conditions be
satisfied in the innecrowd? If so, is confidence the key?
On the one hand, relying on confidence judgments to improve estimation seeans like
foolOs errandWhile people trust higlsonfidence advisers more (Snie&kan Swol,2001)
and give more weight to advice from advisers with high confidence than those with low

confidence (Yaniv2004), many researcheexguethatconfidence judgments @notoriously



inaccurate (Glaser, Lang& Weber, 2013Soll & Klayman, 2004 andtheresultof a biased
information processing system (elglayman, Soll,GonztlezVallejo, & Barlas, 199).
However, acountermovemensuggests thahis picture of the gstematically biased judgis
wrong. Rather than beirgased information processehumans might b@aeveintuitive
statisticiansFiedler & Juslin, 2006Jjuslinet al, 2007 who are unbiased in their assessment of
sample information, but nasve witbspect tgotential sampling biases that might mékeir
sample unrepresentative of the respective popula@ionsistent with the nasve intuitive
statistician idea, there is evidence that confidence judgments do contain veridical information
about estimes althoughpeople are generally overconfideodnfidencds a reliable predictor
for accuracy €.g, Winkler, 1971 Yaniv & Foster, 1997Yates, 1990 In other wordspeopleOs
(overconfident) higkconfidence estimates tend to be more accurate thar(ghie
overconfident) lowconfidence estimateAccordingly,advicetaking researchas foundhat, in
some cases, the optimal way to aggregate information from two judges is tmaggram
confidence slatingpeuristic, where the advice from the moshfident judge is taken and the
advice from the least confident judge is ignored (Koriat, 2012). But will the benefits ef high
confidence choosing carry over to the irnnsywd? Are multiple confidence judgments from the
same mind sufficiently correlatedth accuracy to allow choosing to outperform averaging?
Finally, do people actually rely on their confidence judgments when deciding how to aggregate
multiple estimates from their innerowd?

To measure the descriptive and normative role of confidentteeiinnercrowd, we
createda cuebased estimatiostudy where judges gave repeated estimates and confidence
judgmentsin eachof 16 questiors, judges(i.e., participants iran empiricaktudy and agents i

simulation)estimate the population of a e#, but unnamed U.8ounty based on four binary



cues. In ddition to giving their population estimates for each coyntyjgesgave 90%
confidence intervals. After givingitial (phase 1pstimatesjudgeswere assigned to one of
three conditions: one otrol, and two dialecticalludgesn thecontrol condition were told to
give a second set of estimates as if they were seeing the questions for the first time. Those in the
dialectical Oconsid¢ne-opposite@D-CTO) condition read Lord et al.(984)Oonsiderthe-
oppositeO instructionBhese instructions have been used in previous dialectical bootstrapping
research to increase estimate diversitgally, those in the dialectical Oconsidérer
exemplarsO @@OE) condition read a novel set of instians that we explicitly designed to
increase estimate diversity for people using an exeryalsed modeof estimation €.g.,Juslin
et al. Q2007 ,Nasve Sampling ModeNSM). In phase 2judgesgave a second set of estimates
and confidence intervals feach county. Finally, in phase 3, we removed the county cue values
and askegudgesto make their best estimates based solely on their previous responses from
phases 1 and 2.

In order to make predictions for how confidence should be related to accuthrsy in
task, we conducted an agdratsed simulation where agegtsve NSMbased estimates for the
same stimuli given to owxperimental participants. Among other variables, we assigned each
agent a longerm memory storage composed of exemplars of US @&syat shorterm memory
capacity, and an estimation strategy consistent with the three conditions in thé\&uayd
three key simulation results: First, confidence was highly correlated with estimate accuracy.
Second, for the majority of agents, chagshighconfidence estimates outperformed averaging.
Finally, (simulated) dialectical instructions increased the benefits ofdughdence choosing.

Ourempiricalresultslargely coincided with our simulatiolVhile participants were

generally overconfidnt, high-confidence estimates were consistently more accurate than low



confidence estimatder a majority of participantsThus, confidence waadeed a valid cue for
accuracyWhen wecompared the estimate accuracy of taking the simple avestageeto

choosing higkconfidenceestimates for each participante found that higitonfidence choosing
outperformed both initial estimates and average estimates for a majority of participants.
However, for those participants where confidence was unrelateducaay, averaging

outperformed choosind\dditionally, dialectical instructioneeliably boosted th@otential

benefits of highconfidence choosindrinally, modeling results suggested that most participants

did notuse confidencéased strategies and tead either used a simgeragestrategy or

chose their first or second estimates. Thus, most participants could have improved their phase 3
estimates by relying on their confidence estimates more than they actually did.

In conclusionthis paper proves new insights into how people do, and should, benefit
from their innercrowd. While previous research on the imeeowd hasemphasized gains from
averaging estimatesje find thatpeople can use thaonfidence judgments, a muderided
measureto exXractbettergainsfrom their innercrowd. Moreover just as dialectical
bootstrapping increases gains from averaging, it can also increase gains fraortiigence

choosing



General Discussion

In 1955, Simon struck dowmomo economicusn its place he left the outline of a
boundedly rational decision maker who makes OgoodghO decisions giveriormational,
physiologica) and psychological constraints that prevestfrom applying rational, normative
models of decisiomaking.In this dissertabn, | have attempted to fill in a small portiontbfs
outline by showing how people can make good decisions in competitive environments (papers 1
and 2) and apply the wisdom of their inoe@owd to Bayesian reasoning (paper 3) andlmased
estimationtasks(paper 4).

Bridging Research Gaps

In this dissertation, have soughto connect research areas thed typically kept
separate. In the process, | show how each area can provide critical imgtmtits othes.

Game theory and psychologyln ourwork on the CSG ankdow competitionaffects
decisionaunderuncertainty, we connect behavioral game theory research (specifically economic
games of timingDutta& Rustichini, 1993) to psychological models of information search in
decisions under uncert&n(Hertwig et al., 2014). Isodoing, we highlight shortcomings in
each individual approachVhile behavioral game theory provides a rich account of how people
should (angto some extent, do) make decisions in competitive @s&merer, 2003), it
typically ignores uncertainty at the level of choice options and instead assumes that decision
makers have coptete knowledge of all options. While psycholagyd behavioral ecolodyave
producednodelsexplaininghow organisms manage uncertainty in#&akld decision making
through information searclipdating, and stopping rulggevious research héasiled toaddress

how competitionaffects decision making under uncertainty. Gitlepromisinginitial results



derived fromthe CSG in this dissertation, | @ that the CSG wilbecomea new tool for
behavioral game theorists and psychologists to collaborateeorcrommon questions.

Estimation and group aggregation.In our workapplying the innecrowd to Bayesian
reasoning and cdieased estimation, weeekto connect disparate lines of research on estimation
on the one hand, and group aggregation (wisdom of crandisdviceaking), on the other.
Previous work on estimatidmas explored how people use caad/or exemplabased strategies
to derive best&imates and confidence intervals. Howewethis researcleontexf the
guestions stop once solitary estimdtase beemade. In Bayesian reasoning research, different
groups have claimed that people are eif@enservativeBayesiansOr Ghot Bayesiarat allO
Yet, this research ignores that people, from groups to individuals, can use a diverse set of
strategies that can then be harnessed to improve estimates relative to individual biased judgments
(paper 3). In confidence research, researchers plalsagsetoo much focus on the accuracy of
individual confidence judgments and miss the fact that even biased individual confidence
judgments can be used to improve the judgment of a group (paper 4).

We also show how advidaking andvisdomof-crowds reseah can stand to benefit
from estimation researcBpecifically,we used simulations to establish the ecological rationality
of different aggregation methods (j.averaging versus choosing).the Bayesian reasoning
domain, we modeled the estimation aexy of both individual and averaging strategies to
reveal specific statistical environmetist benefit averaging.e., ORE+@nvironmentshat pair
a rare event with a diagnostic cue). Additionally, we found characteristics of stré&degies
specifically, use of baseate informatiorbthat predict when averaging will benefit accurdey.
the cuebased estimation task presented in paper 4, we used Juslin et alfPN£209 Sampling

Model to predict when people should use the average of theirecnowd and when they should



insteadchooseheir highconfidence estimateResults ofan agenbased simulation using
psychologically grounded assumptions (including limited working memory spans, finite
exemplars stored in loAgrm memory, and noisy retrieyalocessesndicatedthat most people
should have a high correlatioetiveen confidence and accuracy in the task and thus benefit
from confidencébased estimation. Accordingly, in our study, we found that most participants
stood to gain much more from aging their highconfidence estimates th&énom taking their
average.
Conclusion

This dissertation demonstrates two waysvhich people depart from the mythidabmo
economicusBy adaptingnformation searclho the presence of competition ataghping ntothe
wisdom of crowds within one mintthroughdialectical bootstrappindleshrandblood organisms

can improve their decisions under uncertainty.
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In choices between uncertain options, information search can increase the chances of dis-
tinguishing good from bad options. However, many choices are made in the presence of
other choosers who may seize the better option while one is still engaged in search.
How long do (and should) people search before choosing between uncertain options in

the presence of such competition? To address this question, we introduce a new
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experimental paradigm called the competitive sampling game. We use both simulation
and empirical data to compare search and choice between competitive and solitary
environments. Simulation results show that minimal search is adaptive when one expects
competitors to choose quickly or is uncertain about how long competitors will search.
Descriptively, we observe that competition drastically reduces information search prior

! 2014 Elsevier B.V. All rights reserved.

1. Introduction

Whether the question is what to eat, where to live, or
with whom to mate, decisions are often made under com-
petitive conditions. This holds for species ranging from
humans to hermit crabs. Arguably choosier than humans
are about their housing, hermit crabs are always on the
look-out for new and better shells. Because the abdomen
of a hermit crab is extremely vulnerable, hermit crabs need
bnd suitable seashells to protect their vital organs in order
to pass their genes on to the next generation. When a sol-
itary crab encounters an empty shell, it thoroughly
inspects the potential new home. The crab will meticu-
lously explore the outer surface of the shell looking for
holes and weak points. It will then insert its vulnerable
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abdomen into the shell opening to see whether the
potential new home is a good bt. If the shell passes this
thorough inspection, the crab may decide to discard its
current shell and exchange it for the new one. However,
when a group of crabs simultaneously encounters an
empty shell, each individual crabs® search process is dra-
matically truncated. In this competitive situation, the crab
nearest to the shell will make a split-second decision on
whether or not to take it based on a brief visual inspection
alone (Rotjan, Chabot, & Lewis, 2010).

Swap the hermit crab for a human and the shell for a
television on a clearance rack, and intuition suggests that
human behavior may be similar to that of hermit crabsO.
On a slow shopping day, the leisurely shopper can take
his time deciding whether or not to buy the television.
He can thoroughly examine the televisionOs attributes, look
up expert reviews on his smartphone, or take advantage of
the wisdom of crowds by soliciting advice from friends on
a social networking site. However, on a frantic shopping
day like Black Friday, the same shopper is likely to behave
very differently. Surrounded by dozens of other eager
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shoppers, he might spend only a few moments looking at
the television before deciding to grab it before someone
else does. Why might competition reduce pre-decisional
search so dramatically? What costs and benebpts do organ-
isms reap by reducing their search efforts in the presence
of competition? What factors in choice options and the
social environment affect good search rules? In this paper,
we seek to provide initial answers to these questions using

a new experimental paradigm that we call the ~ competitive
sampling game.

Organisms rarely have complete and certain informa-
tion about options before making even the most conse-
quential choices; instead, they must make choices in the
darkness of uncertainty. To shed light on the available
options, they must learn about those optionsO possible out-
comes and their associated probabilities through an
exploratory search process ( Real, 1991). Most people go
on dates before proposing marriage, vacationers research
and compare hotels before deciding where to stay, and
hermit crabs inspect new shells before making a move.
After a period of exploration, organisms exploit an option
by making a long-term consequential choice. Exploration
and exploitation represent two diametric goals associated
with choice, namely, gathering information about options
(exploration) versus consuming an option (exploitation)
based on current information ( Cohen, McClure, & Yu,
2007). Although exploration provides organisms with
more information, it can come at costs in the form of
money, time, or lost opportunities. There is thus a tradeoff
between exploration and exploitation: If you search too lit-
tle, you might struggle to distinguish good from bad
options. If you search too much, you may suffer from
excessive search costs.

In solitary choice situations, the explorationbexploita-
tion tradeoff has been extensively studied both theoreti-
cally (Brezzi & Lai, 2002; Gittins, 1979; Gittins, 1989 ) and
empirically ( Gans, Knox, & Croson, 2007; Gro§ et al.,
2008), mostly in O©Omulti-armed banditOO problems in which
individuals attempt to maximize their payoffs from multi-
ple gambles with initially unknown reward distributions.
However, previous research on the explorationb
exploitation tradeoff has largely ignored a real-world
search cost that dramatically changes how organisms
behave: the impact of competition during search. Although
search affords more information about available options, it
also increases the risk that good option(s) will be taken by
competitors.

In this article, we research how competition affects
pre-decisional exploration from a descriptive as well as a
normative perspective. The essence of what we study con-
cerns supply and demand. In a solitary environment, the

OOsupply,O0 that is, the number of options available to choose

from, is stable. It cannot be affected by the actions of
others. Hence, a solitary decision maker can engage in
extensive exploration, allowing her to carefully separate
good from bad options at leisure before making a conse-
quential choice. In contrast, in a competitive environment,

OOdemandd0 increases and the danger lurks that competitors

will claim desirable options, leaving the thoroughly explor-
ing decision maker with an inferior option set to choose
from. With the increased tension between exploration

and exploitation driven by competition, decision makers
might be best advised to choose as soon as they detect
an option that is likely to be good enough. But when does
that moment come? Does search under competition
indeed become as truncated as the crabOs shell search
and the shopperOs television search suggest and, if so,
how good or bad are the resulting choices? To address
these questions, we take advantage of an experimental tool
that has recently been used to study the process of search
in a range of solitary choice situations ( Erev & Barron,
2005; Hertwig, Barron, Weber, & Erev, 2004; Weber,
Shabr, & Blais, 2004): the sampling paradigm from
research on decisions from experience ( Hertwig & Erev,
2009). In this paradigm, participants explore options with

a priori unknown underlying probability distributions
before deciding between them (exploration before exploi-
tation). In the present research, we pit a solitary variant

of this paradigm against a novel competitive variant that
we call the competitive sampling game.

1.1. Decisions from experience

In the sampling paradigm, a solitary player learns about
(i.e. explores) options with a priori unknown payoff distri-
butions that differ in value by sampling outcomes for as
long as she wishes, without Pnancial cost. When ready,
she chooses (i.e. exploits) her preferred option on the basis
of her sampling experience. This Pnal choice then results in
a real bnancial consequence, such as a random payment
drawn from the optionOs payoff distribution. Since the
information decision-makers gain through sampling
reduces uncertainty about options and increases the likeli-
hood of choosing good over bad options, a key measure in
the sampling paradigm is how long people search for infor-
mation before making a choice. Given that sampling has no
cost other than time, one might expect solitary choosers to
sample extensively, but previous research shows that pro-
tracted search is not the norm. Across studies, participants
have generally been found to take between 11 and 19
draws, or about 7 + 2 samples per option before making a
bnal choice between two gambles (for a review, see
Hertwig, in press ). Researchers have proposed several rea-
sons why people do not search extensively in solitary
choice: small sample statistics can be quite accurate where
differences are large enough to matter ( Johnson, Budescu,
& Wallsten, 2001 ), frugal search reduces choice difpculty
(Hertwig & Pleskac, 2010), short-term maximization
goals prompt limited search ( Wulff, Hills, & Hertwig,
2014), short-term memory constrains information use,
and opportunity costs mount as search continues
(Hertwig, in press ).

1.2. The Competitive Sampling Game (CSG)

In this paper we introduce a competitive variant of the
sampling paradigm called the competitive sampling game.
In the game, players choose between two options realized
as urns on the computer screen. Each urn contains 100 vir-
tual balls, with each ball bearing a number. The distribu-
tion of numbers in an urn dictates its value. Before
making a Pnal consequential choice, players have the
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opportunity to learn about the distribution of numbers in
each urn by drawing random balls (with replacement),
one at a time, from either urn as often as and in any order
they wish at no Pnancial cost. When a player decides to
stop sampling and chooses an urn, she receives the
expected value of the distribution of numbers in her cho-
sen urn. In the solitary condition, players play alone, as in
the sampling paradigm (see Hertwig et al., 2004 ). In the
competition condition, they play in pairs. Each player sam-
ples independently but at the same rate, meaning that all
players see the same number of samples. As long as both
players wish to continue sampling, they both do so. As
soon as one or more players decide to stop searching and
choose an option, all sampling stops and the choosing
phase begins. Players receive the option of their choice fol-
lowing the rule of brst come, brst served. If only one player,
the OOchooser,00 decides to stop sampling and make a bnal
choice, that player obtains her chosen option. This forces
the other player, the OOreceiver,00 to accept the remaining
option. If both players simultaneously stop sampling then
one of two outcomes can occur: If players want different
options, each player gets the option of his or her choice.
If both players want the same option, the options are ran-
domly assigned to each player.

The competitive sampling game is akin to OOgames of
timingOOutta & Rustichini, 1993 ), in which two players
independently decide when to stop a game and seize a
reward while the reward either increases (preemption
games) or decreases (war-of-attrition games) over time.
An example of a preemption game is the OOgrab-the-dollarOO
game, in which two players have the option of either
grabbing the money on a table or waiting for an additional
period, during which the pot increases by one unit (  Park &
Smith, 2008). The playersO dilemma is that they want both
to wait for a larger pot and to be the one claiming the
money. The competitive sampling game has the nature of
a preemptive race; here, the value of the options becomes
clearer over time, but the Prst person to terminate sam-
pling can decide which option to exploit. Nonetheless, it
differs fundamentally from previous games of timing in
that players face uncertainty not only about the otherOs
behavior but also about what is at stakeNthat is, the distri-
bution of each optionOs outcomes. In other words, the com-
petitive sampling game is a competitive social game
(Hertwig, Hoffrage, & the ABC Research Group, 2013 ), rep-
resenting situations in which organisms need to trade off
exploration of the quality of options for earlier exploitation
in order to reduce the risk of the best option being
snatched away by a competitor. In the following sections,
we address the normative question of how much search
is optimal in different variants of the competitive sampling
game, and then describe the results of an experimental
study.

2. How should accuracy and opportunity be traded off: a
simulation study

How should decision makers adjust exploration efforts
between solitary and competitive environments? To answer
this question, we began by making the following

assumptions about the choice ecology, sampling rules, deci-
sion rules, and social environment, respectively. Let us
emphasize here that our conclusions regarding good
sampling sizes in the game will be contingent on these
assumptions. In the discussion, we turn to alternative, more
elaborate assumptions and more complex environments.

2.1. Choice ecology

Each game presents players with two options with
two-outcome payoff distributions. Each distribution has a
positive and a negative outcome that occur with comple-
mentary probabilities. Positive (O *) and negative (O')
outcomes are drawn from uniform distributions ranging
from 0 to +100 and ! 100 to O, respectively. The probability
of the positive outcome p(O*) is drawn from a uniform
distribution with support [0, 1], while the probability of
the negative outcome p(O')is setto 1 ! p(O*). We debne
the option in the pair with the higher expected value
as the H option, and we debne the performance of a strat-
egy as its likelihood of obtaining the H option. > For our
analyses, we generated 10,000 pairs of payoff distributions
and averaged expected strategy performance across all pairs.

2.2. Sampling rules

All players use a O0OpbxethOO sampling rule, whereN rep-
resents the playerOs planned sampling size. A player with a
bxed planned sampling size N will elect to continue sam-
pling until the N + 1 sampling round, at which point he will
stop search and choose. Players distribute their samples
equally, ® between the two options except where N is odd,
in which case the player will allocate one additional sample
to a randomly chosen option. Strategies with small N values
dictate little exploration prior to exploitation, while those
with large N values mandate extensive exploration. We cal-
culated expected performance for bxed- N strategies with
planned sampling sizes ranging from 1 to 50.

2.3. Decision rules

Given a pair of players, the player with the smaller
planned sampling size is the chooserin the game and gets
to decide which option to take. The player with the larger
planned sampling size is the receiver and automatically
receives the remaining option that was not chosen by their
competitor. Choosers choose the option that has the high-
est observed sample mean (i.e., highest mean reward). This
rule has been proposed in the context of n-armed bandit

1 We discuss other reasonable performance measures in Section 5. For
now, we note that for the two-gamble case, the probability of obtaining
option H is similar, if not identical, to other performance measures such as
the probability of outperforming one®s competitor. Additionally, assuming
that distributions are not heavily skewed, the probability of obtaining
option H in most cases should be very similar to the average expected
reward.

2 This assumption is made for simplicity. Although, on average, people
draw roughly equal samples from both options in solitary decisions from
experience (see Hertwig et al., 2004 Fig. 1), there is also evidence that
sampling effort is impacted by factors such as the variability of outcomes
encountered during search ( Lejarraga, Hertwig, & Gonzalez, 2012 ).
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problems as a computationally simple method for estimat-
ing the values of actions such as the play of one of a slot
machineOs levers, and for using the estimates to select an
action ( Sutton & Barto, 1998 ). Unlike in n-armed bandit
problems, in the sampling paradigm as studied here, the
outcomes in the sampling stage inform the players about
the value of an option but do not yet represent actual
rewards (that is, sampling is exogenous; Denrell, 2007 ).
In the case that players sample only once, and thus
observe an outcome from one option only, they use the
following decision rule: If the sample is positive,  choose that
option, if the sample is negative, choose the other option. This
rule is in the spirit of the win-stay, lose-shift strategy that
has been shown to be effective in repeated games environ-
ments (e.g., Nowak & Sigmund, 1993 ). We refer to our vari-
ant of this strategy as the take-good-enough, otherwise-shift
strategy. It specibes that a player will take an observed
option if the sample was satisfying (any positive value in
our simulation), otherwise he will reject the observed option
and take the alternative, unobserved option.

2.4. Social environments

The cost of sampling in competitive environments is
likely to depend on the probability that a desirable option
will be scooped up by a competitor. For this reason, we
expect that the performance of sampling strategies will
depend on the specibc social environment an organism is
in. To measure how competitors® decision speed affects
the performance of different levels of search, we simulated
choice performance in four different social environments.
Mathematically, we debned social environments in terms
of the probability distribution of opponents® sampling
sizes. We generated four social environments: a slow envi-
ronment in which competitors tend to have large sampling
sizes and thus require extensive information before mak-
ing a decision; a fast environment in which competitors
tend to have small sampling sizes and are primarily moti-
vated to not let good options slip away; an  uncertain envi-
ronment where competitors vary equally between small,
medium, and large sampling sizes; and an as-if solitary
environment that consisted of searchers taken from the
original Hertwig et al. (2004) study on solitary decisions
from experience. This environment is called as-if solitary
because competitors behave as if they are in a solitary
environment. To the extent that competition will likely
reduce search, the as-if solitary environment represents
one possible distributional upper bound on how long indi-
viduals will search under competition.

2.5. Simulation results

We show mean performance results across 10,000 ran-
domly generated pairs of payoff distributions drawn from

3 Importantly, this rule assumes no uncertainty aversion (  Ellsberg, 1961),
in that players do not hesitate to take a completely unobserved option
when an observed option is found to contain negative outcomes. In the
empirical study, we test this assumption (and Pnd evidence against it).
However, for the purposes of simplicity we maintain the assumption in
determining good sampling sizes in the simulation.

the aforementioned choice ecology (see Appendix A for
details). Again, the benchmark used to assess the perfor-
mance of a sampling rule is the probability that an agent
obtains the option with the higher expected value in a
gamble pair (the H option). We present the simulation
results in three sections. First, we contrast expected out-
comes for agents who are choosers versus agents who
are receivers in a game as a function of the number of sam-
pling rounds in that game. Second, we demonstrate an
imbalance in the costs of oversampling versus undersam-
pling. Finally, taking into account this imbalance in costs,
we derive the best search length for each social
environment.

To what extent does being the chooser (i.e., the one
whose planned sampling size is smallest) increase the like-
lihood of obtaining the H option? Is it always good to be
the chooser in a game or is it sometimes better to be the
receiver and allow a competitor to choose? To answer this
question, we calculated the probability that an agent
obtains the H option given that he ends the game as the
chooser across sampling rounds 1B950.“ In other words,
assuming the game lasts for x sampling rounds, what is
the probability that an agent obtains the  H option if he or
she is the chooser in the game? Fig. 1 shows the expected
outcomes for choosers compared to receivers across rounds
1D50. Recall that, as our implementation of the competitive
sampling game requires that the receiver take the option not
chosen, the probability that the receiver obtainsthe  H option
is simply the complement of the probability that the chooser
chose it.

We draw two main conclusions from the data presented
in Fig. 1. First, across all sampling rounds, choosers are
always expected to obtain the H option with probability
greater than .50. Because receivers receive the H option
with the compliment of the chooserOs probability, receivers
always obtain the H option with a probability less than .50.
No matter how few samples one takes, the expected out-
come of being a chooser is always better than the expected
outcome of being a receiver. Second, the probability that a
chooser obtains the H option increases monotonically with
additional sampling rounds, but with marginally decreas-
ing gains. In other words, the gain in information a chooser
gets from an additional sample in early sampling rounds is
larger than the gain in later sampling rounds. From these
two Pndings, it follows that it is always better to have
more sampling rounds as long asone ends the game as
the chooser. In Fig. 1, this means that an agent should try
to get as far to the right on the choosing line as possible
without being OOscoopedOO and dropping down to the
increasingly negative receiving line.

These Pndings also allow us to construct an optimal
sampling rule for an omnipotent player who knows how
long her competitor plans to sample. If the omnipotent
player knows that his competitor has a bxed and known
planned sampling size of n., then his best sampling size
is ng! 1 (or 1 when n.=1). Of course, most people are
not omnipotent and do not have perfect knowledge of their

4 Hertwig and Pleskac (2010) conducted a very similar simulation that
paralleled ours (in the case where a player is always the chooser). Our
results are virtually identical.
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opponentOs planned sampling size. Instead, we suspect that
people will base their sampling decisions on their expecta-
tions of their competitors® behavior, where expectations
are debned as a probability distribution over sampling
sizes. In other words, players could ask themselves:
OOHow likely is my competitor going to stop search on each
sampling round? Once a player has these expectations, she
then needs to take into account the costs of over- versus
undersampling. If the costs of undersampling (deciding
too quickly) are larger than the costs of oversampling
(deciding too slowly), then a player should err on the side
of sampling too much relative to her expectations of her
opponent. On the other hand, if the costs of undersampling
are smaller than the costs of oversampling, then the player
should shorten her search relative to her expectations of
her opponent.

To determine the relative costs of over- versus under-
sampling in the competitive sampling game, we calculated
the expected choice performance of an agent given all
combinations of planned sampling sizes from 1 to 10 that
an agent and his or her competitor might implement.
These data are presented in Fig. 2, where the x-axis repre-
sents an agentOs planned sampling size and the y-axis rep-
resents a competitorOs planned sampling size.

Consistent with our previous conclusion, Fig. 2 shows
that for any competitorOs planned sampling size n, an
agentOs best planned sampling size, n,, equals n.! 1 (or 1
when n.=1). For example, if a competitorOs planned sam-
pling size is 8, the best planned sampling size for the agent
is 7, with an 83% chance of obtaining option H. However,
consider the cost of over- versus undersampling against
this competitor. If the agent undersamples by 2, with a
planned sampling size of 5, he will still be the chooser in
the game and have an 80% chance of obtaining option
HRNa drop of only 3 percentage points relative to the best
possible outcome. If, on the other hand, the agent oversam-
ples by 2, with a planned sampling size of 9, he will be the
receiver in the game and will have only a 16% chance of
obtaining option HNa plunge of 67 percentage points.
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Fig. 1. Mean probability that an agent obtains the  H option given that the
game stops at a specibed sampling round across 10,000 gambles. The
choosing line shows the probability for the chooser, the player with
the larger planned sampling size, while the receiving line shows the
probability for the receiver, the player with the smaller planned sampling
size.
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Fig. 2. Probability that an agent obtains the H option given the agentOs
planned sampling size and the competitorOs planned sampling size. The
bgure shows mean values over 10,000 randomly generated two-outcome
gambles.

These results show that the cost of oversampling is much
larger than the cost of undersampling: it is always better
to undersample (by any amount) and keep the chooser
advantage, than to oversample (by even one sample) and
suffer the receiver disadvantage.

Given that it is better to err on the side of undersam-
pling versus oversampling, how should an individual
behave in different social environments? In other words,
how little should one sample before making a decision
given certain expectations about the behavior of competi-
tors? To answer this, we calculated a playerOs expected
probability of obtaining the H option given his or her
planned sampling size within each of the four social envi-
ronments (see Appendix B for details). In the slow environ-
ment, competitors had relatively large planned sampling
sizes (mean of 30), following a bounded, discretized nor-
mal distribution with a standard deviation of 5. In the fast
environment, competitors had relatively small planned
sampling sizes (mean of 3.33) following a right-skewed
distribution. In the uncertain environment, competitors
hadNwith equal probabilityNany planned sampling size
from 1 to 50 (mean of 25.5). Finally, in the as-if solitary
environment, competitors had a right-skewed distribution
of sampling sizes (mean of 18). Fig. 3 (left panel) shows the
probability mass functions for each of these social
environments. °

The right panel of Fig. 3 shows the expected probability
than an agent obtains the H option given the planned sam-
pling size within a specibc social environment. In a slow
environment, agents with a planned sampling size of 18
did best, with an 88.2% chance of obtaining H. In contrast,
in an uncertain environment, the best planned sampling
size was 6, with a 75.8% chance of obtaining H. In a fast

S For the purposes of the prescriptive analyses, these distributions can
represent either the variability in the behavior of oneOs opponent from one
game to another, or the variability in the behavior of an entire population of
individual competitors. Assuming that an opponentOs sampling rule in each
game is an independent, random sample from its parent distribution, the
mathematics are the same whether we attribute variability to inter- or
intra-individual causes.
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Fig. 3. Left panel: Probability of an agent encountering a competitor with a given planned sampling size in the slow, fast, uncertain, and as-if solitary
environments (see text). Right panel: Results from the agent-based simulation averaged across 10,000 randomly generated decision problems. The X-axis

indicates the planned sampling size of an agent, and the y-axis shows the expected probability of obtaining the higher expected value option (

H) as a

function of the planned sampling size in the four social environments. While lines are continuous, the underlying data is discrete.

environment, agents with a planned sampling size of just 1
did best, obtaining the H option 59% of the time. In the as-if
solitary environment, a planned sampling size of 4 proved
best, with a 73.8% chance of obtaining H. Finally the only
sampling size that ensures that one will obtain option H
with probability no less than .50, regardless of the behavior
of oneOs competitor, is a sample size of just 1 using the
take-good-enough, otherwise-shift strategy.

These results show that players should dramatically
reduce exploration in a competitive context when they lack
clear information of their competitorsO intentions. Consider
for illustration the uncertain social environment, in which a
competitor is equally likely to stop anywhere between 1 and
50 samples (see Fig. 3, left panel). If an omnipotent player
knew exactly how long her competitor planned to sample,
then the best strategy would simply be to take one fewer
samples than her opponent. However, in this uncertain
social environment, the exact planned sampling size of the
opponent is unknown. What happens if a player plans to
sample one less than the expected planned sampling size
of her competitor? In this uncertain social environment
where the expected planned sampling size of a competitor
is 25.5, this rule would dictate a planned sampling size of
25. Reference to Fig. 3 (right panel) shows that this planned
sampling size constitutes dramatic oversampling, as the
best planned sampling size for this social environment is
only 6Nless than one-fourth of the competitorOs expected
sampling size. In this example, planning to sample one
round less than the expected sampling size of oneOs uncer-
tain competitor leads to oversampling by over 19 rounds.
The reason behind this dramatic effect of uncertainty about
the other agentOs actions on the best planned sampling size
is the disproportionate costs of over- versus undersampling.

To conclude, adaptive sampling in the competitive sam-
pling game depends on expectations of oneOs competitors. If
competitors value accuracy highly and consequently repre-
sent a slow social environment, decision makers can afford
to gather more information. Yet there is considerable asym-
metry in the costs of over- versus underestimating compet-
itorsO need for accuracy. In our choice ecology,
underestimating oneOs competitorOs sampling size, no mat-
ter by what degree, will always ensure that one will be the

chooser and thus more likely than not to obtain option H.
On the other hand, overestimating oneOs competitorOs sam-
pling size, no matter by what degree, will always ensure that
one will be the receiver and thus more likely than not to
obtain the short end of the stick (i.e., the lower expected
value option, L). For these reasons, we bnd that it is better
to err on the side of underestimating the competitorOs sam-
pling size and minimizing the risk of being scooped.

These simulations show that competition presents a
substantial additional cost of search. Consequently, we
expect that real people will search much less in a compet-
itive compared to a solitary context. But how much more
restricted will it be? Will real people competing with oth-
ers decrease their search in a magnitude prescribed by our
simulations? Or will people be reluctant to decrease pre-
decisional search so dramatically? To answer this question,
we conducted an empirical study on the competitive sam-
pling game and compare the search behavior of people par-
ticipating in solitary to competitive games.

3. An empirical investigation of the competitive
sampling game

3.1. Method

A total of 180 students from the University of Basel par-
ticipated in the study. ° They received a Rat fee of CHF 7.50
(approximately $8.12 at the time) for their participation, as
well as a bonus contingent on their winnings in the game.
The mean bonus across both experimental conditions was
CHF 1.18 (approximately $1.26) with a standard deviation
of CHF 1.19. Participants completed the study in groups of
four, each on a separate computer. They received no infor-
mation about the choice ecology prior to beginning the task.
All players began by playing three practice games without
Pnancial consequences to familiarize themselves with the
experimental interface (see Appendix C for practice game
parameters). They were then presented with bve decision
tasks. Each decision task contained two, two-outcome

5 Gender data were not recorded due to a programming error.



Table 1
Choice ecology.

Task 1 Task 2 Task 3 Task 4 Task 5

Gamble H L H L H L H L H L

set

1 (37,0.44,1 17):  (25,0.22,! 11): (29,0.36, ! 13): (43, 0.35, ! 20): (33,046, ! 15): (49, 0.28, ! 23): (55,041, ! 26): (55, 0.28, ! 26): (37,0.44,117):  (37,0.26, ! 17):
6.76 ! 3.08 212 2.05 7.08 ! 2.84 7.21 1332 6.76 12,96

2 (43,0.43,1 20): (29,0.24,1 13):  (49,0.35,! 23): (33,0.35,! 15):  (25,05,! 11):  (37,0.26,! 17):  (55,0.41,! 26): (55,0.28,! 26): (37, 0.44,! 17): (37, 0.26, ! 17):
7.09 1292 2.20 1.80 7.00 12,96 7.21 13.32 6.76 12,96

3 (55, 0.41, ! 26): (55, 0.28,! 26): (37,0.44,117): (37,0.26,! 17): (29,048, ! 13): (43,0.27, ! 20): (49,042, 1 23):  (33,0.25, ! 15): (25,036, ! 11): (37,0.35, ! 17):
7.21 1332 6.76 12,96 7.16 1299 7.24 ! 3.00 1.96 1.90

4 (37,044, 1 17): (25,0.22,1 11):  (29,0.36,! 13): (43,0.35,1 20):  (37,0.44,! 17): (55,0.28, | 26):  (49,0.42,! 23): (49,0.28,! 23): (33, 0.46, ! 15): (33, 0.25, ! 15):
6.76 ! 3.08 212 2.05 6.76 13.32 7.24 1284 7.08 1 3.00

5 (33,046, ! 15): (33,0.25,! 15): (49,042, ! 23): (49,0.28,! 23):  (55,0.35! 26): (37,0.35 ! 17):  (43,0.43,! 20): (29,0.24,! 13):  (25,05,! 11):  (37,0.26,! 17):
7.08 ! 3.00 7.24 1284 2.35 1.90 7.09 1292 7.00 12,96

6 (55,041, 1 26):  (37,0.26,1 17):  (25,0.36,! 11): (37,0.35,1 17): (29, 0.48,! 13): (43,0.27,! 20):  (49,0.42, 1 23): (49,0.28,! 23): (33, 0.46, ! 15): (33, 0.25, ! 15):
7.21 12,96 1.96 1.90 7.16 1299 7.24 1284 7.08 1 3.00

7 (43,0.43,1 20): (43,0.27,1 20):  (33,0.46,! 15): (49,028, ! 23):  (29,0.48,! 13): (29,0.24,! 13):  (55,0.35,! 26): (37,0.35,! 17): (37, 0.44,! 17): (25, 0.22, ! 11):
7.09 1299 7.08 1284 7.16 1292 2.35 1.90 6.76 ! 3.08

8 (55,041, 1 26): (37,0.26,1 17):  (49,0.35, ! 23): (33,0.35,1 15):  (25,05,! 11):  (37,0.26, ! 17):  (43,0.43, ! 20): (43,0.27,! 20): (29, 0.48, ! 13): (29, 0.24, ! 13):
7.21 1296 2.20 1.80 7.00 1296 7.09 1299 7.16 1292

9 (25,0.36, ! 11): (37,0.35,1 17):  (49,0.42,1 23): (33,0.25,! 15):  (29,0.48,! 13): (29, 0.24,! 13):  (43,0.43, ! 20): (43,0.27,!1 20): (37, 0.44,! 17): (55, 0.28, ! 26):
1.96 1.90 7.24 ! 3.00 7.16 1292 7.09 1299 6.76 1332

10 (55,041, 1 26):  (37,0.26,1 17):  (29,0.36,! 13): (43,0.35,1 20): (33,046, ! 15): (49, 0.28,! 23):  (37,0.44,117): (37,0.26,! 17): (25,05, ! 11): (25, 0.22, ! 11):
7.21 1296 212 2.05 7.08 1284 6.76 1296 7.00 ! 3.08

11 (49,0.35,1 23):  (33,0.35,! 15):  (43,0.43,1 20): (29,0.24,!13):  (37,044,117): (37,0.26,! 17): (25,05, 1 11):  (25,0.22,1 11): (37, 0.44,! 17): (55, 0.28, ! 26):
2.20 1.80 7.09 1292 6.76 12,96 7.00 1 3.08 6.76 13.32

12 (49,042, 1 23): (33,0.25,! 15): (55, 0.35,! 26): (37,0.35,! 17): (29,048, ! 13): (43,0.27,! 20):  (37,0.44,!17): (37,0.26,! 17):  (25,0.5,! 11):  (25,0.22, ! 11):
7.24 ! 3.00 2.35 1.90 7.16 1299 6.76 1296 7.00 1 3.08

Note: Gamble sets used in both the solitary and the competitive conditions. Rows correspond to the 12 different combinations of decision tasks.
lower expected value option within each decision task. Each option is a discrete, two

H represents the higher expected value option, and L represents the
! outcome random variable with one positive and one negative outcome that occur with complementary probabilities. Values
in parentheses are the value and the probability of the positive outcome, and the value of the negative outcome, for each gamble. The value outside the p

arentheses is the expected value of the gamble.
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gambles, each with one positive and one negative outcome
occurring with complementary probabilities. The gamble
sets were constructed such that in certain pairs the options
differed in expected value and in others they did not; like-
wise, in certain pairs the options differed in range and in
others they did not (see Appendix C for a full description
of how gamble parameters were selected). Three different
orders of each of the 12 gamble sets were created, resulting
in 36 unique experimental sessions (see Table 1). Location of
the urns on the screen was randomly determined for each
decision task and on each run.

At the outset of each decision task, participants saw two
options represented visually as opaque urns. They were told
that each urn contained 100 virtual balls, each of which was
worth a (not necessarily unique) number of points. Partici-
pants were informed that they would be rewarded with
one-tenth of the average value of all the balls in the urn they
chose (or were allocated). Each of the participants ( n =36)
assigned to the solitary condition completed one of the 36
unique experimental sessions. These participants could
sample from the urns as many times as they wished before
making a Pnal choice. Having made a Pnal choice of an urn
in a decision task, they moved onto the next task. The other
144 participants played each decisiontaskinthe competition
condition. At the beginning of each task, they were paired
randomly with one of the other three participants. This pair-
ing was done independently between tasks. Players were
not told which person (of the three) they were playing
against in each decision task.

Every decision task, in both the solitary and competi-
tion conditions, began with one mandatory sampling
round. On every subsequent sampling round, each player
indicated whether he or she wanted to sample from an
urn or to make a Pnal choice. These decisions were made
privately and were only revealed to both players after both
had made a sampling or choice decision. If both wanted to
take a sample, they were asked to click on an urn and
viewed a randomly sampled outcome from that urn. Play-
ers could see which urn the other player sampled from, but
could not see the outcome the other player observed. If,
after observing a sample, both players wanted another
sample then another sampling round began. If one player
decided to make a Pnal choice (becoming the OOchooser§0
she then selected the urn she wanted and her choice was
recorded. Subsequent to the chooserOs choice, the other
player (the OOreceiverO0) was informed that her competitor
had made a choice and that he must take the remaining non-
chosen urn. If both players made a choice on the same sam-
pling round, one of two outcomes was possible: If the two
players chose different urns, they each received the urn of
their choice. If both players chose the same urn, the two urns
were randomly assigned to the players. After bnal choices
were made and players learned which urn they received,
they were randomly paired again and the next decision task
began. The random pairing was done independently of prior
rounds, so a player could play the same opponent on
sequential games. Participants did not receive immediate

7 Players were not explicitly given the OOchooserOd and OOreceiver®0 labels in

the experiment.
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Fig. 4. Distribution of sampling rounds across all decision tasks and
individuals, separately for the solitary and the competition conditions.

One sampling round value of 100 in the solitary condition is not
displayed. The 95% HDI interval for the solitary condition is plotted
ObehindO the solitary sample mean.

task-by-task feedback on how much money they won from

their chosen urns. At the end of the session, participants
were informed how much money they had earned across
the bve decision tasks and were paid accordingly.

4., Results

We used Bayesian graphical modeling for all inferential
statistics. Bayesian posterior densities were calculated
using the R2Jags package in R. Posterior densities were cal-
culated with uninformative uniform priors, 10,000 itera-
tions, a burn-in value of 1000, and no thinning. We
conducted Bayesian hypothesis tests using Bayes Factors
calculated using the SavagebDickey method for nested
model comparisons. We used the conventions developed
by Jeffreys (1961) to determine the categorical degrees of
strength indicated by Bayes Factors (BF). All raw data and
complete code are available in our online supplementary
materials . In the following sections, we brstreport on search
and then on choice, comparing both behaviors in the compe-
tition condition relative to the solitary condition.

4.1. How drastically do people restrict explorative behavior
under competition?

We measure exploration efforts by the number of sam-
pling rounds tasks lasted prior to a choice. For solitary
games, this is simply the number of samples the player
took. For competitive games, this is the number of sam-
pling rounds that occurred prior to the brst choice. Fig. 4
presents the distribution of sampling rounds across all
decision tasks in the solitary and competition conditions.

In the solitary condition, the median number of sampling
rounds was 18 (mean of 21.05; 95% highest density inter-
val [HDI]: 18.78, 23.67). & In the competition condition, in

8 The mean for the distribution of sampling sizes in the solitary condition
was calculated from the 95% HDIs for the p and r parameters in the negative
binomial distribution.



112 N.D. Phillips et al./Cognition 133 (2014) 104D119

contrast, the median number of sampling rounds was 1
(mean of 1.82; 95% HDI: 1.61, 2.08). ° The difference in sam-
ple means was 19.27 (95% HDI: 17.00, 21.92) and provides
extremely strong evidence against the hypothesis that the
means of the two distributions were the same (BF > 100).
Thus, the amount of sampling by participants who were
competing for resources was dramatically lower than that
of participants who were searching alone. *°

4.2. How much does very restricted search compromise
decision quality?

To see how the restricted search in the competition
condition affected decision quality, we calculated how
often choosers in the competition condition chose the H
option relative to receivers and to participants in the soli-
tary condition. These results are presented in  Fig. 5. In the
solitary condition, players chose the H option in 71% (95%
HDI: 64%, 78%) of decision tasks. This result constitutes
extremely strong evidence for the hypothesis that partici-
pants in the solitary condition were more likely than
chance to choose the H option (BF > 100). Next we analyze
the outcomes for choosers and receivers in the competition
condition. In cases where players chose the same option
simultaneously, one player was randomly assigned to be
the chooser (and obtained the option both chose) and the
remaining player was assigned to be the receiver (and
obtained the alternative option). Choosers obtained the H
option in 58% of decision tasks (95% HDI: 53%, 63%)Nfewer
than in the solitary condition (BF = 12.36, strong evidence),
but more than would be expected by chance alone
(BF =8.90, moderate evidence).

® The mean for the distribution of sampling sizes in the competition
condition was calculated from the 95% HDIs for the p parameter in the
geometric distribution.

1% The fact that sampling rounds decreased in competition relative to
solitary conditions, is necessary, but not sufbcient evidence that compe-
tition reduced individual sampling decisions. The reason for this lies in how
sampling rounds are debned. Under competition, sampling rounds are
debned at the level of pairs of participants rather than individual
participants. Because sampling rounds are restricted by the behavior of
the fastest player in a pair, we would expect a decrease in sampling rounds
in the competitive task relative to the solitary task even if players did not
change their sampling rules. For example, if two players employ bxed- N
rules of 5 and 10, respectively, across solitary and competitive games, the
average number of sampling rounds in the solitary games would be 7.5,
while the average number of sampling rounds under competition would
(always) be 5. To test whether or not this shrinkage effect could explain the
different distributions of sampling rounds between solitary and competi-
tion conditions, we generated all possible pairs of sampling rounds from
the solitary game and calculated the minimum sampling round number
from each pair. This represented the expected distribution of sampling
rounds in the competition condition if behavior was the same as in the
solitary condition. The median number of sampling rounds in this
distribution was 11 (mean of 12.61, 95% HDI: 12.45, 12.76). The difference
in the mean sampling rounds between this distribution and the observed
distribution for the competition condition was 10.76 (95% HDI: 10.49,
11.06), thus offering extremely strong evidence against the hypothesis that
the means of the two distributions are the same (BF > 100). We conclude
that the difference between the mean number of sampling rounds in the
competition condition and the solitary condition was due not only to the
rules of the competitive game (i.e., the fastest player determines sample
size) but also to the fact that competition per se shifted the balance from
exploration to exploitation.
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Fig. 5. Proportions of tasks where players obtained the higher expected
value (H) option in the solitary and the competition conditions. Error bars
represent 95% highest density intervals for the population probability.

Thus, the reduced information available to fast choosers
in the competitive condition indeed reduced their choice
performance relative to solitary choosers. Nevertheless,
as choosers took the better option at above chance level,
receivers obtained option H in only 42% (95% HDI: .37,
47) of cases™ This is consistent with our simulation
analysis (Fig. 3, right panel) showing that fast choosing is
advantageous under competitive conditions.

4.3. How did players make choices based on minimal
information?

The following analyses focus on the competition condi-
tion only. To further analyze the specibc decisions that
produced the distribution of sampling rounds in the
competition condition, we looked at how quickly players
terminated sampling. For each of the 720 decision tasks
(144 participants ! 5 decision tasks each), we recorded
the total number of sampling rounds that occurred in the
task, and whether players were choosers or receivers (i.e.,
two choosers or one chooser and one receiver). We found
that in 32% (227 of 720) of all cases, participants were
choosers who decided to choose immediately after the prst
sampling round. Of these choices, 88% (200 of 227) were
consistent with the take good enough, otherwise-shift heu-
ristic. The remaining 12% (27 out of 227) either chose an
option with an observed negative value, or did not choose
an option with an observed positive value. In 22% (159 of
720) of all cases, participants were receivers after the brst
sampling round, because they opted to continue sampling
while their competitors decided to choose. Participants
made it to the second round in only 46% (334 of 720) of
cases. Of these 334 participants, 34% (113 of 334) were

11 Receivers did not receive option H at a percentage exactly equal to one
minus the percentage that choosers wanted option  H (which was 57%). This
is due to the effects of simultaneous choosing by choosers. In games where
both players simultaneously chose option H, both wanted option H, but
only one player got it.



N.D. Phillips et al./Cognition 133 (2014) 104D119 113

Table 2
Distribution of participant-level proportion of decision tasks ending with a choice.

0/5 1/5 2/5
2 (1.4%) 16 (11.1%) 34 (23.6%)

3/5 4/5 5/5
45 (31.3%) 30 (20.8%) 17 (11.8%)

choosers who decided to stop sampling, 25% (82 of 334)
were receivers, and 41% (139 of 334) OOsurvivedOO to the
third sampling round. This analysis demonstrates that,
while not all choosing decisions were made after one
round (as prescribed by the analysis of the fast environ-
ment; Fig. 3), people indeed drastically conbned their
information search, and to a greater extent than prescribed
by the uncertain and solitary search environments.

What makes people decide to choose after just one
sample versus to continue sampling? Our data suggest
the valence of the brst sample inRuences this decision. Of
the 261 cases in which a player experienced a positive out-
come in the brst sample, he or she stopped sampling and
chose immediately in 130 cases (50%; 95% HDI: 44%,
56%). Of the 459 cases in which a player experienced a neg-
ative outcome in the brst sample, he or she stopped sam-
pling in only 97 cases (21%; 95% HDI: 18%, 25%). Thus,
players were more willing to immediately choose an
option with a known positive outcome than they were to
reject an option with a known negative outcome and take
a completely uncertain option (BF >100, extreme evi-
dence)Nperhaps a manifestation of aversion to ambiguity
(Ellsberg, 1961).

4.4. How closely did players pursue a single strategy?

Next, we examined how consistent individual partici-
pants were in their behavior across tasks. In the competi-
tive sampling game, some players could always try be
the chooser, while others might require so much pre-deci-
sional information that they always defer the choice to
their competitor. To see if people had stable choosing ver-
sus receiving outcomes, we calculated the percentage of all
5 games that each participant was a chooser. Table 2
reports the distribution of these percentages across indi-
viduals. We found little evidence that peopleOs search strat-
egies resulted in stable outcomes across decision tasks.
Only 19 individuals (13.2%) were either always choosers
(17) or always receivers (2), while the remaining 86.8%
ended some tasks as the chooser and other tasks as the
receiver.

Next, we determined whether and how individuals
changed their behavior across the tasks. For example, if a
player ended up as a receiver in one task, did she decrease
her sampling in order to increase the chance of being a
chooser in the subsequent task? In contrast, did the choo-
ser take the liberty of sampling a little more in the next
task? To answer this question, we calculated the marginal
probability that a player was the chooser each task in addi-
tion to the probability of being the chooser conditional on
his or her status in the previous task (i.e., chooser versus
receiver). If behavior in a game changes as a function of
the outcome in the previous game, we would expect differ-
ences in the conditional probability of choosing when a
player was a chooser in the previous game compared to

being a receiver in the previous game.
results.

We begin by looking at the marginal probability of
choosing across decision tasks. If players adjust their
explorative efforts downward with each round, the proba-
bility that they end games by choosing (rather than receiv-
ing) should increase and converge toward 1. We did not
bnd substantial evidence for this, as the probability of
choosing oscillated between around 57% and 61% across
tasks. Next, we looked at the probability of choosing, con-
ditioned on the outcome of the previous task. We found no
evidence that being a receiver in one round prompted less
search and a higher probability of being the chooser in the
next task. In other words, we do not bnd clear evidence
that players changed their behavior across tasks based on
experience. One possible explanation for this Pnding is
that, although players were told whether they were the
chooser or the receiver in any given round, they did not
receive immediate feedback on the direct monetary conse-
quences of their behavior. Without immediate consequen-
tial feedback, players may not have had sufbcient
information to adjust their sampling strategies.

Table 3 reports the

5. General discussion

We designed the competitive sampling game to extend
the sampling paradigm used in research on decision from
experience (see Hertwig & Erev, 2009 ) to competitive deci-
sion tasks under uncertainty. The task enables researchers
to investigate how people adapt their exploration efforts in
response to the simultaneous presence of uncertainty
about nature (i.e., the parameters of the payoff distribu-
tion) and uncertainty about the social environment of
competitors (i.e., their desire for accuracy versus their
desire to beat their competitors to the punch). In our initial
research using the game, we found that competition dra-
matically affects the explorationbexploitation tradeoff. In
a simulation analysis, we found that sampling sizes as
low as 1 or 2 can be best in certain environments when
people compete with others for advantageous options.
Empirically, our participants showed dramatically reduced
search in competitive task compared to solitary one.

5.1. Varying the number of players and options

In our experiment and simulations, we contrasted a sol-
itary task with one player and two options, with a compet-
itive task with two players and two options. One could
wonder whether it is merely the presence of competition,
or the ratio between competitors and the number of avail-
able options that drives the need for speedy decisions. ** A
momentOs reRection makes it clear that good sampling rules

12 We thank Jonathan Nelson for pointing this out.
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Table 3
Choosing behavior across sequential decision task s.

Rounds/ p(choosing) p(choosing|previous  p(choosing|previous
decision choosing) receiving)

82 (56.9%)
83 (57.6%) 48 (58.5%)

1
2 35 (56.4%)
3 87 (60.4%) 51 (61.4%)

4

5

36 (59.0%)
29 (50.9%)
34 (55.7%)

83 (57.6%) 54 (62.1%)
89 (61.8%) 55 (66.3%)

are likely to depend both on the number of options available,
and the number of competitors: If there are many options
available relative to players, then one can take more time
for sampling, knowing that even if all other players make
quick decisions, there will likely be many good options
remaining. To Pnd out the relationship between the number
of competitors and number of options on good decision
speed, we ran a supplementary set of simulations in which
we systematically manipulated three factors: number of
players (from 2 to 5), number of options (from 2 to 5) and
the speed of competition (fast, uncertain, and slow). For each
factor combination, we simulated the performance of an
agent using a bxed sampling size of 1 through 15. In contrast
to our previous simulations, we now debne performance as
the average expected reward the agent obtained across all
simulations. ** Details of the simulation are in  Appendix E.

We present the main results of the simulation in Fig. 6.

Each plot shows an agentOs planned sampling size on the
horizontal axis, and the agentOs expected reward on the
vertical axis. Each line corresponds to a different social
environment, mirroring three of the four (excluding the
as-if solitary condition) from our earlier simulations (see
left panel of Fig. 3). Plots in each column refer to different
numbers of players, from 2 to 5, while plots in each row
refer to different numbers of options, from 2 to 5. The
top left graph (2 players and 2 options) replicates the same
social and environmental structure as our initial simula-
tion. Within each plot, the sampling size that maximizes
an agentOs expected rewards for each social environment
is highlighted with an enlarged point.

We brieBy summarize 4 key results from  Fig. 6. First,
holding the number of players constant, as the number of
options increases the best sampling sizes tend to increase.
Additionally, the expected reward given the best sampling
size increases as well. This means that the more options
there are, the longer one should search, and the better
oneOs expected outcomes will be. Second, holding the num-
ber of options constant, as the number of players increases
the best sampling sizes tend to decrease. Both of these
results support our prior intuitions: the degree to which
people should reduce sampling in the presence of compe-
tition depends on the number of options available and
the number of other players.

13 We use expected reward instead of the probability of obtaining the
highest expected value option for two reasons. First, organisms frequently
want to obtain good options, not necessarily the best option. Second, as the
number options increases, the probability that any player will discover and
take the highest expected value option will necessarily decrease. This
makes it more difbcult to compare performance between option number
conditions.

Next, we look at the effect of the player/option ratio on
performance. If the ratio of players to options remains the
same, does the absolute number of players and options
matter? We bnd that indeed, there is a substantial effect.
Consider games where the player: option is 1:1. Here, we
bnd that as the absolute number of players and options
increases, the risk involved with taking large samples
increases in a fast environment, but decreases in a slow
one. To see this, compare the expected rewards of having
a large (15) sampling size in the 2:2 game (top left panel)
compared to the 5:5 game (bottom right panel). In the 2:2
game, extensive search against slow competition leads to
an expected reward of around 20, while the same level of
search against fast opponents leads to an expected loss of
around ! 10. Here, the difference in expected rewards
against slow and fast opponents is 30. Now consider the
5:5 game. Here, the expected reward against slow oppo-
nents increases to around 35, while the expected loss
against fast opponents decreasesto around ! 15. Now, the
difference in expected rewards between competitors is
50, an increase of 66% in the range of potential outcomes
compared to the smaller 2:2 game. This means that when
the absolute number of players and options increases,
while keeping the player to options ratio 1:1, both the
potential benebts one can gain using extensive search
against slow competition increases while the potential
losses on can suffer against fast competition increases. In
other words, the more players and options are in the game,
the more risk one runs (with Orisk® debned as the difference
between the expected reward with the best sample size
and with the largest sample size) by extensive search, in
fast and uncertain environments. Independently of this
effect, the main result from our previous analyses still
holdNthe faster you expect your opponents to decide, the
faster you should decide, regardless of how many options
and how many players are in the game.

Next, we consider games where there are more players
than options. These games are akin to real-world problems
such as house-hunting and mate-search where there may
be more ObuyersO than Osellers.O For examflein Beijing,
men outnumber women, and thus (heterosexual) men bnd
themselves in a competitive game with more players than
options (Jacobs, 2011). Assuming that options cannot be
shared among players, these games necessitate that some
players will leave without an option of their own. In our sim-
ulation, we assumed that these players receive neither
rewards nor losses from leaving empty-handed. However,
one can easily imagine real world decisions where this
assumption does not hold. If you are competing with others
for one of three open positions at a company, it might be
much worse to get no job at all than to get a random (or
even the worst) job of the three. Similarly, in mate-selection,
leaving empty-handed could very well be the worst possible
outcome from an evolutionary perspective. To incorporate
this cost, one could assign a bxed negative loss for players
that leave the game empty-handed, with larger losses repre-
senting domains where it is especially bad to leave with
no option (e.g.; mate-search). While we do not run these

14 We thank Jonathon Nelson for providing this example.
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Fig. 6. Simulation results depicting the expected reward (vertical axes) of an agent in the competitive sampling game given a specibed sampling size

(horizontal axes). Separate plots in each column correspond to different numbers of players in the game, while separate plots in each row correspond t

o

different numbers of options in the game. Solid, dashed, and dotted lines refer to the slow, uncertain, and fast social environments respectively.

simulations, our prediction for the effect is clear: as the cost
of leaving empty-handed increases, sampling sizes should
decrease.

5.2. Alternative search and decision rules

In our simulations, we assumed that players used a
OOPxedOO sampling rule. That is, players were assumed to
have a bxed sampling size threshold that they had to reach
before making a decision. Additionally, we assumed that
players distribute their samples equally between options.
We chose to limit our analyses to this simple class of

search rules as a starting point for exploring the effects
of different exploration efforts on performance. Of course,
the bxed- N sampling rule plus equal allocation constitutes
just one of many possible search rules people are likely to
use. For example, one promising, more complex, class of
search rules are those that compare sample statistics with
an information threshold in order to decide whether to
stop or to continue sampling. These rules have been found
to be promising both normatively and descriptively (e.g.,
Busemeyer & Rapoport, 1988 ). While we cannot claim that
bxed-N sampling rules represent either the best approach
to the competitive sampling game or that most
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participants employed them, we do predict that bxed-N
rules will mimic the behavior of more complex search
rules. For example, a bxed-1 rule should behave very sim-
ilarly to a rule that says OOAlways try to choose before your
opponentOO or OOChoose after the difference in sample means
is greater than e(where eis a small threshold).O0 Similarly, a
Fixed-30 rule will behave similarly to a conservative rule
such as: OOChoose when the expected probability of choos-
ing the best option is greater than p (where p is a large
probability).OO Here is our point: to the extent that small
bxed-N values mimic search rules that make do with min-
imal information before making a decision, and large bxed-

N rules mimic those that require extensive information,

our conclusion that competition should and does reduce
the amount of information people require before making

a decision should hold.

Finally, we did not deal with agents® expectations con-
cerning their competitorOs search behavior Rather, we took
the competitor sampling size distributions as given, and
determined which sampling size best responds to them.
We do suspect that real people in competitive tasks (in
our empirical study and in the real world) try to predict
the sampling size of their opponents and, through some
iterated process of strategic thinking (e.g., Ho, Camerer, &
Weigelt, 1998 ) settle on a sampling size. Future research
should model the processes by which a person generates
expectations of other playerOs behavior, translates those
expectations into a decision rule, and after gaining experi-
ences, updates their expectations.

5.3. When will very frugal search fail?

Our simulation results are based on aggregation across
specibc distributions of gambles and are only valid within
those distributions. It is clear that other gamble distribu-
tions can lead to very different results. One important fac-
tor is how much the gamble distributions are favorable for
decisions based on small samples; if options are
Ounfriendly® to small samples, then our previous conclu-
sions will not hold. The gamble distributions in our stimuli
and empirical study, were indeed small-sample-friendly.
When averaged over 10,000 simulated pairs of gambles,
we found that a sample size of 1 results in an expected rate
of obtaining the H option of greater than .50 (see Fig. 1).
Thus, we created an environment where a sample of size
1 using the take-good-enough, otherwise-shift rule was,
on average, sufbcient. However, this success rate does
not generalize to any gamble environment. In  Appendix
D, we show that only gamble pairs where the sum of the
probability of obtaining a positive outcome from option
H and the probability of obtaining a negative outcome from
option Lis greater than 1 guarantees an expected probabil-
ity of choosing the H option that is greater than .50 (see
proof in Appendix D). We label gamble pairs that satisfy
this condition as OOone-sample favorable.OO In our simula-
tions, the proportion of gamble pairs that were one-sample
favorable was .787; in these gambles, the probability of
choosing option H using one sample was .688. The remain-
ing portion of gamble pairs that were not one-sample
favorable was thus .213; in these gambles, the probability
of choosing option H using one sample .414. This result

highlights the fact that the accuracy of decisions based
on very small samples will depend on the specibc distribu-
tions encountered by agents.

One of the most important Pndings from early research
on decisions from experience was that, in experience-
based decisions, low-probability (rare) events appear to
receive less impact than they deserve in light of their
objective probability ( Hertwig et al., 2004 ). This effect is,
among other factors ( Hertwig & Erev, 2009 ), caused by
the fact that people do not search long enough to experi-
ence rare events often enough or at all during search. For-
mally, in environments where the ranks of = most samples
from each option diverge greatly from the true rank of
options® long-term average values, choosing based on a
small sampling size can lead to a small probability of
obtaining the H option. In other words, in gambles where
small samples (e.g., a single date with a potential mate, a
glance at a TV on sale) produce data that are inconsistent
with an optionOs long-term value (e.g., a disastrous brst
date with Mr. or Ms. Right, a paid celebrity endorsement
of a low-quality product), frugal predecision sampling
can lead people to choose poor options. For example, con-
sider a payoff distribution that delivers +1 with probability
.9 and ! 100 with probability .1 and thus has an expected
value of ! 9.1. Small samples are unlikely to reveal the rare
but large negative outcome of ! 100, making the distribu-
tion look advantageous to most agents that inspect it only
brieRy. This suggests that fast choosers in competitive
environments involving rare events run the risk of choos-
ing options that appear benebcial in the short term but
have detrimental long-term consequences resulting from
rare but impactful negative events (e.g., OOblack swansO0;
Taleb, 2007). Indeed, in such environments, a player could
even benebt from competing against others who are
OOtrickeddO into grabbing options with apparent short-term
gains, but actual long-term losses.

6. Conclusion

Our Pndings suggest that competition shifts the balance
between exploration and exploitation in an uncertain
choice environment: Faced with the threat of being outp-
aced in the process of making a decision, people dramati-
cally reduce search. As our results show, this is a smart
thing to do in ecologies in which competitors can be
expected to choose quickly, and modal samples are good
indicators of an optionOs value. Although exploitation
means forgoing the benebts of exploration that can be
enjoyed in solitary situations, those who seize the brst-
mover advantage do better than those who do not in many
(but, of course, not all) competitive situations. It is a pro-
verbial truth that you should OOlook before you leapOO (see
also Savage, 1954/1972, p. 16). In our competitive environ-
ment, it emerged that a quick peek before leaping was very
helpfulNbut that more extensive looking permitted the
competitor to leap Prst and gain an edge.
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Appendix A

A.1. Calculating the expected probability of obtaining option H
given a choice ecology and social environment

We calculated a playerOs expected probability of obtain-

ing the option with the higher expected value ( H) given its
planned sampling size using Eq. (1):
p!Hjn;" # p!Hjn. > n;" $p!'n, > n;" % p'Hjn,

< n"$pine < ni"%p!Hjn. # n"$p'n. # n" "

Eq. (1) represents the weighted sum of three possible
scenarios that differ with respect to the relationship
between the playerOs planned sampling size (n;) and the
planned sampling size of the competitor ( nc), that is,
whether the player faces an opponent with a smaller, lar-
ger, or the same planned sampling size.

The prst half of the prst term in Eq. (1) corresponds to
the probability of obtaining the  H option given that the
competitor will sample longer than the player, and, conse-
quently, the probability that the player will obtain H
equals that of choosing the H option given n; samples.
Because choices are based on sample means, this equals
the probability that the order of the sample means from
the two options matches the order of the population
means. In this case, the option with the higher sample
mean will also be the option with the higher popula-
tion mean and the player will choose the better option.
Formally:

PIHjne. > n" # plky > &jn" 12"

Note that this calculation is specibc to the choice ecology
under consideration. For two outcome payoff distributions
such as those used here, this can be calculated directly by
comparing the results of two binomial distributions. The
second half of the brst term is the weight given to this out-
come, debned as the probability of encountering an oppo-
nent with a larger sample size than the playerOs sample size.

The remaining two termsin Eg. (1) follow the same logic.
When the competitor samples less than the player, the prob-
ability that the player obtainsthe  H option is the probability
that the competitor will  not choose the H option. This equals
the probability that the opponent observes sample means

whose order is not equal to the true order of population
means and can be calculated as follows:

p'Hjn. < n"# plky < kjn." 13"

Finally, the third term in Eq. (1) represents the expected
outcome when both players have the same sampling size.
This is set to .5 and is independent of the sampling distri-
butions of payoff distributions H and L (=lower expected
value distribution):

p'Hjn. # n" # 5 14"

Appendix B

B.1. Distributions of planned sampling sizes for competitive
social environments

In the fast environment F, the probability that a ran-
domly sampled agent has a planned sampling size ny is
given by a geometric distribution with  p =.3, ranging from
1 to 50 and normalized to sum to 1:

11&:3"% ¢:3

FIE# ne # _
“ %0118 :3"% §:3

n# 1;2;...;50

In the slow environment S the probability that a ran-
domly sampled agent has a planned sampling size ng is a
relRected version of Faround the point n,=25.5:

11 & -3"50&N&L g9

flS# n"# p—————
X 50118 :3"¢ 33

n# 1;2;...;50

In the uncertain environment U, the probability that a
randomly sampled agent has a planned sampling size ng
is given by the discrete, uniform distribution with bounds
at 1 and 50:

1
flu# n"# — n¢# 1;2;...;50
k 50 k
In the as-if solitary environment A, the probability that a
randomly sampled agent has a planned sampling size ny is
given by a negative binomial distribution with p=.071and
r =1.59. The distribution is bounded from 1 to 50:

\ ;
C e %1:59& 1

LN "
P. 1%159&1

i#1
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Appendix C

C.1. Properties of the practice games

Practice 1 Practice 2 Practice 3
H L H L H L
(32, .458, &13) (39, .352, &18) (47, .417, &25) (42, .349, &21) 53, .407, &24) (35, .458, &17)
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C.2. How gamble parameters were selected

We started out with four binary-valued options, labeled
A1DA4. Their values were (! 17, 37), (! 20, 43), (! 23, 49),
and (! 26, 55), for options Al through A4, respectively.
Each of these options had three versions, differing in
expected value; the expected values were high (EV =7),
medium (EV =2), or low (EV = ! 3). The three EVs were
obtained by modifying the probabilities of the two out-
comes. Additionally, each A option had a corresponding B
option, for which the two values spanned a smaller range
(hence, smaller variance); the range of the B option was
about 2/3 that of the corresponding A option. We then con-
structed 12 gamble sets, each comprising bve decision
tasks (displayed in Table 1). One involved a choice between
an A option with an EV of 7 and a B option withan EV of ! 3
(e.g., AlHigh and BlLow); a second involved a choice
between another A option and its corresponding B option,
in which the A option had the low EV and the B option the
high EV (e.g., A3Low and B3High); a third involved a choice
between another A and B pair in which the two were both
of the medium value, with EV =2 (e.g., A2Medium and
B2Medium); a fourth involved a choice between two (large
variance) A options belonging to the same set but differing
in value (e.g., A4High and A4Low); a bfth involved a choice
between two (small variance) B options belonging to the
same set but differing in value (e.g., B4High and B4Low).
There were 12 such sets, and we used them all.

Appendix D

D.1. Conditions that make decision tasks one-sample
favorable

Consider an environment containing two gambles
(options) Hand L, where E(H) > E(L). Assume a player selects
a gamble at random and draws a random sample. Let the
random variable S represent the selected option where
Se{H, L}. Let the random variable X €Rbe outcome drawn
be the outcome drawn from the selected gamble. Finally,
let the random variable C €{H, L} be the chosen option.

Consider a player using a one-sample search and deci-
sion rule: (1) Select an option at random and draw one
sample. (2) If the sample value is positive, choose the selected
option. If the sample value is n egative, chose the unselected
option. From the law of total probability, the probability
that player will choose option H can be written as the
sum of the probabilities of two disjoint events:

p"C# H$ # p"S# H¥p"X > 0jS# H$ %p"S# LIp"X < 0jS# L$

Because options are selected at

p(S=H) = p(S=L) = .50

random,

p"C# H$ # :5p"X > 0jS# H$ %:5p"X < 0jS# L$
Moving terms around
pP'C# H$ # :5"p"X > 0jS# HI$ %p"X < 0jS# L$

It follows that for p(C=H) to be greater than .50,
p(X>0|S=H) + p(X > 0|S=L) must be greater than 1.0.

Appendix E
E.1. Second simulation procedure

We simulated the performance of agents with varying
bxed sampling sizes playing the competitive sampling game
against varying numbers of competitors, number of options,
and competitor speed. The key parameters we varied were:
N.Players (2, 3, 4, 5, 6): the number of competitors in the
game. N.Options (2, 3, 4, 5, 6): the number of options (gam-
bles) in the game. Competition.Speed (Slow, Uniform, Fast):
the decision speed of competitors. This created 72 simula-
tion classes. For each simulation class, we simulated the
decision performance of 15 agents playing the competitive
sampling game, each using a Pxed sample size of 1D15. We
aggregated each agentOs performance over 5000 stochastic
factors: (1) the outcome distributions within each of the
(N.Options) options and (2) the specibc stopping rules of
its (N.Competitors) competitors. Each option represented a
discrete, two-outcome gamble with one positive and one
negative outcome, each occurring with complementary
probabilities. For each of the options, we drew a positive
outcome from Unif(0, 100) and a random negative outcome
from Unif( ! 100, 0). We then drew the probability of the
positive outcome ( p+) from Unif(0, 1) and set the probability
of the negative outcome ( p! )to1 ! p+. We constructed the
probability mass function for each option independently of
other options. For each of the competitors, we drew a sam-
ple size from its corresponding decision speed distribution
(Slow, Uniform, or Fast). These distributions corresponded
to those in Appendix B

Each game proceeded as follows: agents sampled
equally from options until the prst player reached its sam-
pling size. That agent then choose the option with the
highest observed sample mean (with ties broken at ran-
dom). In the case where two agents stopped at the same
time, one of two outcomes could occur: If they wanted dif-
ferent options, they each got their desired option. If they
wanted the same option, then the desired option was ran-
domly given to one agent, and the remaining agent then
attempted to take is next most desired option. After all
agents who stopped on that round received an option,
the game continued with the remaining players and
options. At the end of each game, each agent got the
expected value of its chosen option. In the games where
there were more players than options, if a player ends
the game with no option (because all options were taken
by other players), then it received a reward of 0.

Appendix F. Supplementary material

Supplementary data associated with this article can be
found, in the online version, at http://dx.doi.org/10.1016/
j.cognition.2014.06.006 .
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Without competition organisms would not evolve any meaningful
physical or cognitive abilities, and as such competition can be un-
derstood as the driving force behind Darwinian evolution. But can
this trend be extrapolated, and more competitive environments nec-
essarily evolve organisms with more sophisticated cognitive abilities
than those in less competitive environments? Answering this ques-
tion will tell us if there is a breaking point at which competition does
more harm than good, or if ultimately the most competitive envi-
ronments will produce the most sophisticated organisms. We evolve
decision strategies of virtual agents that have to perform a repetitive
sampling task in three di! erent environments. These environments
di! er in the degree in which the actions of a competitor can a ! ect
the btness of the sampling agent, and in the variance of the sample.
We bnd that under weak competition agents evolve decision strate-
gies that sample often and make accurate decisions, which not only
improve their own btness, but are also good for the entire popula-
tion. However, under extreme competition the Janus face reveals
itOs dark side and forces agents to sacribce accuracy for speed, and
also prevents agents to sample more often than higher variance in
the environment would require it. Modest competition is therefore
a good driver for evolving cognitive abilities and the population as a
whole, whereas too much competition is devastating.

term | term | term

Introduction

Competion is the basic principle of Darwinian evolu-
tion. Over time it brings out better adapted organ-
isms, and weeds out weaker physical and cognitive designs.
But does this mean that more competition will always re-
sult in more adaptive and sophisticated cognition? There are
many biological examples of competition driving the evolu-
tion of cognitive abilities [West-Eberhard(1979), Whiten and
Byrne(1997),Flinn et al.(2004)Flinn, Geary, and Ward, Arbilly
et al.(2014)Arbilly, Weissman, Feldman, and Grodzinski], and
we successfully use competition in genetic algorithms [Stan-
ley et al.(2005)Stanley, Bryant, and Miikkulainen, Edlund
et al.(2011)Edlund, Chaumont, Hintze, Koch, Tononi, and
Adami,Marstaller et al.(2013)Marstaller, Hintze, and Adami],
yet there is also evidence that bnd that the level of accuracy
achieved in human decision making can be lower under com-
petition [Phillips et al.(2014)Phillips, Hertwig, Kareev, and
Avrahami] than without. In decision making, more compe-
tition between agents typically forces them to answer faster.
However faster responses exact a cost: they rely on less in-
formation and in the most extreme on little to no informa-
tion. Less information often - yet not always [Gigerenzer
et al.(2011)Gigerenzer, Hertwig, and Pachur]- means a lower
level of inferential accuracy. How does evolution tradeo! ac-
curacy and speed? We will show that in less competitive envi-
ronments accuracy wins over speed, whereas more competition
necessitates quicker and less accurate decisions. Ultimately, in
extremely competitive situations agents may rely on minimal
information to prevent competitors from claiming desirable
options, possibly leaving the thoroughly exploring agent with
an inferior option set to choose from. The downside of this
strategy however is risking to end up with an inferior option
due to minimal sampling.

In nature we bnd a good example of this explo-
ration/exploitation tradeo ! [Gittins et al.(2011)Gittins,

www.pnas.org/cgi/doi/10.1073/pnas.0709640104

Glazebrook, and Weber]. Hermit crabs outgrow the shells
they live in, and from time to time, have to bnd better ones.
In order to improve their housing situation, they need to
Pnd a new shell,and investigate (sample) their potential new
home [Rotjan et al.(2010)Rotjan, Chabot, and Lewis, Phillips
et al.(2014)Phillips, Hertwig, Kareev, and Avrahami]. Once
they bnd that the new shell is better than their own (outside
reference) they move into the new shell. Obviously, hermit
crabs have been evolved to sample su ciently well in order to
improve their housing situation while they grow. If a lonely
hermit crab bnds a new shell it will sample su" cienty often
to make an accurate assessment. If the hermit crab, on the
other hand, bnds the shell in the presence of a conspecibc
the situation is radically di ! erent. Being slower in arriving
at a decision than a competitor can mean that the competi-
tor claims the better shell. However, a hermit crab changing
into another shell does not destroy its old one, and therefor
a population of directly competing hermit crabs sorts out the
inferior shells for the benebt of everyone - a process similar
to crowd sourcing. This situation was conducive for the evo-
lution of a cognitive strategy that samples su" ciently often.
Contrary to that, imagine a situation of a di ! erent organism
where leaving a shell destroys it, or more generally a resource
perishes. Here immediate decisions under direct competition
are potentially more adaptive than thorough sampling, and
thus could prevent organisms from evolving the cognitive abil-
ity to explore (sample) thoroughly. It seems as if the type
of competition but also the nature of the resource competed
about [Tilman(1982)] matters.

To show how varying degrees of competition can lead to
the evolution of the ability to sample thoroughly as well as pre-
vent its evolution, we computationally evolve decision making
agents in environments featuring indirect or direct competi-
tion. In the following we will describe these di ! erent environ-
ments: The game we use is a competitive variant of a sam-
pling paradigm [Hertwig et al.(2004)Hertwig, Barron, Weber,
and Erev, Weber et al.(2004)Weber, Shabr, and Blais, Phillips
et al.(2014)Phillips, Hertwig, Kareev, and Avrahami], where
players have to draw random numbers from an urn, and de-
cide whether the urn they are sampling from has a higher
mean value than an outside reference. This is a typical ex-
ample for experienced-based decision making [Hertwig and
Erev(2009)]. The outside reference has a payd known to
the agent, whereas for the urn, only sampling can reveal its
value. The outside reference could be understood as another
urn that has already been exhaustively sampled from. De-
pendent of the agents decision, it will either receive the value
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of the outside reference or the mean value of the urn sampled
from. This game is designed in such a way that sampling from
the unknown urn more often, while integrating the sampled
data, will increase the ability of the agent to accurately assess
its value (see law of large numbers [Bernoulli(1713)]). The
accuracy of an assessment given a certain number of samples
depends on the underlying distribution. The performance of
agents competing in an evolving population will determine
their btness, and ultimately those players who sample more
often will make more accurate decisions than those who sam-
ple little. This only holds as long as decisions of competing
agents can not remove the more desirable urn. This is the
case when competition is indirect and happens only on the
population level (See Figure:1 A). We call this the indirect
competition environment .

In order to allow for agents to directly compete in our
model, two agents sample from the same urn and try to es-
tablish whether the urn has a higher or lower mean than each
agentOs respective reference urn. Once an agent decides to
either stay with its reference urn or to pick the urn sampled
from, the game ends, and the other agent receives its reference
urnOs value as payo. If both agents decide simultaneously to
pick the same urn, it will be given randomly to either agent,
while the other agent will receive the value of the reference
urn as payo! (See Figure:1 B). This is the case when compe-
tition is direct. That is, one agentOs decision directly al ects
the other agent@s choice environment, and, by extension, its
btness. We will call this the direct competitive environment .

In the third environment we amplify the e ! ect of direct
competition even more. Both agents are in possession of an
urn, and they know the payo! of their respective urns (out-
side reference). They can sample from the other agentOs urn
and decide to claim it, leaving the competitor with the aban-
doned urn. Agents can stop the game by deciding to keep
their urn or by choosing the other agentOs urn. Now agents do
not only compete over an outside resource, but can actively
decrease their opponents btness (See Figure:1 C). We call this
theextreme competitive environment. We now test how these
di! erent environments a! ect the evolution of sampling strate-
gies and their el ect on agentsO paylo.

Methods

Agents sample from urns that upon sampling return a value
drawn from normal distribution, with a mean of 1, 2, 3, or
4, and with a variance of 0.1, 1.0, 3.0, or 5.0 respectively.
We distinguish three evolutionary environments, involving in-
direct competition, direct competition, and extreme competi-
tion. The brst and simplest condition forces a player to choose
between two urns. The brst urnOs mean payb is known to
the player and thus more sampling is not necessary [Buse-
meyer(1985)]. This urn is called the reference. The second
urnOs mean is unknown and the agent can sample in order to
decide whether to keep the reference, or to claim the other
urn. Once an agent decides upon an urn it receives itOs value
as a payd . Agents choose between three alternative actions:
stay, continue, or select An agent who chooses tostay thus
decides to claim the urn with the known payo ! . An agent who
continues will draw one more sample from the unknown urn.
The agent that selects claims the sampled urn. Each agent
can have a range of possible mappings between sampled ex-
periences and actions (stay, continue, or pick). The agents
experiences are represented by two di erent parameters. The
brst parameter (m) is the di! erence between the average of
all samples taken so far and the reference urn. The second
parameter is the number of samples already taken (n). Here,
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m describes how di erent both urns are, but this estimate
depends on the number of samples taken. A large dl erence
after one sample might be misleading, whereas a large di er-
ence after many samples is more likely to be a valid indicator.
The parameter n allows the agents to take the number of sam-
ples into account. To avoid inbnitely many samples, we set
the maximum number of samples to 100. We start the game
always with the continue action so that an agent samples at
least once. We encode the decision strategy of an agent as
two probabilities that determine the actions it chooses. The
prst probability debPnes whether or not an agent stays. If an
agent decides against staying, the second probability dePnes
the likelihood of an agent to continue or to select. In order to
make the probabilities dependent on the di! erence (n) and
the number of samples (n), we use an exponential function
that incorporates these two parameters according to the fol-
lowing equation:

p(m,n) = gm®+ gn®+ gsm? + gun® + gsm [1]

+0sn + grm?n + ggm?n + gemn + Qro.

We use this equations to encode the strategy of each agent,
once to determine the probability of a player to stays or not,
and another time to decide whether an agent continues or
picks. This equation is not limited to be between 0.0 and 1.0.
Therefore, a negative value or p(m, n) is debned to be a prob-
ability of 0 .0, whereas a value ofp(m,n) > 1.0 is debned to be
a probability of 1 .0. To allow for agents to evolve a wide va-
riety of di! erent probabilities to stay, continue and pick, two
parameter vectors g are required. The Prst is used to deter-
mine the probability of the initial choice to either stay or to
choose one of the two other actions. The second vector con-
sequently determines the probability to continue or to pick.
The values of the parameter vectors g can be understood as
the genome of the agent and determines its decision strategy.
We use a well mixed population of 1024 agents, and at each
update play each agent against four randomly selected neigh-
bors (when necessary). After each update 1% of the agents are
replaced proportional to the payo! they accumulated over the
last updates (Moran death birth process using roulette wheel
selection [Moran(1962)]). Each of the components of the vec-
tors g have a 1% chance to mutate, once an agent was selected
to make o! spring. A mutation adds a uniform random num-
ber from the interval [ ! 0.5,0.5] to the mutating component,
with no upper or lower limit thereafter. The simulation is run
for 500,000 updates. A random organism from the population
at the end of the simulation is selected, and the line of decent
for this organism is reconstructed. The population usually
converges fast to a most recent common ancestor ( 15,000
updates, data not shown); therefore we choose the agent at
update 450,000 as the representative result of that simulation
run. Running the simulation longer does not change the re-
sults, because agents reached the btness optimum, or can not
Pnd ways to further improve their strategies.

Each of the three competitive environments is used in 100
replicate experimental runs. In the indirect competitive envi-
ronment the agentOs performance solely depends on its strat-
egy; in the other two environments the performance of an
agent also depends on its opponent. Consequently we can
not measure the performance of an agent by itself. Pitting
an agent against a very un-evolved or poorly choosing oppo-
nent would overestimate its performance. Pitting it against
an extremely well choosing opponent would underestimate it.
Therefore, we measure an agents performance by pitting it
against itself. Thus, the representative agent at the end of
the simulation competed against itself 1, 000, 000 times. Three
outcome criteria are measured: the number of samples taken
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before selecting an urn, how well sampling was tuned to the
variance in the environment, and how often each of the urns
was taken by that agent. However, we distinguish between
the individual®s and the population payo! . The results for
100 representative agents at the end of the simulation are av-
eraged.

Results

How does the degree of competition d ect what decision strat-
egy evolves, measured in terms of the outcome criteria? Be-
fore we turn to the number of samples taken, we Prst show
the evolved probabilities to stay, continue, or pick in Figure
2. All agents evolved a high probability to stay with their
reference urn when the dil erence between sampled urn and
reference urn is negative. This negative di! erence indicates
a situation in which the reference urn has a higher payo!
and thus should be chosen. The maximum of this probability
changes only dependent on the intensity of competition. The
more competitive the environment the higher the likelihood
to choose the reference urn. Consequently, agents evolved a
high probability to select the sampled urn when the di ! erence
between sampled urn and reference is positive. And again,
the more competitive the environment, the earlier we bnd the
maximum probability of picking the sampled urn. Figure 3
shows the number of samples taken before an urn was se-
lected. This number generally decreases with competitiveness
of the environment, and only increases with increasing vari-
ance among the samples taken from an urn. This is expected,
since a wider distribution requires more samples to assess the
true mean. Interestingly, in the extremely competitive envi-
ronment the number of samples for either variance is merely
1. In this environment agents base their decision only on the
minimal sample of 1. Here strategies evolved to choose ex-
tremely fast rather than to gauge the urnOs mean value by
drawing more samples.

The di! erent types of environments not only have an ef-
fect on the strategy evolved, but also on the payo! . If every
agent in the indirect competitive environment (see Figure:1 A)
plays optimally the population is expected to have an optimal
gain. An agent in the indirect competition environment can
at best always choose the better of the two urns, thus result-
ing in a maximum average payo! of 3.4. Randomly choosing
would result in a payo! of 2.5 (See Supplementary Informa-
tion). Evolved strategies in this environment come close to
this optimal payo! with 3.12 on average (See Figure:4 left).
Here the individualOs payd is identical to the average payo!
in the population. Furthermore, competition causes agents to
evolve strategies that sample dependent on the variance of the
environment (See Figure 3).

In the direct competitive environment (See Figure:1 B),
two players are confronted with three urns in total. Ideally
the best agent will be able to always choose the best out of
three urns, with a payo! of 3.75. The competing agent, if not
getting the highest possible payo! , but the remaining second
highest, receives 25 (See Supplementary Information for the
outcome of choices 5).

A perfect strategy playing itself will win in 50% of the
cases, and consequently loose in 50%. Therefor the average
maximum payo! is 3.125 (32 + £3). The average payo is
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3.01 and is thus close to the expected maximum payd (See
Figure:4 middle). Again the individual®s and average pop-
ulation payo! is higher than randomly choosing. However,
competition causes agents to only evolve a moderate ability
to sample more often in higher variance environments (See
Figure 3).

In the extreme competitive environment(See Figure:1 C)
both agents compete over two urns at the same time, and the
loosing agents always receives the urn the player who picks
brst left behind. Here the best possible strategy optimally re-
ceives 38, whereas the worst possible strategy would only get
1.8, while choosing randomly gives 25. Strategies evolved in
the extreme competitive environment on average receive 249,
that is the payo! of a randomly choosing agent (See Figure:4
right). Here competition is so extreme that the risk that a
competitor beats one to the punch is larger than a benebt
gained from one more sample. This prevents the evolution of
repeated sampling as well as the ability ot adjust sampling as
a function of environmental variance (See Figure 3)

Discussion

The starting point of our investigation was the question
whether more competition will always result in better adapted
cognition, or if overly competitive environments may even
hamper the evolution of adaptive decision strategies? Organ-
isms evolved in environments of varying competitive pressures,
and these conditions shaped their behaviors in the present.
We designed three di erent environments in which agents had
to evolve a decision strategy under indirect, direct, and ex-
treme competition. Indirect competition drove the evolution
of repeated sampling and sampling that was rsponsive to the
variance in the environment(See Figure 3). Direct competition
let to a similar result except that sampling was only moder-
ately responsive to the variance in the environment. Extreme
competition, in contrast, forced agents to make an immedi-
ate decision (based on one sample), and evolved no sensitivity
to the variance in the environment. To avoid misunderstand-
ing, agents evolved optimal decision strategy for the environ-
ment they faced. Yet, agents in the extremely competitive
environment evolved the least sophisticated decision strategy,
measured in terms of number of samples and sampling being
responsive to environmental variance. A related consequence
is the agents inability to evolve decision strategies that not
only improve the agentOs btness but also the btness of every
member in the population. In less competitive environments,
however, agents evolved a strategy that not only maximized
their own payo!, but also allowed the average payd in the
population to increase. Our results show that competition
can optimize decision strategies not only for the benebt of the
individual, but also for the benebt of the others. But there
comes a point at which competition becomes too much of a
good thing. Under extreme competition, the agents evolved
behavior that exclusively bets on speed over accuracy. Exces-
sive competition reveals the dark side of the Janus face, by
inhibiting the evolution of decision strategies, that can trade-
o! speed for accuracy.
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Fig. 2. Probabilities of actions: The probabilities to stap4tay ) on the left, and the prob-
ability to pick (Ppick ) on the right, mapped over the range of!dérenceq! 10, 10] between
urns (y axis) and number of samples dra{@, 50] as gray scales. The probability to continue
is implicit since it is1 ! pPpick . White represents high probabilities, black low. At tiep
results for indirect competition (See Figure:1A), in thiaiddle results for direct competition
(See Figure:1B),and at thdottom  results for extreme competition (See Figure:1C).
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Fig. 4. Probability that each evolved strategy ended up choosing an urn. Left most bgure for
indirect competition. Here each player samples alone, and the probabjbifyttat an evolved
strategy decides to pick an urn of a given size (x-axis) in red. The middle bgure shows the
probability of a player to pick an urn in the direct competition environment, assuming that
player always wins playing against an identical player in red, and in black assuming the same for
a player that always looses against an identical competitor. On the right the same for evolved
players in the extreme competitive game.

Fig. 5. Supplementary Information about the outcome of choices. In the indirect competitive
environment that agent is randomly presented with twd drent urns, and thus can experience
the following six possible scenarios: 1-2, 1-3, 1-4, 2-3, 2-4, 3-4. Choosing the best in all cases
sums to20, and taking into account that each scenario has the same probability to appear
we bnd a mean payofor optimal choosing to be3.8. In case of choosing always the worst,
the sum is10, and consequently the expected least payon average isl.@. In the direct
competitive environment, the two agents are presented with four possible scenarios df payo
in the three urns: 1-2-3, 1-2-4, 1-3-4, 2-3-4. The agent choosing the optimum will receive
15 in total, and because each of the four scenarios occurs with the same probaBilfty is

on average the expected maximum payodThe second agent could now choose the remaining
second highest urn which amounts ). The expected best mean paydor the second agent
choosing optimally is therefd2.5. In the extreme competitive environment the best choosing
agent, similar to the indirect environment can choose the best of two option resultirg &has

the expected average maximal payoln turn the opponent would then be left with the lower
urn, resulting in1.8 as the expected payo Randomly choosing would result &5 since any

of the four options would be chosen with equal probability.

6 | www.pnas.org/cgi/doi/10.1073/pnas.0709640104
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Abstract

Can peopldecome more Bayesidny contradicting themselves with dialectical
bootstrapping (i.e., simulating the wisdmf a diversecrowd withintheir minds)? In a
simulation study, wedund thaif people were to averagen-Bayesian strategiaghen
making diagnostic judgmenttheir answersvould come closer to theayesan answer.
Accuracyimproved mostn problemswith araretargetevent(i.e., phypothesis< 0.2)
and when ombiningstrategies that did and did not useserates respectively (e.g.,
averaging the base ratehgpothesig with the likelihood of the data under the target
hypothesis, glatghypothesiy. In two empirical studiesve found that contradicting
oneself wih dialectical bootstrappin@ierzog & Hertwig, 2009increasd the diversity
of strategies used (as assessetbhyal strategy classification analysefs diversity
increasedaveraging gains increasad well This research suggests thpople can use
their eclecticinnercrowd to become more Bayesiavenwithout anyexplicit knowledge
of Baye€rule.

Keywords Bayesian reasoning, probabilistic infereraielectical bootstrapping,

inner crowd, crowd withinwisdom of crowds
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How The Inner Crowd CaHelp NonBayesians Become More Bayesian

In order to make good decisiomsganismsnustfind ways tosuccessfully
navigate a world aboth risk anduncetainty, where information about thenternal and
external environment is incomplete and outcomesnapessible to predict with perfect
precision.One way that organisms can make better decisions in unpredictable worlds is
by relying oninformationthatis probabilistically related to important outcomes, states, or
hypotheses (HBrunswik, 1943 For exanple,consider a mouse thatdgliberating
whether or not to move to a new foraging pafahhelp its decisiorthe mouse would
benefit fromknowing if there are predatolsrking in the shadowsf the new patchfl
the Qredator hypothesi@vere false,lien the mouseould benefit from the move;
however if the predator hypotsis were true, the mouse should avb& patchTo help
make its dedion, the mouse could retyn asocialcuein the environment; for example,
OAe there other mice foraging ing new patch® If theansweris OnoO then the mouse
may infer that the probability of a predator is more likely than ibt@vewas Oyes,O
and use this infanation to inform its decision.

While thissocialcue should be usefdt is only probabilisticlly related to the
predator hypothesis and cannot give a definitive andwex. should the mouse, or any
organism, make good inferences abouytortant hypothessgivennoisy, probabilistic
cue® Statistically, he normative solutioto this class of estiation problems iBayes
theorem Experimental psychologists have compared human probabilistic inference to
Bayes theorem since the 1960ke result has been an ongoagpate regarding whether
or not peoplect asOintuitive Bayesians,O with some reseascbuggesting that peogle

judgments are correlated with Bayes but areQoonservati@Edwards, 1968) and
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others claiming that people are Onot Bayediati@ (Kahneman & Tversky, 1972

450). In the current paper, we argue that both caanp§figuratively speakingarguing

for black or white answers to gray problemather than using a single strategy, shew
that peoplaise a variety of strategi@isoth across people and within one mitidgt differ

in their accuracy relative to Bayes theoré&ife then suggest that people can become
more Bayesian by generating and combining this diverse set é3ay@sian strategies
within one mind At the same time, we use the Bayesian reasoning paradigm to model
how dialecticalbootstrappingHerzog & Hertwig 2009) produces strategy change
within one mind.

The paper proceeds as followAtst, we reviewresearch on how people solve
Bayesian reasoning tas&adfind that people are not generally Oconservative Bayesians,O
nor are they Onot Bayesian at §K&hneman & Tversky, 1972, p. 43Rather, people
use a variety oDintuitive€trategiegGigerenzer & Hoffrage, 1995; McKenzie, 1994)
that vary in their complexity anetrors relative t@ayes theoremiVe suggest thatnithe
same way groups of errproneindividuals can produce surprisingly accurate judgments
(Larrick, Mannes, & Soll, 201Zurowiecki, 200% individualsmay be able tharness an
innercrowd (Herzog & Hertwig, 2014a)f intuitive strategies tomprove their accuracy
in Bayesian reasoningsks.We thenreview recent research on the wisdom of crowds
within one mindand suggest thaialectical bootstrappingHerzog & Hertwig, 2009)a
method of increasing the benefits of the inaeywd could increase strategy diversity in
probability esimation tasksTo make predictions for when people should benefit from
theinnercrowd, we conduct a simulation wheve averagenon-Bayesiarstrategies and

compare their errors in different environments. From this, we find both environmental
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and strateggharacteristics thatreespecially conducive to averaging. Finally, we
present results from two experiments that test the extent to which participants can, and
do, benefit from averaging nddayesian strategies. We conclude that people indeed can
become rore Bayesian by harnessing their inoswd.
Bayesian Reasoning

In a typicalBayesian reasoning task, participants are asked to estimate the
probability of a hypothesis (or event) given thpgeces of informatiorbaserate (i.e.,
the prior probability 6the hypothesisBR), hit-rate(i.e., the likelihood of data given the
critical hypothesis; HR), and falsgarm rate (i.e the likelihood ofdatagiven an
alternative hypothesi$AR). For example, consider a doctehose patienhasnon
specific symptms. The doctor could have thetical hypothesis OThis patient has
malariddand aralternativehypothesis OThis patient does have malaria.@ a
Bayesian framework, judges always begin witragniori belief in the critical
hypothesis before obsergranyadditional informationThisa priori belief is captured
by thecritical hypothesisO basate In this examplethe baseaate could be the
proportion of people in the doctorOs patpamtulation with malariaThe judgecan then
observesomedatg swch as a diagnostic medical testat probabilistically differentiates
between the critical hypothesis and #hernativehypothesis. Br example, in testing for
malaria, a doctor can examine a patientOs blood under a microscope and look for evidence
of thePlasmodium falciparumarasite. If thelatais more likely given the critical
hypothesis than thalternativenypothesis, then thadgeOs posteriprobability estimate
should increas relative to the base rate. Thielihood ofgettinga signalconsstent

with the critical hypothesis given by the hitate for example, the probability of
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obtaininga positive testor malariagiventhatthe patienteally has the diseagee., the
malaria hypothesis is trudyinally, the falsealarm rate indicatethe likelihood ofjetting
a signal consistent with the critical hypothesis githecritical hypothesis isctually
false. For example, the probability of obtainagositive test result given thise patient
really doesnothavemalaria Once a judgéas theséhree pieces of informatioBayes

theorem specifies thatjudge should combirteem via Bayes rule

"H$%&™ N"HE%&" &I"#EYNS&'&()! Equation 1.

R A A N3
(Equation 1)o calculatea posterior probabilitybut see Birnbaum, 1983;
Gigerenzer, 1996)
OConservative BayesiansO veidDBayesian at allOPsychologists have
compared humajudgmentdo Bayes theorem since the 1960arl¥£work by Edwards
and colleaguesEdwards, 1968; Phillips & Edwards, 1966¢asured peoplesO
probability estimateasing aOpoker chips and bagsO paradigmicipantsimagned that
random chips were drawn froome ofseveral bags containing different combinations of
red and blue poker chisd wereasked to estimate the probability that each type of bag
had been choseaasmorerandomly drawn chips were revealed. From thisk, Edwards
andfoundconcluded that participantst as Oconservative Bayesiaimshat they
overweighedaserate information and didot adjust their estimates sufficiently in light
of new informationi(e., hit rates and falsalarm rates)ln a review of related literature,
Peterson and Beach (1967) concluded that, despite conservatism and other deviations
from normative statistical rules, Bayes theoi@md other normative rules providad

useful initial descriptive model of human statistical iefere.
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Theclaim thatnormative statistical rulesuch as Bayes theorgmovided
adequate descriptions for human inference was quickly challekghdeman and
Tversky (1972 1973 compared human judgmentriormativemodels andlaimed to
havefoundstriking discrepancies between the tvik@r example, while Bayes theorem
requires attention to basate information, Kahneman and Tversky (19¢12)medthat
peoplejudgedas if they ignord baserates. They concluded thatstead obeing
intuitive statisticansor conservative Bayesiarseopleare users dbiased heuristics such
as the representativeness heuristic (Kahneman & Tversky), 1#72h violate
normative rules by ignoringormatively relevant information such laagse ratef.e.,
exhibiting Obasgate neglectGnd sample sizes. In sharp contrast to Peterson and Beach
(1967), Kahneman and Tversky (1972) concluded that Oln his evaluation of evidence,
man is apparently not a conservative Bayesian: he isayadian at allO (p. 450).

Debateover theOBayesian mamOntinued to rage over the next decadéth
particular attention tavhether or not people use basg¢e informatione.g, Barbey &
Sloman, 2007; Koehler, 1998)hile earler research claimed toutinelyfind baserate
negkct (e.g.Lyon & Slovic, 1976), more recent reseafobndthat people routinely use
baserates (ChristenseBzalanski & Bushyhead, 1981; Stanovich & West, 1998;
Pennycook & Thompson, 201fr a summary, see Koehler, 199%he current body of
research seems to suggemat,rather than categorically ignoring basges, people seem
to selectivelyuse base@ates basedn factors such as the causal nature of-paise
information (Ajzen, 1977), the perceived relevancbaderates (BaiHillel, 1980),the
verbiageof vignettes (Macchi, 1995), and the reasoning systenmgesp (Barbey &

Sloman, 2007).
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Strategy variability in Bayesian reasoning So who between théval camps of
Edwards vsKkahneman and Tversky were right? Are people conservative Bayesians who
rely too mnuch on baseate informatiof? Or do theyhot Bayesian at allecause they
neglect baseates entirelyRather than relying on a single strategy with a consistent bias,
we argue thathere is strategy variability both between and witteople.To
demonstree this,the following example vignette from Bétillel (1980, p. 228:

Two cab companies operate in a given city, the Blue and the Green (according to

the color of cab they run). Eightive percent of the cabs in the city are Blue, and

15% are Green. Aab was involved in a kandrun accident at night, in which a

pedestrian was run down. The wounded pedestrian later testified that though he

did not see the color of the cab due to the bad visibility conditions that night, he

remembers hearing the sourfdaa intercom coming through the cab window.

The police investigation discovered that intercoms are installed in 80% of the

Green cabs, and in 20% of the Blue cabs. What do you think are the chances that

the errant cab was Green?

A Bayesian reasoner woudthswer this problem by extracting the baste (15%), hit

rate (80%) and falsalarm rate (20%) information, and combining it using Bayes
theorem to arrive at a posterior probability estimate of 41.38% (rounded to two decimal
places)ln Figure 1, we prestthe distribution of responses to tldayesian reasoning
problem from BaiHillel (1980). Responses between 15% and 41.38% represent
conservatism (oveweighting of baseates), while responses between 41.38% and 80%
represent arronservatism (undeawxeighting of baseates). A response of 80fee., the

hit rate)could ke considerethe quintessentiddaserate neglectanswer
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Figure 1 Distribution of responses to BétillelOs (1980) problem(Figure 4 in
Bar-Hillel, 1980). Thedownward facing aow at a response of 41.38% indicates
the Bayesian posterior probabiliffhe mediafparticipant response is indicated

by the letters OMdbat 48%.

The diversity of responses in Figure 1 sktimat people are not conservative Bayesians,
nor are they not Baesian at afll theyact as if theyise avariety of strategies We are

not the first to observe thislpon observinghe estimate variability in Figure, Bar-

Hillel remarkedhatO[T]here is no prevailing strategy or integration favored by a large
proporton of the[participantsD (1980, p. 228Thus, rathethan simply being
conservative Bayesians lbabitual baseate neglectorst seems that people ud#éferent
strategies that can either resulemors of different sign and magnitudéis leads uso

our key research question: If people use a variety of simple strategies for Bayesian

! We do not mean to argue that every psychological theory that does not explicitly account for response
variability is immediately falsified by said variability. Rather, we argue that the wide, systematic response
variability in Bayesian reasoning tasks suggests that Kahneman and Tveldg@sandEdwardOs (1968)
conclusions are inadequate at best and misleading at worst.
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estimation, could they benefit from averaging those strategibs their own mind (cf.
Herzog & Hertwig, 2009 Indeed, ve can find some suggestive evidence from Ba
HillelOs (1980 xistingdata that indeed they can. BdillelOs (1980) data in Figure 1
show awisdom of crowdsffect(Surowiecki, 2004)while the Bayesian response
(indicated by a downward facing arrow located at a response of 41%) is not a common
response, the median participant estimate of 48% is quite close to Bayes. To what extent
is this effect representative of other Bayesian reasoning tasks and how could an
individual replicate these gains? We address this question in the context of research on
the innercrowd (Herzog & Hertwig, 2014a)
The Wisdom of The Inner Crowd

People can improvaccuracy of theiquantitative judgmentsy harnessing a wisdom
of crowds within one mindHerzog & Hertwig, 2014kin the same way that groups of
separate peoplgain crowd benefitsArmstrong, 2001Hogarth, 1978Larrick et al,
2012;Surowiecki, 2005 The process works as follows: an individual generates an initial
estimate (x) to a problem with an unknown answer T. Tdegsornthen, possibly after an
interventon such as a time delayyl & Pashler, 2008or dialecticalprocessing
instructions Herzog & Hertwg, 2009; Herzog & Hertwig, 2014IPhillips et al., 2014
generates a second estimatg {@ the same problerkinally, the individual estimates x
and x are combined into aaverageestimate ¥4 Dusually the arithmetic mean of x
and x. When theerror of theaverageestimatexavgi121s less tharthe error of the original
estimategtypically their initial estimate §, the person benefits from thawnercrowd

(Herzog & Hertwig, 2009)
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All crowds, regardless if they derive from one person or many, derive their
benefits from error cancellatidhlerzog & Hertwig, 2014a)When two estimates and
x fall on different sides ofObracket@e truth T the average estimateg,y.will always
have a smaller error than the averager of the original estimatékarrick & Soll,

2006) In cases where the initial estimates have large opposing errors, the accuracy of
Xavgl2 Can even baigherthan theaccuray of thebestoriginal estimateFor this reason, a
crowd can be OwiserO than evendt accurate individual member.

Dialectical bootstrapping. Because error cancellation drives the wisdom of
crowds effect, researchers haxied different methods toeg people to generate a diverse
set of estimatesncluding increasinghetime delaybetween first and second estimates
(Vul & Pashler, 2008but see also Steegddewitte, Tuerlinckx & Vanpaemelin press.

In the current paper, we focus dialecticalbootstrappingHerzog & Hertwig, 2009),
which attempts to increase innerowd benefits by having participargenerate estimates
using differenknowledgethatin turn stould increase estimate diversiBy using a
dialectical instructions inspired by tkhensidesthe-opposite technique (Lord, Ross &
Lepper, 1984), idlectical bootstrappingas been found tiocreases estimate diversity
and improves averaging gains in the ino@mwdin both general knowledge tasks
(Herzog & Hertwig, 20092014b), andmultiple-cue judgmentasks Phillips, Herzog,
KSmmer & Hertwig, 2014

While dialectical bootstrapping has shown promise in these tasks, the specific
estimation procedures people paed the way people change their estimates from one
phase to anothenas leenless clearJudgment research has proposed a wide variety of

estimation models, from ruleased €.9.;Hertwig, Hoffrage & Martignon, 1999; von
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Helversen & Rieskamp, 20p& exemplamodels(Juslin, Winman & Hansson, 2007,
Lindskog, Winman & Juslin,@13; Stewart, Chater & Brown, 2006&ioweverno
research on the inner crowd has attempted to model the specific estimation strategies
peopleuse, and how people chargfeategies as a result of dialectical instructidiss is
a substantial galpecause whout knowingwhich strategies people usad how people
switch from one strategy to anothese camot predict theconditions (i.e.judgment
tasks)under whichpeople wil benefit from the innecrowd.In the current paper, we
seek to fill this gap bynodeling strategy use in the infeowd in Bayesian reasoning
tasks while simultaneously measuring how people can use dialectical bootstrapping to
improve their judgments in Bayesian reasoning tasks.

Ecological rationality of averagingthe inner crowd. Using thesimpleaverage
(i.e., arithmetic megrof a group is often a wise aggregation stggiDavis-Stober,
Budescu, Dana, & Broomell, 2014)owever, the accuracy ateragingcompared to
alternative strategies, such as weighdgdraging or choosingegends oisevera
statistical properties of the judges and the estimation environire®robability,
Accuracy and Redundancy (PARoll & Larrick, 2009 model specifies three of these
statisticswhere one must decide how to aggregate advice from tvgeguithe
probability of detecting the most accurate judge, the relatcairacyof one judge to the
other, and the degree @frorredundancy(i.e., error correlatiohbetween judges. As the
first two statistics (probability and accuracy) increase anthite statistic (redundancy)
decreases, the benefits bétsimple average relative to other strategies decrdabess

one judge is much more accurate than the ptimer can easily identify the more accurate
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judge and there is a low correlation betw#enjudgesO errors, then the simple average
will bemoreaccuratehanchoosing the estimat®f the judgedeemed more accurate

Thus, the accuracy of the average depemdthe statisticadnvironmento which
it is applied.In applying environmental csiderations to Bayesian reasoning tasks, we
define a environment as distributionof cueprofilesthat satisfy certain criteria, where a
cueprofile is a combination of the three statistics BR, HR and FAR. For example,
reasoningask withabaserateof 20%, a hitrate of 70% and a falsdarm rate of 10%
corresponds to the cyeofile of [20%, 70%,10%)]. Conceptually, we view environments
as different Oworlds€cueprofilesthat strategies can be applied to.

McKenzie (1994) accessed the accuracydividual nonBayesiarstrategiesn
Bayesian reasoning tasksd found that while many ignore one of the three key
statistics some nonetheless performed reasonably well relative to Bayes rule. In
particular, the strategy that averaged base and Hhtrate information performed
extremely wefl. However, McKenzie (1994) also found that the accuracy of strategies
could vary dramatically depending on the statistralironmenthey are applied to.
Generally, strategies that ignore baate informatiortend to do reasonably well in
domains with moderate basates (e.g.; between 40% and 60%), but quite poorly in
domains with extreme basates (e.g.; less than 10% or greater than 90%).

In our analyses, we expand on McKenzieOs (1994) results by cajctiatin
accuracy of the average of pairs of intuitive strategies in two diffstatistic
environmentsWe call the first stimuli environmenv@lid Cue(VC).O In the VC

environment, basetes range from 0 to 100%, hattes range from 0% to 100%, and

2 Indeed, MckenzieOs (1994) finding that an averaging strategy performed quite well was one of the
inspiraions for the current paper.
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falsealarm rates are strictly less thantites. We call this environment OValid CueO
because it contains a cue whoseraie is larger than its falsdarm rateand thus should
normativelybe used to change belief&his stimuli environment has a relely high
level of uncertainty, because it is difficaltpriori to predict what theueprofile will be
for any specific question in the environment.

Many interesting diagnostic problems involved the detection of a rare event (such
as a rare medical cdition) based on an imperfect, but informative cue (such as a
medical test). To model the effects of intuitive strategy combination in these tasks, we
generated &Rare Event plus Valid CURE+)O. In this environment, basges range
from 0% to 20%, hitates range from 80% to 100%, and fedésrmrates range from 0%
to 2096. We are particularly interested in the effectiveness of averaging in RE+
environments for two reasons: First, because profiles in the RE+ environmemive
extreme baseates, thg lead to large errors when people ignore hases(Kahneman &
Tversky, 1972)Second, becausgatisticvalues in RE+ environments are so extreme, we
expect strategies to have large biases in RE+ environments. To the extent that different
strategies halarge opposing biases, this could lead to substantial averaging gains.
Applying the Inner Crowd to BayesianReasoningT asks

In the next section, we report results fraraimulation where we test the benefits
of averaging notBayesian estimation algoritleninthetwo different statistical

environmentsWe seek to answer four key questions in the simulation: First, to what

% In cases where hitates are smaller than falatarm rates (e.g., a faulty smoke alarm that is more likely to
activate when smoke rotpresent than when it is present), we assume that judges would reverse the
interpretatio of the cues, forcing hit rates to be larger than falaem rates.

* The 20% and 80% cuff values we used are somewhat arbitrary. We chose them because they separated
our stimuli in study 1 into two relatively equal sets. In a similar simulation, Mezk€g1994) used ctdffs

ranging from 10% and 90%. Our general conclusions also hold for Hudfa#lues used by McKenzie.
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extent does averaging n@ayesian strategies decrease error? Second, do all strategies
equally benefit from averaging or are some sgegs more conducive to averaging than
others? Third, are there speciéiovironmentghat favor averaging? Finally, does the use,
or nonuse, of baseate information predict the extent to which averaging benefits
strategies?
Simulation Study

We began byonstructing a list asimple, norBayesiarstrategies thdtave been
proposedn two previouspaperqgGigerenzer and Hoffragé995 McKenzig 1994).We
extracted seven neBayesian, nomveraging strategies from these papers and present

them in Table 1

Strategy Long Name Short Name Formula Uses Base
Number Rate?

1 Likelihood Hit.Rate HR No

2 False Alarm cFAR 1DFAR No

Complement

3 Relative Rel.Lik HR/(HR + No
Likelihood FAR)

4 Likelihood Lik.Sub HR BFAR No
Subtraction

5 Base Rate BR BR Yes

® Two averaging strategies (i.e.; those that compute the average of cue values or average of strategies),
called OLikelihood AvelgeO and ORelative Likelihood AverageO have been proposed in the literature. For
our simulation, because we are interested in seeing how the accuracy of individialeraging,

strategies changes as a result of averaging, we did not include thesetagiray strategies in the

simulation. However, we do include them in our behavioral classification analyses in studies 1 and 2.
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6 Joint Joint BR *HR Yes
Occurrence

7 Hit Rate Minus HRmMBR HRBBR No*
Base Rate

Table 1 Description of sevestrategies used in our simulation. Strategy 7 (Hit
rate minus base ratgchnicallyuses Base rate information but in a +i2myesian
mannerasit deaeaseghe posterior probability of the hypothesis as the loate

of the hypothesis increases

We would like tobriefly emphasizéhe psychological relevance of three of these
strategies. Strategy 1 (Likelihood), which uses only hit rate infeomat one
instantiatiofi of the representativeness heuristic (Kahneman & Tversky, 1972). Strategy 2
(False Alarm Complement) amounts to what many people do when they confuse null
hypothesis gralues and the Bayesian posterior probability of the null thgsis
(Gigerenzer, 2004). Finally, Strategy 5 (Base Rate) amounts to an extreme version of
conservatism (Edwards, 1968).

The seven strategies in Table 1 depart from Bayes theorem in two fundamental
ways. First, they differ in whichuesthey use, with dferent strategies using different
combinations of the threstatistics Importantly, these intuitive strategies are frugal as
none of them use all thregatisticsas Bayes theorem requires. Second, the strategies
differ in how they combine th&tatistics Two of the strategies (BR only and HR only)
use only singlestatistics one strategy (FAR complement) takes the complement of a

i H A H
® Though as Gigerenzer (1996) points out, the representativeness heuristic is difficult to precisely define.




DIALECTICAL BOOTSTRAPPING "

statistic,and two take the difference between statisticsHR minus BR and
Likelihood subtraction). Only two of the strateg include multiplicative operations
involving the base rat@s Bayes theorem requires): The Joint Occurrence strategy
multiplies twostatistics while the Relative Likelihood strategy combines addition and
division operations.
Simulation Procedure and Results

The simulation procedurgas modeled after that of McKenzie (1994) vatso
simulated the performance of n@ayesian strategiéHowever, in contrast to
McKenzie (1994), who defined accuracy using correlation measures, we define strategy
performance using absolute deviation (and mean absolute deviation, MAD)

First, we generated a matgwontaining all combination of the three (BR, HR and
FAR) cues®alues from01 to .99in steps of .01, leading to 1,000,08@eprofiles Next,
for eachcueprdfile, we calculated thestimate for each of thestrategies listed in Table
1. We then calculated both the sigrexdor (biasyand absoluterror (accuracypetween
each strateg9®stimate and theorrespondind@ayesiarposterior probabilityNote that

because we appld each strategy without errtinere was no random sampling involved

in any of our calculations.

" Our simulation dparts from that of McKenzie (1994) in one key respect. McKenzie defined each cue

profile in the form of a 2 x 2 frequency contingency table. He then created a set of cue profiles by creating
all combinations of cell frequencies, where each cell contaimedrder from 1 to 50. As we show in

Appendix D, this procedure leads to a amiform distribution of baseates, hitrates, and falsalarm

rates across cue profiles, with a peak in at 0.50. Additionally, it allows foatki# to fall below falsalarm

rates, which we expect will not hold for most readrld tasks. To correct for these issues we manipulated
statistics directly instead of using McKenzieOs frequency contingency table approach.

8 While correlation measures are informative, they can magk ksolute differences between a strategy

and Bayes and do not reveal strategy biases. To illustrate, a strategy can be perfectly correlated with Bayes
while simultaneously having a large bias.
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Bias of non-Bayesianstrategies. We begin by exploring the accuracy of
individual strategiesSigned eror distributions for each strateggparated by the two

statisticenvironmentsre displayed in Figurz
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Valid Cue
Environment

Signed Error

Rare Event + Valid Cue
Environment

Signed Error

Figure 2: Distribution of signed errors for individual strategies in\@ (top

panel)andRE+ (bottompanel)statisticenvironments respectivelizach figure in
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the plot is a ObeargOsmoothed and vertically mirrored density (Kampstra, 2008).

Horizontal lines represent medians.

We begin by examining error distributionstire VC environment (Figure,2op
panel). Heresome strategies (Joi(6), Likelihood Subtractior§S4), and Ht Rate
minus Base Rat(s7)) tended to haveoderately larg@eegative biasesneaning that
they tendedo give estimates lower than Bayesdile the remaining strategies had small
biases. Moreover, most strategies had large error ranges, witlcaeprefiles leading
to largenegative errors and others leadindgai@epositive errors. The one exception was
the Base Ratés5)strategy, whichended to gie small, negative erro@cross most
stimuli profiles. Clearly, inthis environment, th®&ase Rate (SStrategy appears to be
both frugal and moderately accurate relative to other simple strategies.

A different picture emerged in tHRE+environment. In this environment, we see
clearer biases in strategiéd| but two strategies (Joirf66) and Base Rat(sh)),
systematically overestimated the posterior probabilities had a positive biadh
contrast, Join(S6)and Base Ratés5)overwhelminglyestimates that were too (i.e.; had
a negative biaslCompared to VC environmenthe Base RatéS5) strategydoes
substantially poorer in RE+ environments

These results allow us to make some predictions as to which environments favor
averaging, and which pairs of strategies will benefit from averagindnich
environmentBecause strategies are moreliik® have largend opposindpiases in the
RE+ environmentwe expect larger averaging gains here than iv@environment

Second, in th&RE+domain we expect that combining strategies with negative biases
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(such as JointS6)and Base Rat(S5H) with strategies with positive biases will lead to
greater averaging gains than combining strategies with similar biaghs.next section,
we compare the accuracy of individual strategies awttragingstrategies.

Accuracy of areraging drategies Next, we ompared the accuracy of the
individual strategies in Table 1 to the averages of pairs of strategies. We label averaging
strategies using the conventiog,Svherei andj are the two strategies being averaged.
For example, the strategy.otakes the avage of Likelihood (§ and False Alarm
Complement (8. We generated estimates for all 21 (7 choose 2) averaging strategies by
taking the average estimate of each pair of strategies foisgauhi profile. Next, we
calculated thabsolutedifferencebetweenthe estimates of theveraging strategiesnd
the Bayesposterior probabilitfor all cue patterns in both stimuli environmemé&e

present full absolute error distributions of each stratedirgure3:
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Figure 3: Distributiors of absolutedeviatonsfor all averaging strategies acrdsslid Cue (VC, left panel)and Rare Event

Plus Valid Gie (RE+,right panel)environmentsEach figure in the plot is a ObeanO: a smoothed and vertically mirrored

density (Kampstra, 2008). Lower values indicate beiteuracyHorizontal bars in each bean show median vallies.
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intersection between a raand column strategy presents the distribution of errors for the average of those two strategies.
Distributions on the main diagon@h gray) represent individual sdtegiesThe horizontatlottedline in eachrow shows the

meanabsolute deviation of the individual strategyrresponding to that row.
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In Figure 3 the intersection of a row and column shows the distribution of
absolute errors for the average of the strategies named in the respective row and
columnacross alktimuli profiles within an environmentDistributions on the main
diagonal correspond to individual strategies while distributions oaftlteagonal
represent averaging strategies.

We beginby looking at the/C envronment (left panel of Figure)3n theVC
environmentsome strategies tend to be aided by averaging while others tend to be hurt.
For examplethe individual strategy Hit Rate minus Base Rate (S7) tends to have large
errors, wlile averaging strategies usiffit Rate minus Based&e(S7)appear to have
lower absolute error3hus, the Hit Rate minus Base Rate stra(&y)lends itself to
averaging invC environmentsln contrastthe Base RateS6) strategy tends to perform
well on its own. Averaging strategies that use Base (&figend to have larger absolute
errors than the individual Base R&85)strategy. Thus, the Base Rate strategy does not
tend to benefit from averaging in valid cue environments.

In theRE+environmets, by contrast, the mass of maeseragingstrategies tend
to be lower thamhat ofthe individual strategiesuggesting that averaging usually
improves accuracyror example, the Base Rate (SHategy tends to be less accurate on
its own than when is averaged with other strategies. This is in contrast to the VC
environment where the strategy did fairly well mawn. Similarly, the Joint ($6
strategy appears to have lower errors when it is averaged with other strategies. These
results suggestsdh consistentith our predictionstheRE+environment favors

averaging more than th&C environment. To see this relationship more clearly, we
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plotted the mean absolute deviation (MAD) of eagclitary strategy relative to the MAD

of all averagingstratgiesthat contain that solitary strategyFigure 4
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Figure 4. Mean absolute deviation (MAD) of individual strategaeslcombined
strategies in twetatisticenvironmentsEach figure in the plot is a ObeanO: a
smoothed and vertically mirrored degsiKampstra, 2008)Graycircles show
individual strategies while numbers show combined strategies. Horizontal bars
showthe median MAD value for all averaging strategtesch distribution shows
the MAD values for all averaging strategies that use afsp@startingO strategy
(indicated by the graph labels). The numbers indicate the MAD value of the
averaging strategy that combined the starting strategy and the numbered strategy.
For example, the number 7 in the far left plot in the left panel reprabemt$AD
value of S1la7 the averaging strategy that combines Likelihood (S1) and the Hit
Rate Minus Base Rate (S7) strategy. The numbers are jittered horizontally to
make them easier to read. Tgraycircles represent the MAD value for the
individual stating strategy. When most numbers fall belowdhay circle, then

the strategy tends to benefit from averaging. When most numbers fall above the

green dot, then the strategy tends to be hurt by averaging.

In the aggregated resufisesented in Figure, the distinction betweexC and
RE+environments becomes more clearVia environments, some strategies tend to
benefit from averaging(g, Likelihood Subtractior{S4)and Hit Rate Minus Base Rate
(S7) while others do not reliably benefé.(.;Relatve Likelihood(S1)), and some are
even generally hurt by averaging g Base Rat€S5). Additionally, one can see that the

number 5 falls below most of the green dots. This showshbd@ase Rate strateg$s)
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is a good OpairingO strategy that, wheraged, improves the performance of other
strategies.

The picture irRE+environments is very different. Hebbecauseéhe median
MAD of averaging strategies is less than the individual strategy MAD for all strategies
all strategies tend to benefit fromaeraging Additionally, strategies Joint (S6) and Base
Rate (S» appear to be especially beneficial strategies for other strategies to average with.
For all other strategies, averaging with these strategies dramatically decreases average
error relative tandividual strategy performancEor example, when Likelihood (S1) is
averaged with Base Rate (S5), Likelihd&l)reaps a decrease in mean absolute error
from .41 to .16, while Base Ra{85)shows a decrease in MAD from .41 to .17.

Simulation conclusbns Our simulation showethataveraging gains depend on
which strategies are combined ahdenvironment strategies are appliedlimVC
statisticenvironments, there is large variability between strategies in averaging gains:
some reap large benefilskelihood SubtractiorfS4)and Hit Rate Minus Base Rate
(S7), while others do not reliably benefit, and othams everhurt by averaging (Base
Rate(S5)). In contrast, we find that IRE+environmentsall strategiesend to benefit
from averagingAdditionally, we also find that two strategies, Base Rate (S5) and Joint
(S6) appear to be especially conducive to averaging in that, when they are averaged with
other strategies, they can lgadargereductions in error in one, if not both strategies.
We @an explain this with reference whether or not strategies use bastes While
strategies 1 through 4 dmt use base rate information at all, Base Rate (S5) and Joint
(S6) are Ighly influenced by base rateBy using base rate informatiostrategieBase

Rate ($) andJoint (3) serve as promising Ohelping stratégiest, when averaged,
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increase the accuracy of other stratedisategy Hit Rate Minus Base Rate (S7) does
use baseate information, but not in a way consistent with Bayes thebierom this, we
can predict that people wisavitch betweenmisinga strategy that does not use base rate
information, and a strategy that does use base rate inforn@xicinding Hit Rate Minus
Base Rate (SY,)will reap larger averaging gains than those whoot
Does Dialectical Bootstrapping Increase Strategy Diversity and subsequent
averaging gains?Two Empirical Studies

To test the degree to whigeoplecould benefit from their innearowd in a
Bayesiarreasoningask, we conducted twsiudies In eachstudy, participants gave
estimates for several estimation problems. Each problem presented participaats with
cueprofile in the context of a vignette and asked therasiimate the Bayesigosterior
probability.In study 1, we used a subset of gfnedemsused by Gigerenzer and
Hoffrage (1995). These stimuli contained vignettes from a wide varietyndént
domainge.g., medical, eyewitness identificatjoMoreover, because some of the
guestions fellnto the RE+ environmenthile othersdid not the data allowed us to test
whetherstatisticenvironments affect averaging gains within participants. In study 2, we
created a new set of stimuli using a Oballs and boxesO vignette across all gliestions.
standardized vignette was designed to minimimesichcratic differences between
guestionsin study 2, ve constructed two separate setstohuli profilesthat saisfied

RE+ and VC criteria and included stimuli type as a betweseticipant manipulation.

° Hit Rate Minus Base Rate (S7) uses base rate informaiioft, combines it with other cues in a Ron
Bayesian manner. Instead of multiplicatively combining base rates with hit rates (as prescribed by Bayes
theorem), it subtracts base rates from hit rates. In cue combinations with low base rates, Hit Rate Minus
Base Rate effectively ignores the base rate cue and relies solely on the hit rate cue. Of course, this is
completely antithetical to Bayes theoremOs posterior probability, which is heavily influenced by small base
rates. Thus, while Hit Rate Minus Base R@®) uses base rate information, it does not help other

strategies the way that Base Rate and Joint do.
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In both studies 1 and 2, participagesve two gparate estimates to each problem
across two phaseafter giving a first set of estimates in phase 1, participants were
assigned to one of two conditions before giving a second set of estimates on phase 2. In
thecontrol conditions, participants were taid give a second set of estimates as if they
were seeing the problems again for the first tfoieHerzog & Hertwig, 2009, 2014b)

We included this condition to measure baseline changes in strategy use between phases.
In thedialectical conditions, partipants readlialecticalinstructions whichencourage
participants to think of new ways of deriving estimates by challenging the assumptions
they made in their previous estimafelerzog & Hertwig, 2009)In previous studies on
dialectical bootstrappinglialecticalinstructions have been found to increase estimate
diversity and subsequent averaging gains relative to control instruddowgver, no
previousstudy has used probabilistic modeling technigyégwandowsky & Farrell,

2010)to measure the edtts of dialectical instructions on dit@tive changes in

strategiesln the current two studies,enuseprobabilisticmodeling techniques to classify
the estimation strategy participantsed in each of the two phassswell as whether or

not participats switchedstrategiesThisclassification analysiallowed us to teghe

effects of dialectical instructions on strategy switching, an@xitent to which

participants used strategies that, according to our simulations, should lead to averaging
gains.

In study 1 we included an additional control conditidrere, after phase 1,
participants spent four minutes solving anagramelated to the reasoning task
(anagramcondition). We included this condition to test whether or not distradtiom

the Bayemn reasoning taskas sufficient to produce strategy chaa between
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Distractioncan provide an incubation period that increases creative problem solving (e.g.
Baird, Smallwood, Mrazek, Kam, Franklin & Schooler, 2012). Thus, in order to test if
distracton can matcldialecticalinstructions in inducing strategy change, we included the
anagranconditionin study 2° In study 2, we included an additional third estimation
phasehatwas designed to test how people decidaggregateheir innercrowd (cf.
Fraundorf & Benjamin, 2014; Herzog & Hertwig, 2014; MY{leede, 2011)For each
guestionin this phasginstead of presentirthe cueprofile, we showedparticipants their
phase 1 and 2 estimates for each of the problems and asked them to come upr with the
best estimatenilight of those two estimatéd/e used these response data to deterihine
people were able to outperform the simple average of their phase 1 and phase 2 estimates.
Hypotheses

Because dialectical instructiosBouldspur participants tthink of a new way to
make estimate@ierzog & Hertwig, 2009)we expect participants in this dialectical
condition to be more likglto switch strategies betweehgses 1 and @H1). Based on
our stimulation study, @ predicted that averaging gains wobé&llarger irthe RE+
environmenthantheVVC environmen{H2) and thaparticipants whawitch betweem
strategy that uses basses and another that does not use-batssin phases 1 and 2
will reap larger averaging gathan participants who do n¢3).
Methods

Participants. 575 participants (350 in study 1 and 225 in study 2) were recruited
from Amazon Mechanical Turimturk) participated in the study. They each received a

flat payment of $3.50 for participating. In addition to the flat paymeay, Were eligible
B e e at

Y However, as the reader will see, participants in the anagram condition in study 1 actually changed
strategies less often than those in the contnotiition. As this discredits the hypothesis that distraction was
sufficient to produce strategy change, we did not include the condition in study 2.
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for aperformancebased bonus rewadd up to $2.00We restricted participants to those
located in the United States with at least a 9684rk work acceptance rate. We informed
participants that the study would take between 60 and 9Qesitm compete

Materials and procedure. In bothstudies participants gave estimates to several
guestions that required them to make a posterior probability estimate in ligphtef
statistical cuesontained in a vignettd hey were told that each qties had a correct
answer, and that they would receive a monetary bonus proportional to the agreement
between their estimates and those that a statistician would give. The order of questions
was randomized for each participaitter reading each questioparticipants gave a
posterior probability estimate in percentage format from 0 to 100 up to two decimal
places.

Study 1 stimuli. In study 1, prticipantsgaveestimatedo ten probability estimate
tasksusing the standard probability formiataken from Ggerenzer and HoffrageOs
(1995) stimuliand translated into Englith We selected ten out of the fifteen tasks from
their study that maximized the variance in predictions fron7 #s&imation strategies in
Tablel (and thus increased model identifiabilit{§ach problemvas presented as a
vignette that asked the participaniridicatethe posterior probability of an event given
baserate, hitrate, and falsa@larm rate informatianA list of thecue profiles and
verbatim textaised in each of the ten quests is shown iAppendix A.

Study 2 stimuli. In study 2 participants were asked to estimate the probability of

an event in a Oboxes and ballsO parggigenAppendix A for verbatim instructions). In

" The standard probability format of a Bayesian inference task provides informationdteséitrates,

and falsealarm rates) in single event probabilities (Gigerenzer & Hoffrage, 1995). We chose to use this
format because it is the one where people are known to have the most difficulty deriving Bayesian
estimates.

12\We thank Ulrich Hoffrage for providingswith the raw questionnaires from their study.
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each question, participants were asked to imagine that a “game master” had a “choosing
hat” containing “Choose-A” and “Choose-B” tickets, and two boxes labeled “A” and “B”
containing different distributions of Green and Red balls. Participants were told to
imagine that the game master selected a random ticket from the choosing hat and drew a
randomly selected ball from the box named on the ticket. They then answered the
question: “Given that the game master drew a Green ball from the selected box, what is
the probability that the ball came from box A?” At the beginning of each question, they
were given three pieces of information that corresponded to the base-rate, hit-rate and
false-alarm rate of the target question: the proportion of “Choose-A” tickets in the
choosing hat (base rate), the proportion of Green balls in box A (hit rate), and the
proportion of Green balls in box B (false-alarm rate). A screenshot of the game is
presented as Figure Al in Appendix A. We generated 2 sets of cue-profiles
corresponding to Valid Cue and Rare Event + Valid Cue conditions'. The final stimuli
profiles we selected and used for each condition are presented in Table Al in Appendix
A.

Phase 2 Conditions. After giving their first set of estimates to each problem,
participants were told that they would be giving a second set of estimates to each of the
questions. They did not previously know that they would be making second estimates.
They were randomly (and independently) assigned to one of three conditions in study 1,

and one of two conditions in study 2. In the control condition (study 1 N = 108, study 2 N

13 To generate the stimuli profiles for each condition, we simulated 10,000 sets of 15 stimuli profiles where
each cue value was drawn from a uniform distribution from 0 to 1. After removing stimuli profiles that did
not satisfy the cue-profile constraints of the respective environment, we selected the set of 15 stimuli
profiles that maximized the standard deviation of the strategy estimates in Table 3. By maximizing the
standard deviation of the strategy estimates, we increase the identifiably of strategies.
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=109), participants were told that the researchers were interested in the natural variability
in their estimates, and would provide second estimates to the questions (cf. Herzog &
Hertwig, 2009, 2014b). They were instructed to answer the questions “as if they were
seeing them for the first time.” In the dialectical condition (study 1 N = 131'*, study 2 N
= 116), participants read dialectical instructions. Specifically, they were instructed
(Herzog & Hertwig, 2009, p. 234):

First, assume that your first estimate is off the mark. Second, think about a few

reasons why that could be. Which assumptions and considerations could have

been wrong? Third, what do these new considerations imply? Was the first

estimate too high or too low? Fourth, based on this new perspective, make a

second, alternative estimate.

In study 1, we included a third anagram condition (N = 111), where participants solved
anagrams (unrelated to the estimation task) for four minutes. After the four-minute
anagram period completed, participants were given the same instructions as those in the
reliability condition.

Following the condition specific manipulations, all participants were also told that
their performance bonus for each question would be based on the betfer of their two
estimates in phases 1 and 2. This was meant to encourage participants to try different
estimation strategies (cf. Herzog & Hertwig, 2009, 2014b). Phase 2 then began and
participants were presented with the same problems from phase 1 a second time in a

newly randomized order. Participants in the dialectical condition were also reminded of

' The imbalance in sample sizes per condition was due to sampling error in our independent random
assignment.
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their original estimates, in addition to being presented with the problem stimuli, in order
to further facilitate changes in estimates.

Phase 3 in study 2. In study 2, we included a third estimate phase (cf. Herzog &
Hertwig, 2014b; Miiller-Trede, 2011). After giving second estimates in phase 2,
participants were told (again, without warning) that they would be making a third, and
final, set of estimates for each problem. They were told that they would earn an
additional performance based bonus for the accuracy of their phase 3 estimates
independent of their estimates in phases 1 and 2 (cf. Herzog & Hertwig, 2014b).
However, in contrast to phases 1 and 2, participants were not be reminded of the cue
statistics for each question, and instead had to make an estimate on the basis of their
phase 1 and phase 2 estimates alone. We then presented participants with each of their
phase 1 and phase 2 estimates for each problem and asked them to make a new set of
estimates.

Results

Definitions. In the following formulas, we use the notation x; to designate an
estimate in phase k for question i, and b; to designate the Bayesian criterion for question i.
For each participant, we calculated the mean absolute deviation (MAD) between their
estimates and the Bayesian criterion across problems.

MAD, = i=11"ki i
" N
We separately calculated MAD values for each participant’s phase 1 and phase 2
estimates (labeled MAD,; and MAD; respectively). In addition, we calculated the MAD

value of each participant’s average estimate between phase 1 and phase 2 across

problems (labeled MAD,y,12):
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N (i +x00) b.
=1 2 2

N

MADavng =

To calculate averaging gains, we subtracted the MAD of each participant’s

average estimates from the MAD of their phase 1 estimates:
Averaging Gain = MAD; — MADyy41,

Next, we calculated each participant’s bracketing rate and accuracy ratio. A participant’s
bracketing rate is defined as the proportion of questions where a person’s phase 1 and
phase 2 estimates fall on either side of the Bayesian estimate (i.e., have different signed
errors; Larrick & Soll, 2006). Finally, a participant’s accuracy ratio is defined as the ratio
of her higher phase MAD value to her lower phase MAD value (Soll & Larrick, 2009):

max (MAD;, MAD,)
min (I"# | II"# !

Accuracy Ratio =

The minimum accuracy ratio is 1 which occurs when a person’s phase 1 and phase 2
estimates have the same average error.

We use Bayesian parameter estimation procedures for all analyses (for
information on the strengths of a Bayesian approach to statistics, see, for example,
Dienes, 2011; Kruschke, 2010, 2011a, 2011b; Wagenmakers, 2007). To make inferences
to group means, we use the BEST package in R (Kruschke, 2013). For regression
analyses, we conduct Bayesian mixed-level analyses using the MCMCglmm package in
R (Baayen, Davidson & Bates, 2008; Hadfield, 2010). When applicable, we include
random intercepts for participants and stimuli. For all analyses, we summarize parameter
posterior distributions of interest using 95% highest density intervals (HDIs).

Summary statistics.Summary estimate change and accuracy statistics separated

by instruction condition and stimuli environment are presented in Table 4. We only
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include datdrom participants (272 out of 350 in study 1, 206 out of 225 in study 2) who
were not classified as using a Bayesian strategy in either phase 1 or pNadaghlight
four key results here. First, participants in dialectical conditions appeared to ¢hainge
estimates between phases 1 and 2 more than those in the control conditions (and the
anagram condition in study 1). This suggests that dialectical instructions were successful
in changingparticipants®stimation strategies (we will test this usingadeling

approach in the next section). Secaggtjmates wergenerallymore accurate (had
smallerabsolute errojsn the VC environment compared to the RE+ environment. This
is consistent with previous reseafeimd our simulation resultshowing thapeople

make poorer estimates relative to Bayes theorem for problems with very lonabese
those with moderate basates(McKenzie, 1994)Third, bracketing rates appear
consistently higher in RE+ environments compared to VC environments. Thissugge
that RE+ stimuli do indeed lead strategies to produce different errors than VC
environments, which should in turn leaddoger averaging gains. Finally, bracketing
ratestended to be fairly low. The smalleaeanbracketingratewasonly 6% in the

control condition of study 1 for & stimuli and the largest was 19% in the dialectical
condition of study 2 for RE+ stimuli. These rates are substantially lower than has been
found in previous innecrowd researchH-or example, Herzog and Hertwig (2014b) lkad
smallest group mean bracketing rate of 14% in their reliability condition, and a largest

group mean bracketing rate of 22% in their dialectical condition.
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Control Anagram Dialectical
VC RE+ VC RE+ VC RE+
Mean Estimate
Change 9.33 [0, 31.84] 20.28 [L.74, 48.14] 8.77 [0, 25.85] 20.55[1.66, 46.16]  15.11 [0, 45.31] 24.91[1.5, 65.61]
MAD;, 18.98 [0.73, 49.71] 51.37[8.91,85.58] 15.87[0.08,51.34] 51.1[11.43,94.68] 19.04[0.05, 49.76] 50.48 [0.14, 86.52]
MAD, 18.47 [0.14, 49.46] 48.08 [3.92,79.54] 15.11 [0, 50.76] 52.53[2.06, 83.04] 20.93[0.09, 48.39] 46.01[3.92, 81.48]
MAD 4yq12 18.72[0.21, 42.91] 49.71[17.99, 84.91] 15.49[0.63,50.51] 51.81[9.69,86.78]  19.98[0.67, 45.4] 48.23[11.42, 85.03]
MAD; b
MAD 4yq12 0.26 }9.17,12.66] 1.66F1111,19.28] 0.38[F12.01,11.31] -0.71F14.86,15.98] -0.94[F17.44,9.06] 2.25F18.49, 32.31]
Bracketing 0.06 [0, 0.25] 0.09 [0, 0.33] 0.09 [0, 0.5] 0.09 [0, 0.5] 0.11 [0, 0.5] 0.12 [0, 0.5]
Accuracy Ratio 2.64[1, 9.93] 1.58[1, 3.12] 3.03[1, 12.53 1.68[1.03, 3.04 2.59[1, 9] 2.08[1, 8.33
Control Dialectical
VC RE+ VC RE+

Mean Estimate Change 7.44 [0, 14.73] 10.85[0.19, 33.47] 7.45]0, 21.6] 14.82 [0.93, 45.73]

MAD;, 21.49[7.04,36.04] 21.38[0.06,38.87] 31.96[1.61,43.66] 35.29[19.3145.59]

MAD, 20.05 [8.56, 36.3] 22.53[0.24,48.59] 32.24[1.35, 45.2] 34.08 9.9, 53.62]

MAD ,yq12 20.16 [7.46,36.17] 21.14[0.14,40.99] 31.3[1.77,43.92] 32.84 [15.03, 44.03]

MAD ; DMAD ayq12 1.32 }0.8, 5.87] 0.24 F13.39, 6.49] 0.66 F4.01, 7.92] 2.45[F2.27,19.87]

Bracketing 0.08 [0, 0.27] 0.13 [0, 0.4] 0.08 [0, 0.33] 0.19 [0, 0.73]

Accuracy Ratio 1.2[1,1.89] 2.23[1, 4.1] 1.26 [1, 1.86] 1.55[1, 2.59]

Table 4a and B: Study 1 (4a) and study 2li¥summary statistics. Each cell containsgample mean across participants in a
condition and the corresponding 95% highest density interval (HDdalculating summary statistics for accuracy ratios, we
excluded data from 15 participants with VC accuracy ratios greater than 15 and 3 pastwiffaRE+ accuracy ratios greater
than 15The corresponding table for all 350 participammsluding those who used a Bayesian strategy in at least one ighase,
in Appendix B.
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Strategy dassification. In order to measure how dialectical instructiamftuienced
strategy change, and how strategy change affected averaging gains, we conducted a strategy
classification analysisVe assme that each participant uses @séimation strategy acrossost
guestions withireachestimation phase. Howeveave do alow some application variability due
to factors such as calculation errorsspontaneous use of a different stratégyrmally, we
define the likelihood of responses for question i from strategylied by participant ksa t
distribution with mean e@ to the estimate of strategydggrees of freedom equal to oaad
standard deviatioapecific to each participant.

O N (e D LI I A TR I L A EQ 1.

Wheres is theoutputfunction of strategy, and BR, HR,, and FARcorrespond to the
baserate, hitrate, and fals@larm rate values for questianiVe chose to model errors using the
t-distribution because its fat tails can accommodate outliers better than the normal disttitoution.
addition, we truncatedhé probability density function (PDFelow0 andabovel and
normalizedt to integrateagainto 1 For a visual representation or the modeling procedure, we

refer to Figures where we compare the likelihoods given by two different stratégeesd B
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Figure®6. Likelihood functions of two different strategiésand B plottedin black and

gray lines respectivelyto two responses of .20 and .70 from a hypothetical participant

The solid lines aréhe respectivéikelinood functions for question 1 (Q1) wia the

dashed lines athe respectivéikelihood functiors for question 2 (Q25trategy A

depicted predicted values of .18 and .71, while strategy B predicted values of .30 and .50.
Because strategy A made predictions close to the participantOs resfosisesiard

deviation can be very low and thus give high likelihood to the responses. In contrast,
because strategy B made predictions relatively far from the responses, its standard
deviation is forced to be relatively high and it gives low likelihtmthe participantOs

responses. Multiplied across both problems, strategy A gives higher cumulative

likelihood to the data than strategy B.
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For thesdwo questionsthe participanindicatedestimates of 0.20 and 0, A@spectively
(). Strategy A predictsesponses of 0.18 and 0.71, while strategy B predicts responses of
0.30 and 0.50 for questions 1 andespectively. The participant@sponsekave higher

likelihood understrategy A than strategy B.

For each patrticipant arehchestimate phase, we cpared thenaximumlikelihood fits
of twelve differentstrategiesn Table 5 In addition tathe seven noraveraging strategidsom
Tablel, we included Bayes theoreimyo averaging strategiggoposed in prior literature
(Gigerenzer & Hoffrage, 1995; Mckeie, 1994)and twobaseline models that ignorethecue
profile information The two averaging strategies wéne Relative Likelihood Average (defined
as the average of the Base Rate (S5) and Relative Likelihood (S3jhedmkklihood Average
(defined as the average of Likelihood (S1) and Base Rate (S5)). Prior research has suggested that
some people spontaneously adopt the strategies (Gigerenzer & Hoffrage, 1995; McKenzie,
1994). For this reason, we elected to include them in our strategy cldssifenaalysis. The two
baseline models were called ORandomO and OMean.O The OMeanO modeksetoftiiee-t
distribution in EQL to the mearof the participantOs responsesile the ORandomO model uses a

uniform distribution from O to 1A tableof dl twelve strategiess presented in Tablg.

Strategy Strategy Name Averaging CueBased?  Number of
Number Strategy? free
parameters
0 Bayes No Yes 1
1-7 See Tablel No Yes 1

8 Relative Likelihood Yes Yes 1
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Average
9 Likelihood Average Yes Yes 1
10 Mean No No 2
11 Random No No 0

Table5. Twelve strategies used in our strategy classification analyssaging
strategies average 2 or more cue values:liaged strategienake estimates as a
function of cue (i.e.baserate, hitrate and/or falsalarmrate) while norcuebased

strategies ignore cue values.

Strategies 0 through 9 have dnee parameterwhich isthe standard deviation of the
distribution the smaller the standard deviation, the better a strategy captures a participantOs
estimdes across questions (see also Figur&sategy 10 (Mean) hameadditional parameter
which isthemeanof its t-distribution. Strategy 11 (Randommodelsestimates ag uniform
distributionranging from0 and 1(i.e., with no free parameteys

For each participant wealculated maximunrfikelihood estimatesf the parameters for
each strategy for each estimate ph#¢ethen calculatethe Bayesian Information Criterion

(BIC) for each strateggn using the equation

"%, 1] !i!"(!"#l D) IR Nt

Wherek s an index for questionBk, is the likelihood of the estimate given modem using
the maximum likelihood estimates for each paramegen pnodelm, and N is the number of

data points(N = 15 for all models)The BIC measure rewards models that give high maximum
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likelihoods to the data while simultaneously punishing models with many free parameters
(Lewandowsky& Farrell, 2010) We then calculatedBIC values for each model subtracting
the minimum BIC value from each modelOs BIC value. Finally, we calculated posterior

probabilities of each modet using the equation

prnrrrry

1] Z'—#

We classified each participant as usihg model with the highest posterior model probability.
See AppendixXC for model recovengimulatiors supporting the validity of this model
classification procedure.

Strategy classification resultStrategy classification results are presented in Figure
usingheat plotsVertical axes show results from phase 1 while horizontal axes show results from
phase 2. Cells on the diagonal indicate cases where participants were classified as using the same
strategy in both phases 1 and 2. Cells indoffieliagonalindicate cases where participants were
classified as using a different strategy in the two ph@sggegated classification results are

presented in Tablé
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Figure 7. Straegy classification results irhpses 1 (horizdal axis) and (vertical axis) separated by study and instructions
condition. Values on the main diagonal indicate participants who were classified as using the same strategy in phases 1 and 2

Values off the main diagonal indicgtarticipantsvho were classified assing different strategies in phases 1 and 2.

Strategy Study 1 Study 2
Index Name Phase 1 Phase2 Combined Phasel Phase 2 Combined
0 Bayes 60(22%) 60(23%) 120 (23%) 20(10%) 18(9%) 38 (9%)
1 Likelihood 80(30%) 64(25%) 144 (27%) 32(16%) 24(12%) 56 (14%)
2 False alarm complement 5(2%) 4 (2%) 9 (2%) 4 (2%) 4 (2%) 8 (2%)
3 Relative likelihood 17(6%) 16(6%) 33 (6%) 13(6%) 8(4%) 21 (5%)
4 Likelihood subtraction 47 (17%) 41(16%) 88 (17%) 7(3%)  11(6%) 18 (4%)
5 Base rate 7(3%) 15(6%) 22 (4%) 69(33%) 59(30%) 128 (32%)
6 Joint occurrence 52(19%) 54(21%) 106 (20%) 48(23%) 52(27%) 100 (25%)
7 Hit rate minus base rate 2 (1%) 3(1%) 5 (1%) 1(<1%) 4(2%) 5 (1%)
8 Relative likelihood average 0(<1%) 1(<1%) 1(<1%) 2 (1%) 2 (1%) 4 (1%)

9 Likelihood average 0(<1%) 2(1%) 2 (< 1%) 10(5%) 14(7%) 24 (6%)




DIALECTICAL BOOTSTRAPPING "

10 Mean 1 2 3 14 24 38

11 Random 78 89 167 5 5 10

Table6. Strategy classification results aggregated across conditions separately for each study and phase. Percentages are

column pecentagedor cuebased strategies (strategies 0 through 9) and ignore ndrasad strategies (strategies 10 and 11).
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In Study 1, we classified participants to a dueesed strategy 530 out of 700 (%) of
casesacross phase¥he remainin@4% ofparicipants were mostly classified as using the
Random stratedy. Of those participantssing cuebased strategiethe most common strategies
were (S1) Likelihood (27%), (SO) Bayes (23%), (S6) Joint Occurrence (20%), and (S4)
Likelihood Subtraction (17%). Hse four strategies accounted for 86% of the albased
strategiesThese classification rates coincide fairly closely with GigereaadHoffrage (1995),
who classified participants using a combination of waitgud protocols and direct behavioral
measure¥’,

In study 2, we classified participants to a-t#sed strategy in 402 out of 450 (89.3%) of
casesacross phase®f those participants using cbased strategies, the most common strategies
were(S5) Base rate (32%), (S6) Joint occurrence (25%4)) Cikelihood (14%), and (SO) Bayes
(9%). These four strategies accountedB@¥o of all cuebased strategies. One major difference
in strategy use between study 1 and study 2 was the use of the Base rate (S5) strategy. In study 1,
this strategy was onlysed in 4% of cases while in study 2, it was used in 32% of cases. We
conjecturehatthe increase in use of the BR strategy is due to the direct causal function of the
baserate in the Experiment 2 vignette (see Ajzen, 1977).

Strategy switching.Next, weexplored the relationship between experimental condition
and srategy change between phases 1 and 2. For each part{angduding those who were
classified as using Bayes in either phase) calculated whether s/he was classified as using the

same streegy or different strategies in the two phad¥s.used Bayesian graphical modeling to

15 participants who were classified to the ORandomO strategy were not necessarily responding randomly. They may
have been using an estimation sgy other than those in Table 5. Alternatively, they may have violated our

modeling assumptions by, for example, alternating between two strategies.

'%1n Gigerenzer and HoffrageOs (1995) first study using the standard probability format, they foutwhihg fo
classification rates (our rates from phase 1 in Study 1 given in the parentheses): Bayes 22% (23%), Joint: 12% (0%),
Likelihood: 32% (27%), LikelihootSubtraction: 10% (17%), Base Rate: 2% (4%). Additionally, they failed to

identify the strategy a27% (22%) of participants.
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compare the probability that participants switched strategies as a function of their experimental
conditiort’. We then computed 95% HDI for the difference in proporthetsieen conditions.

Strategy switching rates for each condition are presentéidume8.
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Figure 8: Percentage of participants classified as changing strategies between phases 1
and 2 by instructions condition and stuBlyror bars represent 95% highdsnsity

intervals (HDI).

In study 1, 5% participants in the&lialecticalconditionchanged strategies compared to
41% in the anagram condition. The difference between these two conditions was ¢&ble
HDI of the differencef.09, .25]). The diffeence in proportions between ttialecticalandthe
controlcondition(.023 waspositive but not credibly different from (5% HDI of the
difference[B10, .15]). In study 2,49% of participants in the dialectical conditismtched

strategies compardd 326 in the control condition. This difference was cred{9&% HDI of

"We used an uninformative beta(1,1) prior distribution for the switching probability in each condition and modeled
the likelihood that each participant changed strategies as following a binomial distribution with sampéndize 1
probability p corresponding to its experimental group.
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difference[.04, .29). Thus,with the exception of the netredible difference between the

control and dialectical condition of studywvte find evidence that dialectical instrimhs does
indeedincreasehe probability that people change their estimation strateéfpesur knowledge,

this is the first analysis that uses probabilistic modeling techniques to demonstrate that dialectical
instructions induce qualitativeshift in stategy use.

Our simulation results suggested that averaging gaemost pronounced wherople
switch between strategies with differential baste useDid participants in our studies
frequently change their basate usage and if so did dialectigadtructions increase this
tendency? To answer this question, we looked at how tfteeparticipantsvho used non
averaging, cudased strategias both phases 1 and &witchedbetween strategies using
differential baseate usageni each conditionWe excluded participants who were classified as

using Bayes in either estimate phe&Results are presented in Taldle

Study 1 Study 2
Control 3 /49 (60) 3175 (&)
Dialectical 11/ 55 (20%) 7173 (10%)
Anagram 4/ 51 (8%) b
Total 18/ 155 (2%) 9/ 148 (8%)

Table 7 Frequencies and proportions of participants who switched between strategies
with different baseate usageOnly participants who used cirased strategi€S1P59)

in both phases 1 and 2 are included in this table.
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Overall, we foundow levels of bas@ate strategy switching imothstudy 1 (2% across
conditions) andtudy 2 (86 across conditionsiHowever, we did find credibly higher rate of
baserate switching in the dialectical conditions compared to the control conditions when
aggregated over both studies 1 and 2 (95% HDI of difference 2.1%, 1&Hi%)we find that in
addition to increasing the overall rate of strategy switching, dialectical instructions changed how
people on average used baate information.

Predictors of averaging gains Next, wecalculated theffect of strategy switching on
averaging gains for RE+ anwC stimuli. To do this, weeonducted a Bayesian mixéslvel
regression analyses for each study. In each analysis, we regressed averaging gain on three fixed
factors: 1) stimuli type (with RE+ coded as 1 and VC coded as 0), 2) a dummy variable
indicating whether or not the participant switched between strategies with differematesse
and the interaction between the tdoint estimates and 95% HDIs fbetbeta values in these

two regression analyses are presentéekhinie8.

Study 1 Study 2
Mean 95% HDI Mean 95% HDI

Fixed

RE+ Stimuli 2.75 [ER.72,8.08 ©£0.23 [P1.491.23

BR Change 6.26 [0.51,12.49 2.44  [E0.285.53

RE+ x BRChange 9.34 [2.67,15.74 17.38 [12.42 22.89
Random

Stimuli 16.04 [2.3037.3 0.34  [0.00,1.43

HHAHHTH HHHHE A H

8\We also included random intercepts for participants and stimuli. In order to keep our assumptions as close as
possible to our simulation, we only included data from participants who were @dsssfusing a neBayesian,
nonaveraging cudased strategy (strategies 1 through 7) in both phases 1 and 2.
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Participant 37.00 [18.0156.29 7.49  [4.1511.24

Table8: Averaging gains (measured by the difference in MAMAD a419 separately
for nonRE+ stimuli (first row) and RE+ stimuli (second row), and for those participants
who do not switch strategies (first column) and those who did switch strategies (second

column).

In study 1we found both a credible positive main effect for bagecue switchingand a
credible positive interaction between baate strategy switching and stimuli type study 2,
we replicated the interaction from study 1 but did not quite replicate the main effect foatease
strategy switching. Together, \iad that switching between strategies that differentially use
baserates increases averaging gains over either not switching strategies or switching between
strategies with the same basge usage. Moreover, these averaging gains are larger for RE+
stimuli compared to VC stimuif. These results are consistent with our simulatiased
predictions.

Were participants able to beat their inner crowd? In study 2 we included a third
estimate phase where we had participants give their best estimates in light edtihetes in
phases 1 and I the next analyses, we focus on how well participants in phase 3 of study 2

were able to bedhe average of theinnercrowd. Previous research has found that people are

970 see if all strategy switching, irrespective of beste use, was related to averaging gains, we repeated the same
regression analyses buptaced the BRChange fixed factor with a variable indicating whether or not people simply
changed their strategy between phase 1 and phase 2. In these analyses, the effect of strategy change was not credible
(i.e., the 95% HDIs of the strategy change J@dancluded 0) but the interaction between strategy change and

stimuli condition were credibly different from 0 for study 1 (95% HDI [0.836, 9.66]) and nearly credibly different

form O for study 2 (95% HDIHD.17, 7.01]. Thus, strategy switching (indepemity of baserate use) does increase

averaging gains to a greater extent for RE+ cue profiles compared to VC cue profiles. However, the magnitude of
these interactions was not as large as the interactions betweeaateasteategy switching and cue plefpresented

in Table 11.
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largely unable to bedihe average of their innerowd when they use an alternative strategy such
as chooimg one of their two estimatebl¢rzog & Hertwig, 2018; MYllerTrede, 2011but see
Phillips, Herzog, KSmmer & Hertwig, 20l4owever,our analysesf study 2 suggest thite
simple average may nbe as affective in study 2 relative to past stu(Bes Table 4)

According tothe PAR (Soll & Larrick, 2009)model, larger criterion bracketing rates favor
averaging strategies while lower criterion bracketing rates faveaweraging strategies.

Prevous studies on the innrerowd found mean bracketing rates ranging f&n(reliability
cordition in Herzog & Hertwig, 2009to 22% (lialectical conditionin Herzog & Hertwig,

2014%). In study 2, the median participant produestimates that bracketed ttréerion in only

7% of problems in both the control and dialectical conditions. This suggests that the accuracy of
participantsO innerowd average may not be very higdowever, because we know from

previous analyses that averaging gains are larg@afoicipants who change their bas¢e use,
especially for RE€ue profiles we expect these participants to be less likely to beat the average
of their inner crowd.

To see how often participants were able to beat the average of their inner crowd, we
calculated thepercent of participants who had Mpdaseavalues smaller than theMAD avg12
values(cf. Herzog & Hertwig, 2014b)rhese are participants whose phase 3 estimates were, on
average, more accurate than the simple average of their phase 1 a2l gdtanatesAcross all
conditions and participantgistless than half of all participants (468697 out of 211) were
able to beat the simple average of their inner craiaeke results are similar to Herzog and
Hertwig (2014b), where the proportionere 47% and 44% for their control and dialectical
conditions, respectivelyl o test the effects of basate change anclie-profile environment

condition on this effectye regressed the difference in absolute error between each participantOs
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phase 3 estiates and the average of their phase 1 and phase 2 estmé#tessame three fixed
factors and two random factors in our previous regression analysis. We did not find a credible
effect of stimulicondition (95% HDI: £2.57, 0.7% However, we did find cidible negative
effects of baseatecuechange (95% HDI:§8.00,B1.34)) and theinteraction term (95% HDI)
19.67,88.13]). Thesenegative results suggest that people iessable to beat the average of
their innercrowd when they changed their baste usage between phases 1 and 2. Additionally,
this effect vas even largan theRE+environment
Discussion

Results from the two empirical studies confirmed three key predictions from the
simulation study. First, people can improve the accuracy ofekgmates by combining
multiple, nonBayesian strategies. Second, averaging gains are largest when people combine a
strategy that does not use baate information with another strategy that does use tzdse
information. Finally, averaging gains arghest in environments with small basg¢es and large
hit-rates. Consequently, participants in study 2 were less able to beat their inner crowd when they
used strategies with differential basee us8l especially in the RE+ environment

There was one majaifference between our simulation assumptions and participantsO
behavior. While our simulation assumed that participants would be equally likely to use each
strategy (see Figure Aur participantclearly preferred some strategtesothers. For exame|
strategy 2 OFalse Alarm ComplimentO was used by about 2% of participants in studies 1 and 2.
Moreover, only a small minority of participant2¢4 in study 1 and 6% in study 2) switched
between a strategy that used bages and a strategy trditl not. Because baseate switching
drove much of our expected averaging gains, this meant that participants did not reap as much

gains a®ne wouldexpectbased on our simulation
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General Discussion

Psychologists have been comparing human probabilistic inketeri8ayes theorem for
deades and the result has been a collection of seemingly disparate conatutwos of one of
two qualitative extreme&Vhile some have argued that people are Oconservative Bayesians,O
(e.g, Edwards, 1968), othedaimedthatpeople are Onot Bayesian aDéflanneman &
Tversky,1972 p. 450Q. Additionally, some argue that people ignore beste information and
thus exhibita categorical baseate neglectl{yon & Slovic, 197, while others argue that people
routinely use baseates €.g, Christenserbzalanski & Bushyhead, 1987At the same time, with
the notable exception of Gigerenzer and Hoffrage (1995)Os work on natural frequency formats,
this debate seems to have ignored a fundamental calling of dewiaking researcmamely
how to help people make better judgments and decisions given their cognitive architécture?
do this, wetesthow people can use their inagnowd to improve their Bayesian reasoning
judgments. V& propose and support the claihatpeople use a wke variety of estimation
strategies that differ in the information they use,(baserates) andhe kind oferrors they
commit In a simulation and two empirical studies, we find that people can harness this diversity
by using their innecrowd (Herzog& Hertwig, 2014a)n order to improve the accuracy of their
judgments without angxplicit knowledge of Bayes theoreM/e find that people can harness
the largest gains when they combine strategies with differentraesase in environments with
rare evats and a diagnostic cue (ORare event plus valid cueO environments). Moasedeon
formal strategy classification analyses find evidence that dialectical bootstrapping, a method
of increasing the diversity of the innenowd (Herzog & Hertwig, 2008 increases botthe
diversity ofstrategesusedandthe probability that people chase their use of the-betsecuan

Bayesian reasoning tasks.
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People do not neglect baseate information

Oursimulation and empirical results suggest that it is @lucr people tase baserate
information, especially in rarevent environments with wesmall baseates.Early research in
the heuristic and biases movement of the 1970s and 1980s concluded that people igimate base
information (i.e, exhibit aserate neglec) and thus arénot Bayesian at ald (Kahneman &
Tversky, 1972, p. 450pur model based classification procedure does not support this
conclusion. Asubstantial number @ur participantsvere classified as using strategies that are
sensitie tobaserates In study 1, almost half of our participants (46%) usetrategy that used
baserates(strategies 0, 5 and 6), with almost half of those using a Bayesian strategy (23%).
Moreover, in study 2, the percentage of participants who usedegstngingbaserates
increased to a full 66% of participan®@e arecertainlynot the first to demonstrate that a
substantial number of people use bages For exampleGigerenzer and Hoffrage (199%und
that 3694° of participantaused baseates while Stanovich and West (1998) found thave® of
participants view basates as necessary for esiting posterior probabilities. Thus, it is clear
that there is substantial variability between people in the strategies they use in Bayesian
reasoning task$dowever, as far as we know, we are the first to show that people can generate
strategy diversity within one mind, and harness that diversity to improve their judgments.
Spurring and M odeling Strategy Variability

Previous research on the inmeowd (Herzog & Hertwig, 2014ahas found that
interventions such as tintelay (Vul & Pashler, 2008) and dialectical instructiddergog &
Hertwig, 200920140 can decrease error correlations between estimates from the same mind

and subsagently improve averagmgains But where do these decreases in error come from and

HHAHHTHH i H A H
2 \We calculated this percentage from the standard probability format column in their Table 3 on page 695.
Z study 1 of Stanovich and West (1998).




DIALECTICAL BOOTSTRAPPING I

when can we predict when they are most likely to occur? At a conceptual ésezlyahers
predicted a decrease in errors when people generate second estimates Ousing knowledge that is ai
least mrtially different from the knowledge they used to generate the second estimateO (Herzog
& Hertwig, 2009 p. 233. However, the specific estimation processlerlying both initial and
dialectical estimates has largely been undefined. As a result, previ@ssrowd research has
not addressedow people change their estimatistrategiesrom initial to second estimateand
how different methods of strategy change affect averaging gains.

In this paper, weéook an initial step in answering teequestios by modeling the
specific estimation strategies peoplediseboth estimation phased/e foundthatdialectical
instructions increase the probability that people adoptstemMegieslt would be valuable to use
a similar modeling procedure to test how plecchange their strategin other estimation
domainssuch as general knowledge estimation tasks. In the Bayesian reasoning paradigm, all
relevant information about the question is presented in the problenn (fdteanative view, see
Birnbaum, 1983Gigerenzer, 1996and all participants have access to the same information.
However, when answerirgeneral knowledgguestionssuch a®©How tall is the Eiffel Towe€?
no statistical information is given and individuals mysterateestimates based on thewn
idiosyncratic knowledgandidiosyncraticestimationstrategiegBrown, 2002) For examplein
exemplarbased models of judgmepiopleanswergeneral knowledggquestiondy first
selecting cues relevant to the criterieng(,maja landmark, builing in Franceand then
retrieveexemplars from longerm memory with similar cue values (ggne building | know in
France is 80m tall, and the other is 20m tall) aszthat distribution to form an estimagéuslin
et al., 2007)How do dialecticalnstructions affecthe process of answering such general

knowledge questior?sDo they cause people to use differensaraise the same cues amk
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different exemplars? In another paper, we address these questions in the context of a population
estimatio task and model therocesses underlying changegsgtimats induced bydialectical
bootstrappingPhillips et al, 2014).

Our modetbasedsimulation resultghere and irfPhillips et al., 201Yallow usto predict
which combination ofltrategeswould lead to the largest averaging gainsvhich environment
We believe thabur methodof combiningsimulation (or analytical) predictiongith formal
strategyclassificationrmethodamproves our ability to both predict when averaging gains will
occur and todst theempiricalaccuracy of those predictiomsth participants.
Judging From Experience: TheNormative Adequacy ofBayesTheorem When
Probabilities Need to Be Learned

In this paper, we assumed that Bayes theorem sppbepriatenormative solution to
diagnostic reasoning tasks when the relevant probabilities are given (i.e., base rate, hit rate, and
falsealarm rate)However, in everyday life, people often have to learn relevant probabilities by
experience because those probabilities are not aleadeniently summarized (Hertwig &
Erev, 2009). When base rates, hit rates, and-&désen rates have to be learned based on
relatively small samples of experience, a nasve estimate of the Bayesian posterior pribability
taking the observed rates at f8ices no longer the gold standard and simpler, @ayesianO
strategies can outperform duslin, Nilsson& Winman 2009) The basic explanation is that
multiplication (as usedn theBayes theorem) can exacerbetadomerrorin its noisy inputs
while linear weighting €.g.,such agaking asimple averag of the base ra{&5)and hit rate
(S1) likelihood average, ®enefit fromthe cancelation ofopposing random errors andn
thus make better owtf-sample predictions than a nataglementatiorof Bayes theorem that

does not account for sampling errBecause averagingan OtameO random error better than
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multiplication canthe accuracy benefits of averaging intuitive 1Rayesian strategies the

inner crowd should be even larger (than we hareadly observed in our simulations) when base
rates, hit rates and falsgarm rates have to be learned from experieneeplé who use the

same strategy in two separate estimation phases could potentially reagraweaveraging
gainsthroughthe canceationof random erroif their estimates of the relevant probabilities are
based on different samples from the underlying populatfumshermore, averaging the same or
different nonBayesian strategies could potentially even outperform a iBzepesian stimator.
Dialectical Bootstrapping And Natural Frequencies Two Different Ways to Boost Bayesian
inferences?

The innercrowdin generaland dialectical bootstrapping in particular, is one of many
methods of bringing peopleOs judgments closer to theiBayeierion. The purpose of this
research was not to supplant other methods of improving Bayesian inference with dialectical
bootstrapping. Indeed, the benefits our participants gained from their inner crowd were relatively
small and do not surpass thargs from other methodsuch asatural frequencie§Gigerenzer
and Hoffrage1995) Information in natural frequency formats is presented as summary
frequencies of events instead of marginal probabilities. When people are given cue profiles
transformednto natural frequencies, up to 50% of participants adopt a strategy that makes
estimates identical to Bayes theorem (Gigerenzer & Hoffrage, 1i96%)ever, we argue that the
natural frequerniesand dialectical bootstrapping represent two separate soltidne same
problem.Gigerenzeand Hoffrage argued that probabilities are a relatively recent invention that
the human brain did not evolve to procts=m Thus, using HogarthOs (2005) terminology,

environments where information is only conveyed inabpbility format could be seen as
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Owicked,O where the environment does not provide transparent information to decisioff makers.
Gigerenzer and HoffrageOs solution to the problem was to change the envitynnsiet
natural frequencies instead of probaieit as the representational format doing this, they
changed a wickemformationenvironmeninto a Okinddformationenvironment that Oinvite[s]
Bayesian algorithmsO (Gigerenzer & Hoffrage, 1995, p. 695). In this papaskedgiven that
peoplefind themselves in a Owickeédformationenvironmenti.e., probability information)
what strategiesouldthey use to improve their judgments? We proposed and tested the extent to
which people could bootstrap themselves out of a wicked probabilityoenvent using their
innercrowd. These two approaches representdifferent but mutually complimentary ways to
improve human judgment.
Conclusion

In the 1960s, Edwards claimed that people are conservative Bayesians who rely too much
on baseates. In thed970s, Kahneman and Tversf&®©72)argued that people ignore basés
and are thughot Bayesian at &l (p. 450)We argue that both views are too extrePeople use
a variety of strategies in Bayesian reasoning tasks. At times they shovateasetect whileat
other times they show basate sensitivity. People can harness the diversity of their inner crowd
of nonBayesian strategiassing dialectical bootstrapping to become more Bayesian without any

explicit knowledge of Bayes theoreveraging wo wrongs make it (almost) right.

%2 HogarthOs (2005) orlglnal definition of OwickedO versus OkindO environmentofotreming tasks, where

kind environments provide immediate and transparent information to the decision maker and wicked environments
provide information that is delayed or misleading. While the vigreted Bayesian reasoning tasks we use are not
learning tasks, we find the transparency aspect of the wikketidistinction to be relevant.
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Appendix A
Stimuli Usedin Study 1 (from Gigerenzer & Hoffrage, 1995)
The following stimuli were taken from Gigerenzer and Hoffrage’s (1995) standard

probability formats.

Question 1 AIDS. A consulting center for AIDS specializes in testing people for the
AIDS virus. Before an employee of this consulting center informs somebody about a positive
result, he wants to know how great the risk is that a person who tests positive for AIDS really is
infected with the AIDS virus. He has the following information to make this judgment. The
probability is 0.01%, that a man, who is testing for AIDS, is really infected with the AIDS virus.
If a man, who is testing for AIDS, really IS infected, the probability is 100.00% that he will get a
positive result. If a man, who is testing for AIDS, really is NOT infected, the probability is
0.10% that he will get a positive result. If a man, who is testing for AIDS, got a positive result,
what is the probability that he is really infected? %

Question 2: Heroin A hospital has the problem that a lot of men between 20 and 30
years are frequently admitted while unconscious with symptoms of illegal drug use. Doctors
often find in such cases pinholes in the patient’s elbow. Doctors then want to know whether or
not such patients are heroin users in order to provide appropriate medication. Consider the
following statistics relating heroin use and pinholes. The probability is 0.01% that a man
admitted to the hospital in this age range is a heroin user. If a man this age IS a heroin user, the
probability is 100.00%, that he will have one or more pinholes in his elbow. If a man this age is

NOT a heroin user, the probability is 0.19% that he will have one or more pinholes in his elbow.



DIALECTICAL BOOTSTRAPPING 1"

If a man has one or more pinholes in this elbow, what is the probabilityahsia heroin user?
%

Question 3: PregnancyA lab assistant at a gynecological clinic is interested in how
accurate pregnancy tests are. She knows the following statistics related to true pregnancies and
the results of a pregnancy test: The probathitiat a woman who gets a pregnancy test at the
clinic is really pregnant is 2.00%. If a woman who takes a pregnancy test IS pregnant, the
probability is 95.00% that she will get a positive result. If a woman who takes a pregnancy test,
is NOT pregnant, & probability is 0.51% that she will get a positive result. If a woman at the
clinic has a positive pregnancy test, what is the probability that she is really pregnant? %

Question 4: Pimp There are stereotypes in the US regarding pimps and Rolex watche
One common belief is that American pimps wear a Rolex watch because if they are on the run,
they will have still money in the form of an expensive watch. Consider the following statistics
regarding pimps and Rolex watches: The probability is 0.005%athamerican man is a pimp.

If an American man IS a pimp, the probability is 80% that he is wearing a Rolex. If an American
man is NOT a pimp, the probability is 0.05% that he is wearing a Rolex. If an American man is
wearing a Rolex, what is the probatyilthat he is a pimp? %

Question 5: Mammogram A reporter of a woman's health magazine would like to write
an article about breast cancer. He is doing some research about a test that is normally used to
identify breast cancer. Because he knows thatetstas not perfect and can make errors, he is
interested in what it means if a woman has a positive result in a breast cancer test. Consider the
following statistics regarding breast cancer and mammogram tests: The probability that a woman
who participarg in routine breast cancer screening has breast cancer is 1.00%. If a woman who

participates in routine screening HAS breast cancer, the probability is 80.00% that she will get a
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positive result in the test. If a woman who participates in routine scrego@sgNOT have

breast cancer, the probability is 9.60% that the test will make a mistake and she will get a
positive result. If a woman, who is going to a routine examination receives a positive test result,
what is the probability that she really has Bteancer? %

Question 6: Rubella During a mother's pregnancy, doctor's are concerned about whether
or not she will have an outbreak of the disease rubella, as a rubella outbreak during pregnancy
can cause a variety in illnesses for her baby. One daetats to what the probability is that a
baby will have an illness after birth if its mother has an rubella outbreak during pregnancy.
Consider the following statistics: The probability is 0.21%, that a baby has an illness after it has
been born. If a babAS an illness after it has been born, The probability is 48.00% that its
mother had a rubella outbreak during pregnancy. If a baby does NOT have an iliness after it has
been born, the probability is 0.50% that its mother had a rubella outbreak dugngrg.

What is the probability that the baby has an illness after it has been born if its mother had a
rubella outbreak during pregnancy? %

Question 7: Drunken There are many accidents at the intersection of Pine street and
Oak street. A group of pale officers are trying to reduce the number of accidents at this
intersection. As there were a lot of drunk drivers involving in these accidents, they are thinking
about introducing a breath test. Before they start using the test, they want to know lotantnp
it is to know whether or not drivers are drunk. That is, they want to know the relationship
between being drunk and getting in a car crash. Consider the following statistics related to
drunkenness and car accidents: The probability is 1.00% thabsaiy crashes with the car on
this road at night. If somebody DOES crash his car on this road at night, the probability is

55.00% that he is drunk. If somebody does NOT crash his car on this road at night, the
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probability is 5.00% that he is drunk. If somoely drives drunk on this road at night, what is the
probability that he crashes the car? %

Question 8: Accident The department of education receives statistics that give
information about the causes of accidents during childrens' trips from hontetd. Schere is
evidence that children's neighborhood type (urban or rural) is an important risk factor. The
department wants to know what the relationship between neighborhood type and the likelihood
of an accident is. Consider the following statisticatiefy neighborhood type and the rate of
accidents: The probability is 3.00%, that a child has an accident on the way to school within one
year. If a child HAS an accident on his way to school, the probability is 90.00% that he is living
in a city. If a chid does NOT have an accident on his way to school, the probability is 40.00%
that he is living in a city. If a child lives in a city, what is the probability that he has an accident
on his way to school within one year? %

Question 9:Cab. In an Americarcity there are two taxi companies. One of them has
only green taxis, the other one has only blue taxis. One day a taxi caused an accident and the
driver took off. The case eventually comes to a trial. One witness identified the taxi as a blue
one. The cor is now investigating the witness's ability to correctly identify a blue taxi by night.
To help understand how accurate the witness is at distinguishing blue and green taxis, a court
usher and the witness went to the location of the accident. The witeassroceeded to identify
the color of random cars that were driving by. Consider the following statistics that the court
usher gathered relating witness identification and taxi color: The probability that a blue taxi
passes by is 15.00%. If a passing taally IS blue, the probability is 80.00% that the witness

identifies it as blue. If a passing taxi is green and thus is NOT blue, the probability is 20.00% that
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the witness identifies it as blue. If the witness identifies this taxi as blue, whapiobtability
that the taxi really is blue? %

Question 10: Feminist The editors of an Austrian Radio station are planning a broadcast
regarding "Feminism and Profession". Participants of this broadcast are asked to guess the
representation of feminis{petween 20 and 30 years old) in several professions. To evaluate the
answers of the participants, the editors obtain the following data: The probability is 5.00%, that a
woman this age is an active feminist. If a woman this age IS an active feminmiiiadility is
0.40% that she is a bank employee. If a woman this age is NOT an active feminist, the
probability is 2.00% that she is a bank employee. If a woman in this age range is bank employee,

what is the probability that she is an active feminist®6

Base Rate Hit Rate False Alarm Rare Event +
Rate Valid Cue
Stimuli
1 0.01% 100% 0.10% Y
2 0.01% 100% 0.19% Y
3 2.0% 95.00% 0.51% Y
4 0.005% 80.00% 0.05% Y
5 1.00% 80.00% 9.60% Y
6 0.21% 48.00% 0.50% N
7 1.00% 55.00% 5.00% N
8 3.00% 90.00% 40.00% N

9 15.00% 80.00% 20.00% Y
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10 5.00% 0.40% 2.00% N

TableAl: Cue patterns contained in the ten vignettes used in study 1. The last column
states whether or not the question satisfies the criteria for being in the Rare Event +
Diagnostic Cue environmeé (BR <= .2, HR >= .8, FAR <= .2)
Study 2 Instructions
In this HIT, you will be playing several games that have the same structure. | will tell you
about 2 boxes: Box A and Box B. These boxes are filled with balls. In each game, | will choose a
box, showyou a ball from that box, then ask you to tell me how likely it is that | chose each box.
Here is how the games will look:
| will begin each game by filling each box with 100 balls, some of which are White and some of
which are Black. The two boxes wilakie different mixtures of Black and White balls. I will tell
you the mixtures in both boxes A and B. For example, | might tell you that Box A has 80 Black
balls and 20 White balls, and Box B has 10 Black balls and 90 White Balls.
After | fill the two boxeswith 100 balls, I will choose one of the boxes (without telling
you which one I chose!) and take a random ball out of that box.
Here is how | will choose a box. | have a hat with 100 tickets. Some of these tickets in the
hat say OChoose Box AO and somé&&hoose Box BO. | will draw a random ticket out of the
hat. I will read the ticket, then choose the box that the ticket tell3nes | will take a random
ball out of that box and tell you what color the ball was.
The number of tickets that say OChddse AO and OChoose Box BO will be different in

different games. For example, in one game the hat might have 30 tickets that say OChoose Box
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AO and 70 that say OChoose Box B.O In this game, there would be a 30% chance that | would
choose a ticket that sa@¥Choose Box AO and subsequently show you a ball from box A.

Again, after | tell you the color of the ball, your job is to estimate the probability that the

ball came from box A

Step 1 Step 2 Step 3

Game Master draws a ticket Game Master selects the ~ Game Master draws a ball
from the Choosing Hat box named on the ticket from the selected box

[
¢

o\

Al B ?

Choosing Hat: 5% "A" tickets and 95% "B" tickets
Box A: 87% Green Balls and 13% Red Balls
Box B: 3% Green Balls and 97% Red Balls

Question:

+ Imagine that the Game Master follows Steps 1 through 3 of the game using the contents of the Choosing Hat and Boxes A and B for this game as described in
above.

« If the Game Master draws a Green ball from the selected box, what is the probability that the ball game from Box A?"

Give you estimate in percentage format from 0 to 100.

Figure AI1: Screen shot of an example stimulsitady?2.
Valid Cue Rare vent + Valid Cue
BR HR FAR BR HR FAR
1 0.87 0.71 0.24 0.05 0.87 0.03
2 0.44 0.72 0.17 0.2 0.89 0.03

3 0.02 0.74 0.23 0.17 0.99 0.07
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4 0.19 0.79 0.14 0.2 0.83 0.05
5 0.12 0.88 0.18 0.19 0.97 0.09
6 0.7 0.62 0.14 0.01 0.95 0.1
7 0.33 0.82 0.47 0.16 0.92 0.02
8 1 0.57 0.19 0.15 0.87 0.16
9 0.99 0.54 0.24 0.05 0.8 0.18
10 0.03 0.93 0.18 0.18 0.86 0.15
11 0.94 0.88 0.03 0.04 0.89 0.06
12 0.06 0.85 0.29 0.07 0.97 0.08
13 0.96 0.97 0.14 0.13 0.86 0.18
14 0.95 0.72 0.15 0.15 0.84 0.17
15 0.32 0.51 0.39 0.02 0.98 0.17

Table A2. Cue profiles used in study 2.
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Appendix B

74

Anagram

Dialectical

VC

RE+

VvC

RE+

VC RE+

Mean Estimate

Change 9.55 [0, 29.19] 19.65 [1.74, 48.14] 8.78 [0, 26.71] 18.93 [1.66, 46.16] 16.6 [0, 47.75] 26.4 [3.32, 74.33]
MAD;, 22.6[0.11,49.71] 59.28 [17.97, 89.23] 20.47 [0.08, 50.26] 61.91 [15.3, 94.68] 20.63 [0.05, 49.91] 58.99 [11.72, 93.93]
MAD, 21.65[0.14,52.32] 54.58[9.73, 87.4] 20.45[0.79, 58.16] 60.34 [19.93, 90.54] 22.04 [0.09, 51.91] 51.17 [5.87, 84.49]
MAD,.o12 22.12[0.21,49.88] 56.92[19.03,84.87]  20.46[0.63, 52.78]  61.12[19.56,92.92]  21.33[0.67, 43.1] 55.07 [17.35, 90.57]
MAD; -
MAD,12 048[9.17,13.2]  2.36[-11.11,19.28]  0.02[-12.01,12.4] 0.8 [-14.86, 15.98] -0.7 [-15.56, 15.56]  3.92 [-18.49, 32.31]
Bracketing 0.05 [0, 0.25] 0.08 [0, 0.33] 0.07 [0, 0.25] 0.07 [0, 0.33] 0.1[0, 0.5] 0.11 [0, 0.33]
Accuracy Ratio  2.78 [1, 11.11] 148 [1, 2.36] 3904.17 [1,2027]  1.72 [1.01, 3.04] 8.25[1, 22.9] 6.73 [1, 8.42]
Table Bla: Study 1 summary statistics (with Bayesians)
Control Dialectical
vC RE+ VC RE+
Mean Estimate Change _ 7.93 [0, 24.8] 8.63 [0, 31.2] 12.9 [0.19, 38.87] 16.6 [0.93, 67.67]

MAD, 23.44[7.04, 36.8] 32.77 [1.61, 43.66] 21.7[0.83, 38.87] 35.53 [18.19, 43.74]
MAD, 22.14[8.56, 36.3] 32.76 [1.35, 45.2] 23.94[4.67,48.59]  34.11[16.96, 53.62]
MAD 12 22.18 [7.46, 36.17] 31.63 [1.77, 43.92] 21.69[1.08,40.99]  32.46[18.15, 44.03]
MAD, — MAD, o2 1.26 [-3.44, 8.16] 1.14[-4.78,7.92] 0.01 [-13.39,4.87]  3.07 [-2.27, 19.87]
Bracketing 0.08 [0, 0.4] 0.1 [0, 0.33] 0.14 [0, 0.4] 0.21 [0, 0.8]
Accuracy Ratio 12211, 2.17] 12411, 1.86] 2.17[1, 3.25] 1.47 1, 2.13]

Table B1b: Study 2 summary statistics (with Bayesians)
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Appendix C
Formal Strategy Classification Method: Model Recovery Analysis

We conducted a model recovery analysis in order to test the efficacy of our model
classification procedure. In the analysis, we simulated the estimates of agents who used the
twelve estimation strategies in Table 8 across 10 randomly generated cue profiles in the VC
stimuli environment.

For the ten cue-based strategies (including both averaging strategies), we added two
sources of error to each agent’s estimates: random noise added to each estimate, and a number of
contamination responses (i.e., where the estimates are not based on the strategy proper, but
represent an “erratic” random response). To model random noise, we added normally distributed
error to each agent’s estimate with mean of 0 and a standard deviation o; (where o; represents the
agent’s level of noise; randomly drawn from the set of values {0, 0.05, 0.10, 0.15, 0.20}). To
simulate contamination responses, we replaced c; of the agent’s 10 responses (where ¢; is drawn
randomly from the set {0, 1, 2, 3, 4}) with a random draw from a uniform distribution ranging
from O to 1.

For agents using strategy 10 (Mean) we generated t-distributed responses with mean y;
(where p; was drawn from a uniform distribution with bounds at 0 and 1), df = 1, and standard
deviation equal to 6; (randomly drawn from the same set as depicted above). For agents using
strategy 11 (Random) we generated responses from a uniform distribution with bounds at 0 and
1.

After generating phase 1 and phase 2 responses from all 5,000 agents, we classified their

estimation strategy using the classification procedure outlined in the Results section.
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Results. To see how well we were able to recover each agent’s true generating strategy,
we looked at how often the classified strategy was the same as the generating strategy. Across all
agents, the mean recovery rate was fairly high at 86%. As expected, we also found that the
recovery rate decreased as the level of error increased (for both random error and contamination

responses). Mean model recovery rates by error levels are presented in Table C1:

Contamination Responses

0 1 2 3 4
Noise 0 99% 97% 98% 98% 97%
standard .05 95% 94% 93% 96% 97%
deviation 1 91% 87% 89% 87% 82%
15 81% 83% 76% 78% 74%
.20 77% 80% 71% 74% 62%

Table C1. Rates of correct recovering the true underlying model as a function of
contamination responses and the standard deviation of random noise. Chance level is 9%

(1 : 11 strategies).

Table C2 shows that our classification procedure was able to produce high model recovery rates
across a wide range of error values. The procedure seemed particularly robust against
contamination responses.

Next, we looked at how often we were able to recover strategy-switching behavior. For
each agent, we classified whether it #7uly used two different strategies in phases 1 and 2, and

whether it was classified as using two different strategies. We call this variable “strategy switch
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recovery.” Across agents, the strategy switch recovery rate was very high at 96%. As before, we
also found that this measure varied as a function of error rates. In Table C2, we present mean

strategy switch recovery percentages as a function of error levels.

Contamination Responses

0 1 2 3 4
Noise 0 99% 98% 98% 100% 98%
standard .05 98% 100% 98% 98% 99%
deviation 1 97% 97% 96% 97% 95%
15 97% 95% 93% 92% 94%
.20 95% 94% 96% 95% 90%

Table C2. Rates of correctly recovering strategy switching as a function of contamination
responses and the standard deviation of random noise. Chance level is 9% (1 : 11

strategies).

The results in table C2 show that strategy switch recovery rates were quite high and robust to a
wide range of error values. Thus, this provides evidence that our modeling procedure is useful in

detecting qualitative strategy change in noisy data.
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Appendix D
Statistic distribution of McKenzie’s (1994) stimuli
McKenzie’s (1994) created cue profiles by generating 6.24 million combinations of 2x2-
contingency frequency tables where each cell, labeled A through D, contained a frequency from
1 to 50. He defined statistics for each contingency table as follows: base-rate = (A + B) / (A + B
+ C + D), hit-rate = A / (A + B), false-alarm rate = C / (C + D). We replicated his calculations
and obtained the following (non-uniform) marginal distributions of base-rates, hit-rates, and

false-alarm rates (Figure D1)
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Figure D1. Marginal and joint distributions of base rates and hit rates / false alarm rates

that result from McKenzie’s (1994) contingency table method. Hit rate and false alarm
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rate distributions are identical and are represented here in one plot. Red values indicate

higher density.
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Abstract

Individualscan improve theijudgmentsby invoking an Oinner crowdO, thabig,
generating multiplenonredundanestimatesnd thercombining them into a singbne
Peopleare often unable to outperfortimeir own innercrowdwhen they deviatéom averaging
their estimate¥ in partbecausehey cannot reliably identify their more accurate estimates and
the statistical structure adstimationenvironmers oftenfavors averagingln this paper, w
explore if people can uskeir ownconfidencgudgmentgo identify their more accurate
judgments andutperform their average by choosiwge derive predictions fonow
confidence and accuracy are related in almasedestimation taskisingthe Nasve Sampling
Model (Jush et al., 200Y. In an empirical study, we confirm key simulation predictions:
confidence predicts accuracy in the inner crowd and @igtidence choosingO outperforms a
simple averaging strategiyurthermore Odialectical bootstrappingO (i.e., boosting the inner
crowd by actively increasing the diversity of estimates) increases the gains reaped by
confidencebased estimation

Keywordsinner crowd, dialectical bootstrappingisdom of crowds, judgmen

aggregationmultiple-cue judgmerg confidence,
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Confidenceand Dialectical Bootstrappirgacilitates Choosing ifihe InnerCrowd

Individualscan improve their judgments by invoking an Oinner crowdO, that is, by
generdéing multiple, norredundant estimates and then combining them into a single one
(Herzog & Herzog, 2014afror example, given the question OWhat is the height of the Eifel
tower?0 a judge can improve the accuragysifigleestimate by generating multipdstimates
and averaging thenthedriving force underlyingnnercrowd benefits is the sanmaderlying
the Owisdom of the crowdsO phenoniBaais-Stober, Budescu, Dana, & Broomell, 2014;
Larrick, Mannes & SolR012; Surowiecki, 2004Wwheretheaverag d estimates from different
peoplecan outperform most, if not all, of ilsemberdecause nenedundant errors cancel
each other oufLarrick & Soll, 2006)

People arehoweverfeluctant to trust therowd averagandoftenrather try to Ochase
the expe® Goll & Larrick, 2009. Although not using the whole crowd can be a profitable
strategyif done wisely(Mannes, Soll & Larrickin press), chasing single expertana risky
andofteninferior strategy (DavisStober et al., 2014; Mannes et al., in pyeSanilarly, people
are often unable to outperform their own ino@wdwhen they deviatblom a simple equal
weightaveraging strategfFraundorf & Benjamin, 2014; Herzog & Hertwig, 2014b; M¥ller
Trede, 2011) becauskeeir low skill in identifying theirmore accurate estimatasd the
statistical structure of the environment (i.e., somewhatradandant errors and not much
differences in accuracy to be exploitéayors averaging (Fraundorf & Benjamin, 2014;
Herzog & Hertwig, 2014pSoll & Larrick, 2009.

However,averaging is not always the best aggregation strateggy Mptimal
aggregatiorstrategieslepart from simple averaging keighing estimates as a function of

confidenceWhen confidence is positively correlated with accuracy, giving morehivigig
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high-confidence estimates (Yaniv, 2@)4r even choosing higbonfidence estimates and
ignoring lowconfidence estimates (Koriat, 2012b) can outperform averagwmes this benefit
of confidencebased aggregation apply to the irceswd?

In this mper weestthe benefits of confidendeased aggregation in the inFowd by
simultaneouslynodelingthe cognitive processes underlyingirstte and confidence
generdéion. We use both simulation and experimental datentestigatehow confidence is
related to accuracy in the innerowd andesthow people camutperformthe simple average
of their inner crowdy choosing their more confident estimété Koriat, 2012.

Additionally, we exploravhether Odialectical bootstrapping,0 a methbdastingthe
averaging gains of the inner crowd by actively increasing the diversity of estifHatzsg &
Hertwig, 2009 canincreasedhe gains reaped lmonfidencebased estimation.
Aggregating Different Opinions of the Inner Crowd:
Combining, Choosingand Confidence

Just asgroup can improvés accuracypy combining multipleestimategDavis
Stober et al., 2014, Larricklannes & Soll2012; Surowiecki, 2004y aniv, 2004b Ariely et
al., 2000, an individual canimproveher accuracyy generatingnultiple estimates and
combining them into a single, avera@@mnercrowdQestimateA typical innercrowd research
taskfollows three separate phases. In phase 1, participants give initial quantitative estimate to
estimation questionsuch as OWhat percent of taarthOs surface is covered by witei?
phase 2, participants give second estimates to the same set of problems, possibly atter a time
delay (Vul & Pashler, 2008), alialecticalprocessing instructiorthat encouragpidges touse

a different estimabn strategy(e.g, Herzog & Hertwig, 20092014h. Finally, in phase 3, a

! Try thinking of a few different estimates before reading the answer (itOs 71%).
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participantOs average estinatss phases 1 and 2 for each questioarigputedand its
subsequent accuracy (e.ig.terms of mean absolute deviation from the true values across
guestions) is compared #oreferencesuch aghe average accuracy of phase 1 and phase 2
estimates, or the accuracy of phase 1 estimiditia® innercrowd works, then the participantOs
average estimateill be, on average, more accurate thiagse refeences

The reason why the average estimate from an-arevd (or any crowd) leads to
accuracy improvements error cancellation: laen two estimates have opposing errors, their
average will have a smaller absolute error than the average error ofgihaldwo estimates.
For example, consider a problem with a true answer of 100, and two estimateswd (of
different people or within one mindf 50 and 150. These two estimates have signedsaof-
50 and +50 respectively.mMaverage their absdkideviation from the true answer is 50.
However, theaverageestimate of the innecrowdof 100 (50 + 150 / 2js identical to the true
answerand has no errofhus, to the extent that the estimates from a crowd have opposing
errors, whether the crowd derived from multiple individuals or one mind, the average
estimate from the crowd will likely outperform most if not all of its individual members.
Because error cancelation drives averaging benefits, indivicRegsnaximum crowd benefits
when thecorrelation ofsignedestimateerrorsis low. This can be achieved by interventions
such as a timeéelay (Vul & Pashler, 2008) alialecticalinstructions in the context of
dialecticatbootstrapping (Herzog & Hertwig, 2009); a method of increasing-amesvd
benefits by having judges generate dialectical estimates that derive from dikfeveiedge or

estimatestrategies (Herzog & Hertwig, 2009; 2014a; 2014b).
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How Do and Should People Aggregate Multiple Estimates Themselves?

Averaging is a robust strategyarwide variety of contexts (Soll and Larrick, 2009)
However,in advicetaking taskspeople often fallaciously believe that the average judgment is
no better than the average judge and try to find the best estimate (aka;tkesbagert) in a
group(Sdl & Larrick, 2009). As a result, people rarely outperform the group average.

However there are specific estimation environments wia@eraging leads to less accuracy
than other aggregation strategies such as weigtwerhging or choosing. Normativethe
probability, accuracy, redundancy (PAR) model (Soll and Larrick, 288@pliskesthe
environments where averaging outperforms chooskagerally, the model states that
averaging is better whdwo estimate sources (either two separate judges osaparate
estimates from the same mirftjve similar overall levels of accuracy, have relatively
uncorrelated estimate errors, and when it is difficult to kagwiori which judge is more
accuratgSoll and Larrick, 2009)

While it is clear that people ot potentially benefit from averaging their inFeowd,
it is less cleawhenpeople decide to use their average instead of, for example, choosing one of
theirindividual estimates. Papers that have explored this question showed mixed results, with
somestudies showing that people do not consistently average theirdroved (MYllerTrede,
2011) and others finding that averaging is indeed a common str&tegymdori& Benjamin,

2014; Herzog & Hertwig, 2014a). However, all studies found that peaplenly rarely
outperform the average of their inngowd when they decide not to average testimates

(MYller-Trede, 2011Fraundorf& Benjamin, 2014; Herzog & Hertwig, 2014a).
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Can The Meta-Cognitive Cue of Confidence Identify The OExpert in Your HeadO?

Previousinner-crowdresearch haignoreda key variable that could improve peopleOs
ability to outperform averagingonfidenceOn the one hand, if higtonfidence estimates in
the innercrowd are substantially more accurate thandmnfidence estimase then choosing
high confidence estimates could outperform averaging. On the othentheonfidence is
unrelated to accuracy, then confidefi@sed choice could be another form of Ochasing the
expertO thdbols people into thinking they can outperfotime average. How do, and should,
people use confidence in managing their ircremwd?

In advicetaking tasks, @ople weigh advice as a function of the confidence with which
it is given.When receiving advice from two advisers, people trust high conficehasers
more (Sniezel& Van Swol 2002, Bonaccio & Dalal, 2006Price & Stone, 2004and weight
advice from more confident advisers more than less confident advisers (Yaniv, 1997). When
combining their own estimates with the advice of others, peopléhivhigir own estimates
more as their own confidence increases, and less as their adviserOs confidence increases (e.g
Moussasd, KSmmer, Analytis & Neth, 208ll & Larrick, 2009. Thus, peopl@ct as if they
believe that estimatagven withhigh conficenceare more accurate than those given Jath
confidence

While people use confidence as a cue for accuracy, the atdtiaticalrelationship
between confidence and accuracy is less clear. Researchers typically use two criteria to
evaluateconfidene: calibration, andresolution(or discriminability; Yates, 199Q.iberman &
Tversky, 1993 Calibration measures the difference between a judgeOs predicted probability of
an eventOs occurrence, and the empirical (or true) probability. The smalleetieackff

between predicted and true probabilities, the higher the calibrsemy studies show that



CONFIDENCE IN THE INNER CROWD 8

people exhibit oveconfidence and thus poor calibration (e.g.; Lichtenstein & Fischoff, 1977;
Hall, Ariss & Todorov, 2007; Soll & Klayman, 2004; Klaymaraét 1999; Block & Harper,
1991; Christense®zlanski & Bushyhead, 198Glaser, Langer, & Weber, 2013; Juslin et al.,
2007; Moore, Tenney, & Haran, in press; Soll & Klayman, 20Bdwever, there is substantial
controversy regarding whether or not meadusverconfidence truly reflects a persistent
cognitive bias ors due tg for example, random error the estimation proce¢Erev, Wallsten
& Budescu, 1994Winman, Hansson & Juslin, 2004r measurement biases (Gigerenzer,
Hoffrage & Kleinbslting, 199; for the discussion, see Griffin & Brenner, 2004; Keren, 1997;
Merkle, Van Zandt, 2008a, 2008b; Olsson, Juslin, & Winman, 2008; Moore & Healy, 2008).
Confidence esolution refers to the ability to discriminate between high and low
probability events. Tébetter oneOs confidence judgments can distinguish between high and
low probability events, the higher the judgeOs resoliiespite theongoing controversy about
the nature, reality and implications of peopleOs overconfidence in their chdsoelsar that
peopleOs confidence intervals show atmnamcelevel resolution Many studies have found
that accuracy is a monotonically increasing function of confidence (e.g., Yat@s\Vi@&ler,
1971 ChristenserSzalanski & Bushyhead, 198Koriat, 198(. For examplavhile peopleOs
confidence intervalaregenerallytoo narrow (43% hit rate vs. 90% confidence intervals), the
width of a confidence intervakliably predictshe accuracy of the point estimate it contains
(Yaniv & Foster, 1997)Psychologicdy, this suggests that people have some ability to monitor
the accuracy of their decisions and convey that monitoring process through a confidence rating.
Practically, this means that confidence can be a valid cue to accuracy, which in turns means
that itcan benefit judges to weight advice as a function ofitbe associated level of

confidence Indeed, many studies have found thatghting and addingstimates a function of
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each judgeOs confideriggrove accuracyBanget al, 2014; Bahrami, Olsen, tzam,
Roepstorff, Rees & Frith, 2010; Koriat, 201 2aniv, 1997).

One method to use confidence is to weight high confidence estimates more than low
confidence estimates, another is to completely ignore low confidence estimaté®asel
high-confidenceestimatesKoriat (2012b) founadhormative support for highonfidence
choosing by showing thatdyad ofudges can benefit by usingr@aaximum confidence slating
(MCS) heuristic, which states that a judge should choose the estimatéhirbigh-confidence
adviser anadompletelyignorethe estimates fronthe low-confidence adwer (but see Bang et
al, 2014). Thus, choosing can outperform averaging in a crowd if confidence is sufficiently and
positively related to accuracy.

This leads us to our critical ques: can the innecrowd parallel to KoriatOs (2012b)
MCS heuristic, which we callhne-MCS also outperform an averaging strat&@r is high
confidence choosingithin one mindanother method of Ochasthg-expertO that leads to
poorer estimation thmsimple averagingRdditionally, we test the extent to which dialectical
bootstrapping, a method of increasing estimate diversity in the-enoed (Herzog &

Hertwig, 2009; 2014a; 2014b) can increase the benefits or theM@8rheuristicWe will

answe these questions using a do@sed estimation taska the task, judges are asked to
estimate the population of several US counties on the basis dfifauy statistics from that
county. In addition to providing best estimates, judges provide 90% eanédntervals.

Judges provide their estimates to each county twice (in phases 1 and 2). In a third phase, we

present judges with their estimates and, in absence of cue values, ask them to provide their best

2 Koriat (2012b) did test the effectiveness if an inRkBES heuristic on peeptual decisions but did not find
substantial differences between averaging. However, is unclear if KoriatOs (2012b) results will replicate in
estimation tasks and whether people actuadlgconfidence in harnessing their inrrowd.
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possible estimate of the county populatida.make predictions for behavior in the task, we
take a cognitive modeling approach to both estimation and accuracy.
A Cognitive Perspective On the Inner Crowd:Modeling the Estimation Process

With one notable exception (Hourihan & Benjamin, 2010), previessarch on the
innercrowd has focused on how people should aggregate their estimates and has largely
ignoredhowestimates are generated in the first place. This is both a major practical and
theoretical research gap: without knowing the processes umdeelstimates, one cannot make
more precise predictions for when one should average theiréno@d or use an alternative
strategyln this paper, we focus oampling model®f estimation whiclassume that people
form estimates basexh asmallsample o problemrelevant information drawn from loAgrm
memory(e.g, Wallsten & Gonzalea/allejo, 1994 Juslin, Olsson & Olsson, 2003; Koriat,
20123. Specifically,we rely on predictions frorthe Nasve Sampling Model (NSM, Juslin,
Winman & Hansson, 2007JThe MNSM simultaneously descriséow estimateand
confidence judgments are generaf€de model assumes that people estimate unknown
criterion values bgamplinga small number aéxamplessimilar to a targefrom long-term
memory, and use the distributiohcriterion values tied to dseobservations to derive both
best estimates ambnfidencantervals for the criteriorimportantly, the judgeOs working
memory capacity constrains the number of observations that can be used at the time of
judgment. Thuspnly a finite number oéxamples from longerm memory will be usefk.g,
Miller, 1956, Cowan, 2001 This class of models has recently been usedieectlypredict
that people with smaller working memory spans will experience largeranoed benefis
than those with larger working memory spéidsurihan& Benjamin,2010) More generally,

their results provide support forodels thabssume estimatesd confidence judgmendgse
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based on noisy information sampled from ldagn memoryHansson, Just, & Winman,
2008;Lindskog & Winman, 2014; Lindskog, Winman, & Juslin, 2013a, 2013th& Pashler,
2008; but see Rauhut & Lorenz, 2011)
Simulation Study: Extending The Nasve Sampling Modelo Model The Inner Crowd,
Confidenceand Dialectical Bootstrapping
The simulation study served two purposes: Hrgtsimultaneously modeling
estimation and confehce usinghe Nasve Smpling Model(Juslin et al.2007) we carpredict
how confidence should be related to accuracy in the-cmosevd for the US countystimuli we
use in a subsequent behavioral stuslycond, the simulaticadlowed us tqredictthe potential
effects ofdialecticalinstructionsthosethat encourage judges to generate a diverse-inner
crowd, on estimataccuracyand confidence (Herzog &etitwig, 2009) Before we describe the
NSM in more detail, we first introduce the task environment used in the simulations and in the
empirical study.
The Task Environment: Estimating US County Populations Based On Binary Cues
Participantgcalled Oagents®the simulationpstimated the populations of 16 US
counties, based on four statistical cues taken from the 2010 US census désakassslinet
al., 2007 for a similar simulatiobased on one single quémportantly,participants did not
know thenames of the counties and insteaete forced tanake estimates based on cue values
aloné (cf. Peterson & Pitz, 1996We calculated cue values and populations from the complete

database of all 3,007 US counties as of 2010. We chose four statisticasopagrilation cues

% Retrieved from
http://web.archive.org/web/20130921075947/http://quickfacts.census.gov/qfd/download_data.html).

* We chose to hide the county names for two reasons. First, we wanted to prevent participants from directly
retrieving the true population from memory in ortteforce them to make estimates under uncertainty. Second,
because we collected experimental data online and rewarded participants for their accuracy, we wanted to prevent
them from doing an online search for the true population of each county.
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poverty %(i.e.,the percentage of the county population living at or below the poverty,lgvel
housing unitgi.e., the number of housing units in the colnbachelorOs %.e., percent of
residents with BachelorOs degyeasdpopulation densityi.e., the number of inhabitantOs per
square milg We conducted a median split on each cue, with values below the median set to 0
and values above the median set to 1, to create binary value across all tdlfetigsfine an
individual countyOsue profileas its combination of all four binarized cues. For example, a cue
profile of [0, O, O, 0] represents a value in the bottom 50% on all four cues. There were 16
unique cue profiles corresponding to&lE 16 possible combinations ofetiour binarized

cues. Next, we grouped counties with the same cue profile and calculated the median county
population in each of the 16 groups. This median population value for a giv@natile
represented the criterion value for that profile. Tald@dws all cue profiles including the

number of counties that satisfied each cue profile, and the median county population (criterion):

Stimulus Bachelor's Poverty % Population Housing N Median
% Density Units (population
)

1 Low Low Low Low 275 8,804
2 Low Low Low High 31 33,052
3 Low Low High Low 47 20,624
4 Low Low High High 120 46,904
5 Low High Low Low 539 11,961
6 Low High Low High 72 36,982
7 Low High High Low 131 20,210

® Cue valies at the median were independently and randomly assigned to 0 or 1.
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8 Low High High High 285 45,573

9 High Low Low Low 331 7,187
10 High Low Low High 78 36,492
11 High Low High Low 42 20,211
12 High Low High High 571 130,016
13 High High Low Low 124 7,765
14 High High Low High 51 39,321
15 High High High Low 14 22,460
16 High High High High 296 113,917

Table 1 16 stimuli used in the study. Low values indicate being in the bottom 50% of
the statistic, while High values indicate being in the top 50% of the statistic. N shows
the number of counties in the dataset that satisfy each cue profile. Mgolmaration)

shows the median population of all counties matching a cue profile.

The Naeve Sampling Model (Juslin et al., 2007)
The Nasve 8mplingModel (Juslin et al., 2007) assumes three sequential phases in the
estimationand confidence intervarocess. Welepict both the general process and a specific

example for the county estinma task in Figure 1
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: ) Example for
NEM-pLEDs County Stimuli

Probe Cue = “Poverty Rate”

All counties in long-term memory

(LTM) with a LOW Poverty Rate
define the SED

{ !

Step 2. Retrieve Sample Retrieve 4 counties with a LOW Poverty Rate
Retrieve n exemplars from the SED Orange, NY (Pop = 374.512)
Stcp 2 where n equals emory Middlesex ('\mm\.. VA (Pop = 0.822)
'S Chautauqua, KS (Pop = 3.571)

Step 1

Calculate sample statistics
Best Estimate = 109,80 (Median of SSD)
Confidence Interval = (3571, 374512) (Range of SSD)

Step 3

Figure 1: General steps in the NSM and an example estimation procedure for the county
population estimation taskor the example, we assumed that theve®y RateO cue

was randomly selected in step 1 of the example procedure.

In Step 1(after beng presented with the stimulysidgesselect a cuand observe its
value For example, judgecould select the cudpoverty rateéhdobserve thealueQ.OWO.
This cuevalue combination becomes timemory probeNext, judgessearchtheirlong-term
memory for exemplars thatith cuevalue combinations that match the memadityis
distributionof exemplars in londerm memory defines subjective environmental digution
(SED). For example, this distribution could represent all counties jhdgaknows with a low

poverty rateln Step 2 thejudgeselects a small sample of observations from the subjective
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environmental distribution and brings those sampleswarking memory. This sample
comprises thgudgeOsubjective sampling distributiqg®SD) for that questiorin Step 3the
judgeuses the sample distribution of criterion values in their SSi2neratdoth best
estimates and confidence intervals far tniterion.Judgesare assumed to use a measure of
central tendency such as the sample median to calculate best estimatssof, Winman &
Juslin, 2013 and a measure of variability such as the sample range to calculate a confidence
interval (cf. Jush et al., 2007). For example, a person with an SSD corresponding to the four
counties Orange (NY), Middlesex (VA), Cautauqua (KS) and Mackinac (Ml), could use the
median and ran§ef those four counties as a best estimate and confidence interval for the
criterion (seelte example procedure in Figurdot details).

Modeling dialectical instructions in the NSM.In previous dialectical bootstrapping
resarch, dialectical instructiongsually those inspiretthe considerthe-opposite technique
(Lord, Ross &Lepper, 198% were designed to spur judges toguce phase 2 estimates using
different knowledgdrom what produced thephase 1 estimates (Herzog & Hertwig, 2009).
While previous studies have found that dialectical instructions lead to increasedesstima
change and decreased signed error correlations between phases 1 and 2 (Herzog & Hertwig,
2009; Herzog & Hertwig, 2014b), no studies have modeled the exact process by which
dialectical instructions influence estimateage (but see Phillips, Herz&gHertwig, in prep).
In our simulation, we implemented one potential prooéskalectical strategy changelating

to cueuse in Step 1 of phase \&/hencontrol participants (agents) start Step 1 in phase 2, we

® The original formulation NSM (Juslin et al., 2007) proposed that people generate X% confidence intervals with a
width equal to w = 2 sd* z,, where sd is the sample standard dewsiatif the SSD and,is the z score

delimiting the central proportiop of the normal distributions. In our simulations, we assume, for psychological
simplicity, that people do not have access to a standard normal table and simply use the range Df #iseineSiS
confidence interval.



CONFIDENCE IN THE INNER CROWD 16

assume thaheyuse thesameprobe cue from pse 1. The control procedure was designed to
capture random variability in the estimation process. When those dmefbetical condition
start Step 1 of phase 2, they select a new probe cue different from the one they (randomly)
selected in phas€.IThis dialectical method was designed to capture how agents, and people,
could increase the diversity of their estimates. We expect the increased diversity of cue use in
the dialectical condition to lead to larger estimate changes and lower signed errationsel
between phases 1 and 2.
Simulation Procedure

We present a general description of the simulation process in this section. Full details
are presented in Appendix We generated 5,000 agents thaiducedoth best estimates and
confidence interval® the 16 stimuli in Table &cross two separate phas&gents differed in
severaparameterselevant to longerm memory knowledge and working memory capicity
Each agent began by generating phaest estimates and confidence intervals fohesd he
16 stimuli in Table by following the NSM procedure outlined in FigureEach agent was
then randomly assigned to onetwb phase 2 conditions. In the contecoindition, agents
skipped Step df phase 2nd used the same memory prétey used in Sfel of phase 2.
They then drew a new random set of exemplars matching the memory probe (with
replacement). In thdialecticalcondition, agents selectechawrandom cue in Step 1 of phase
2 that differed from the cue they selected in Step 1 of phasesg.thién used this new cue to

generate a new probe cue for Step 2 of phase 2.

" There are certainly alternative valid methods of simulating the effects of dialectical instructions on the estimation
procedure and we do not mean to suggest that our method is the only one. Rather, we use it apaistdding

model dialectical estimates.

8 Each agent was assigned a ldagn memory storage consisting of a subset of exemplars from the total county
database. In order to capture errors in memory, we assigned each agent a bias and random errorasrm that w
added to their memory of county populations. Each agent also had a set working memory capacity that constrained
the number of exemplars it could process in step 2 of the NSM procedure. See Appendix A for full details.
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Simulation Analyses: Defining Measures of Interest

Each agent provided three values for each question in each phase, totaling six values
across both phases: two best estimdiear{db,), a lower and upper bound for phasdi14nd
uy) and a lower and upper bound for phask,2if). We label the criterioOTuthOValue for a
guestion k as I We use the indexfor estimate phase (j in {1, 2}) arkdfor questions (k in {1,
2, E. 16)).

Estimation error: Absolute deviation (AD), and Mean Absolute Deviation (MAD)
We define the absolute deviation of an estimate for a question lagifiransformedabsolute
difference between tHeest estimate in a phase and the criterionefale.; the median county
population)corresponding to the question.

" = logo|bj — Tkl

We further definenean absolute deviation (MAD) valuasross stimulseparately for

phases 1 and 2.

| DIEREAET

I"# N R | N PEIMg L s

Confidence C). We defined confidence in a question as a decreasing function of the
width of an agentOs confidence interval (i.e.abis®lute difference betwedwer and upper
value) Because wider confidence intervals indicate less confidence, we multiplied the absolute
difference between the maximum and minimum confidence interval valudssoythat larger

values in the masure indicate more confidence:

e U0 (1 1 1)
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After an agent completgohases 1 and #e thendefinedits high-confidencebest
estimatgby) as the best estimate in the phase with higher confidandés low-confidence
bestestimatgb, ) as the best estate in the phase with lower confiden€®r example, if an
agent produed estimates;l= 20,000, { = 10,000, w= 30000 and b= 50,000, k = 49,000, b
= 51,000, then its highonfidence estimate would b€,000(the phase 2 best estimatnd its
low-confidence estimat20,000 (thegphase 1 b& estimate). If an agent gives the same
confidence to both estimates, thendmd k are undefinedWe then defined each agentOs
averagehigh-confidenceestimate erro(MAD c) and averageolv-confidenceestimate eor
(MAD ¢) values by calculating the mean absolute deviation between the agentOs higher and
lower confidence best estimates across problems. If an agent always gavecisfiolence
estimates in phase 1 (or phase 2), then its MARIues would be equéd its MADphasa (OF
MAD phase) values.

Changing oneOs opinion between phase 1 and&timate change ( b). Estimate
change for each question is defined aqlibg o transformedpbsolute difference between an
agentOs best estimate in phase 1 and its best estimate in phase 2.

I R L T A
The next three variables, bracketing, phas®igacy ratio, and confidence accuracy ratio, each
relate to Soll and LarrickOs (2009) PAR model and help dictate when choosing outperforms
averaging.

Error cancelation: Bracketing (Br). Bracketing is a binary value indicating whether
or not for a specift questionthe criterion value falls between phase 1 and 2 best estimates

(Soll & Larrick, 20).
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merornnayrren ey e el
We can subsequently define an agebt@keting percentag@P) as its average bracketing

value across stimuli:

| Zi"!

" T
Phaseaccuracyratio (Aphasd. An agentOs phase accuracy ratio measurestiief
mean errorén phases 1 and &.is defined as the ratio of the higher to the lopleisebased

MAD value (cf. Soll & Larrick, 2009)
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A large phase accuracy ratio suggests an agentOs set of estimates in one phase is is much more
accurate than its other phase. However, it does not show whether phase 1 or phas¢e3 estim
are more accurate.
Confidenceaccuracyratio (Aconf). In the same way that an agentOs phase accuracy
ratio measures the relative accuracy of its phase 1 to phase 2 estimetegidésice accuracy
ratio measures the relative accuracy of its highfidemce estimates to its low confidence
estimates. To calculate an at@s confidence accuracy ratio we calculatechtieofits higher
to lower confidencebasedMAD values:

NI I
tris g w1 ]

High confidence accuracy ratios suggest that an agentOs high (or low) confidence
estimates are much more accurate than its low (or high) confidence estiustes pnase
does not showhichphase has a lower MAD valued¥ does not show whether an agentOs

high-confidence or lowconfidence estimates are more accurate.
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Simulation Results

We analyzetthe simulation results with Bayesian mixedrel regression analyses
(Baayen, Davidson & Bates, 20083ing the gimmMCMC package in(Radfield, 2010) We
included random intercepts for agents and stimutiach analysiexcept when specified
otherwise We report 95% highest density intervals (HDI) for the posterior disiibof
coefficients Kruschke, 2011)

Estimate dhange.Agentsin the dialectical conditioohanged their estimates more than
control agentsand the more confident agents were in phase 1, the less they changed their
edimates between phases 1 antlV& regessedstimate change b;2) on two fixed factors:
an indicator variable indicating the agentOs phasérate procedure condition (with the
repeated condition coded as 0 and the dialectical condition coded as 1) and phase 1 confidence
(C1). We found credible positive effedts thedialecticalcondition (95%HDI: 0.10, 0.13 and
a credible negative effect of phase 1 confidence (95% HIC30 -0.32.

Phase 2 confidencelhe more confident agents were in their phase 1 estimates, the
more confident they were in their phasesimates. However, there was no effect of dialectical
instructions on phase 2 confidentée regressed phase 2 confide(€g ontwo fixed factors:
dummy-coded phase 2 estimate procedure condition and phase 1 confdentée found a
credible positivesffect fa phase 1 confidence (95% HDI: 0.20,).8liggesting that the more
confident an agent wdsr a questionn phase 1, the more confident the ageasthat question
in phase 2We did not find a credible effect for the dialectical condition (9524:H0.02,-

0.01).

® Technically, we could increasegtmumber of agents in our simulation to such a large size that we would not
need to conduct any inferential tests. However, because the simulations were computationally intensive, we
elected to restrict the number of agents to 5,000.
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PAR parameters.Dialecticalagentshad highephase accuracy ratios ffsg,
confidence accuracy ratios {#y), and bracketing percentages (B&lative to controlsWe
conducted three separate miXedel regression analysea phaseaccuracy ratios, cordence
accuracy ratios angracketing percentages. For each regression, we entered an indicator
variable for phase 2 condition as a fixed factor and random intercepts for eaciT hgezitect
of condition was positive and credible fthase accuracy ratios (95% HDI: 0.00, 0.13),
confidence accuracy ratios (95% HDI: 0.24, 0.47), and bracketing percentages (95% HDI: 0.08,
0.10).

Confidence alibration and resolution Agents gave confidence intervals that were
poorly calibratedrelativeto 90%) Across both estimate phases, the average agent produced
confidence intervals that captured the criterion in 60.6% [IQR: 43.8%, 81.3%] of cases.
However,and most importanthagentsO confidence intervals pasitiveresolution: he more
confidern agents were, the more accurate their best estimates were. For each estimate phase, we
regressed the absolute deviation (AD) on confidence (C). In both phases 1 and 2 we found a
credible negative effect of confidence on absolute deviation (Phase 1: 95%.6{7, 0.070;
Phase 2 95% HDI: 0.103, 0.106). This suggests that confidence is indeed a valid cue to
accuracy in the county estimation tagkis finding is critical. If confidence was ha valid cue
to accuracy, than confident@ased aggregation coutdt outperform the simple average.

Comparing inner-MCS to averaging.Taken bgetherpur simulation suggesthat
confidence intervals provide a window into the estimation procesdidence in phase 1
predicts estimate change and phase 2 confidéhog importantly, theyalso suggest that
confidencas indeed correlated witaccuracywithin (simulated)one mind Thus confidence

could potentially be used by an agent (or persouletect its most accuragstimategSoll &
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Larrick, 2009).To our knowlelge, this is the first time a cognitive model has simultaneously
modeled the processes underlying confidence and estimation and found a positive relationship
between the two.

Next, we explore how agents shoalggregateheir estimates to generate a single
estimate from the original two. Our finding that confidence and accuracy are correlated
suggests that confidence could be used as an estiveajhting cue for these stimuli. Buiill
confidencebased estimation beat the simple average? To test thignnmaced the
performance ofwo strategiesAverage where agents take the average of their best estimates
from phases 1 and 2, almherMCS a heuristic inspired by KoriatOs (261@haximum
confidence slating heuristishere agentshoose their estimateith the higher confidence for
a given questiofl. For each agent, we compared the mean absolute deviations (MAD) values
of these strategies to two referencatsigiesChoose andomly where agents randomly
choose between their phase 1 and phasériadss for each problem, arthoosefirst, where

agents always chose their phase 1 estim&ts Table for a list of strategies and error labels.

Strategy Name Description Error Label

Average Average best estimates fc MA Dayerage
a problem across phases

and 2.

InnerMCS Choose the best estimate MAD jnnermcs
corresponding to the
phase with the smallest

confidence interval.

191 agents have theasne confidence levels for both estimates to a question, they choose randomly.
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Choose andomly Choose a phase 1 or pha MAD chooseRandom

2 estimate at random

Choose fst Choose the phase 1 best MAD chopseFirst

estimate

Table2: Description of strategider managing the innesrowd

For each agent, we calculated its accuracy improvement for the two target strategies
(Average and InneMCYS) over the reference strategies by subtracting the MAD of the target
strategy from the MAD of the reference strategy. For example, the accuracy ganee¥1CS
over Choose randomly is calculated as MARbserando®MAD jnnermcs PoOsitive values in this
difference indicate less error and higher accuracy for the target gtrAtdgstribution of these

gains separated by phasprdceduress presented in Figure 2
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Figure 2: Distribution of accuracy gains in the simulatidime left and right panels

show gains relative t6@hoose andomlyandChoose irst respectivelyHighervalues
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indicate better performance by Average and IM&S. The horizontal lines show

median values.

We found much higher accuracy gains fromerMCS than fromAveragerelative to
both reference strategiescross both phase 2 conditionsetmean aegacy gain from
Averageover Choose andomlywas0.044 [IQR: 0.019, 0.059yyhile the mean accuracy gain
from InnerMCS was almost four times as large0at 54[IQR: 0.031 0.239. Gairs were
similar relative to @oose irst. Additionally, relative to botlreference strategiesimulated
dialectical instructions increas#éuke gains from botverageandlnnerMCS. These results
provide strong empirical support for the benefitsaffidencebased choicen the innercrowd
in the US county domain

Boundary conditions for inner-MCS gains However, we note that not all agents
benefited fromusing hnerMCS relative toAverage We found that 30% of agents had worse
performance (i.e.; higher MAD values) by usimgperMCS than by usingAverage To see
what varialles contributed to this effect, va®nducted a Bayesianixedlogistic regression
where we regressete binary variable MARerage < MAD innermcsindicating when an agent
had lower error fromAverage versusinerMCS on two fixed factors: the agentOs beicly
percentage (BP), and the agentOs confidence accuracy ¢g#jo\(e found a credible
positive effect of bracketing percentage (95%HDI: 2.71, 3.30,) and a credible negative effect of
confidence accuracy ratio (95% HDBB.09,-2.88). The higher aagentOs bracketing rate and
the lower its confidence accuracy ratio, the less likely it benefited linaexMCS over

Average
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Simulation Discussion
Our simulation analysis generated thkesy results that we use as predictions in our
empirical studyFirst, confidence in phaskestimatepredict both best estimate change
between first estimates and second estimates as well as confidence in phase 2 estimates. This
suggests that confidence measures provide us with a window into a personOs estimation proces
that best estimate measures are silerB@gondconfidencepredicts accuracyAs a result of
this relationshippeoplemay benefit from choosing their higbonfidencesstimatesising
InnerMCS instead ofaveragingMoreover thedegree to which peopleenefit frominner
MCS should bea functionof their confidence accuracy ratinally, simulated dialectical
instructions that caused agents to search for new information (new exemplars with a different
memory probe) increased best estimate changeggngrgains, anthnerMCS gains.
Empirical Study:
Testing Predictions On The Inner Crowd, Confidence and Dialectical Bootstrapping
To see if these results would carry ow®htiman judges, we conducted a studiyng

the same stimuli and estimation parawigsed in the simulatiohVe had three main
experimental conditionis thestudythat changed how participants made their estimates in
phase 2In thecontrol condition, participants wer@skedto make another estimate as if they
wereanswering it for théirst time. This condition aims to assess the natural variability in
peopleOs estimates (see also Herzog & Hertwig, 2009, 2Weth)so included twdialectical
conditions that were designed to increase estimate divdrsityedialectical consideithe-
oppositecondition, participants were givelalectical instructionglenticalto those used in
Herzog and Hertwig (2009). The instructions implored participants to think of reasons why

their first estimates were wrong, dhthased on those reasdh® applya new estimation
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strategy to their subsequent estimates (see Method section for the verbatim instructions). A
benefit of this dialectical technique is that is purposefully generic and can thus be applied to
different kinds of estimation strategies (efgpm norcompensatory rulbased to exemplar
based strategies; von Helversen & Rieskamp, 2009). Howms@ause the technique does not
provide judges with specific instructions on how they could change their estimates,
anticipated thasome participats might have difficulty deriving an alternative strategg help
participants derive a new strategye created a new estimatistrategy tailored to exemplar
based estimation processing that we caisiderotherexemplarsin thedialectical consider
otherexemplargondition, participants were asked to think of additional exemplars that
matched the target cue profile, but whose population was likely to be different from thei
estimates iphase 1

After completing their first two sets of estimatephases 1 and, participants in all
conditions were presented with each question again, along with their first two sets of
judgments, and with all county cue profile information removed. They were then asked to make
a third and final judgment based entyreh their previous confidence and best estimate
judgments. This phase was designed to test the extent to which people use their confidence
judgments imggregating their innesrowd.
Method

Participants

300 USbased adultsle6 men andl34women) were reruitedonline fromthe Amazon

Mechanical Turk' (Mason & Suri, 2012)Participants were compensatl00for their

Y For those not familiar with the Amazon Mechanical Turk (mTurk), the mTurk is an online recruitment tool
where ORequestersO (i.e.; employers) post OHITsO (an acronym fondriiligemce taskO representing a-one
time job) which can be completed by OWorkersO (i.e.; participants). Anyone in the general public can complete a
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participation. Additionally, they were given a performabesed bonus based o thccuracy
of the their first, second and third estimate§ hemedianbonus wa$3.70(IQR: $3.4Q
$3.90). Participants worked a medi@5 minutes (IQR34, 61) on the study.
Materials and Procedure
After giving consent to participate in the study, participants were told that the study
would take place iseverabhasesnd that each phase would take approximately 10 minutes.
They were instructed to not use any outside help in the foan loternetsearchor calculation
tool in any of the phase$hey then read the faling instructions for pase 1 of th study:
Oln Phase 1 of the study, you will be estimating the populations of US counties based on
statistics about those countieétereOs how the task will work: We created 16 different
groups of US counties based on their values on 4 different stafysiicsvill learn what
they are shortly). Within each of the 16 groups, all the counties have similar values on
the statisticsFrom each of the 16 groups, we selected a typical covoty. task is to
estimate the population of each of these 16 typicattoest We will not tell you the
name of each county. Instead, we will show you the statistical information about the
county, and then ask you to make a population estimate based on those sh¥digstics.
goal is to come up with a population estimate thaisi close as possible to each
county's true population. The closer your estimates are to the true populations, the

higher your bonus will be! The highest bonus you can earn for Phase 1 is $2.00. You

HIT in exchange fopaymentWe required that participants in our study had successfaitypleted 50 HIsin

the pastvith at least a 95%cceptanceate from previous requesters.

12\We awarded participants with two separate bonuses. The first bonus was detéyrtmechost accurate of

their phase 1 and phase 2 estimates for each stimulus. The secon@asnletermined by the accuracy of their

phase 3 estimate for each stimulus. The maximum possible bonus for phase 1 and phase 2 estimates was $2.00,
and the maximum possible bonus for phase 3 estimates was $2.00.
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will see 4 different statistics for each of the countie® each county, you will see

whether or not the county has a HIGH or a LOW value on each of the 4 statistics.O
Participants then read descriptions of the four different cues. Next, participants viewed a
sample version of the experimental stimuli wit?O replacing the cue values. Tiveye then
instructed to give a best estimate and upper and lower bounds of confidence intervals such that
each interval had a 90% chance of containing the true county population (Russo & Shoemaker,
1992).

In phase 1, padipants gaveopulation estimates for each of the 16 stintstimuli
were presented in the form of a 4 x 2 matrix, where each cue and its value was presented on a
row (for a screenshot, see Appendix Barticipants were forced by the questionnaire to
provide best estimates that were between the limits defined byctmdidencantervals.

Participants did not receive any feedback on their accuracy otthdidencantervals or their
best estimate$Ve created two stimuli orders, one randogyeratd and its reverse
Additionally, we created four different cue orders such that each cue was presentedaomveach
across participantg&ach participant was assigned to one of the stiamdicue orderand

viewed the stimuli in the samedr in each oftte three estimate phases.

After making their initial estimates for the $8muliin phase Lparticipants received
instructions fophase 2All were told that they would be shown the questions again and would
be asked to give a second round of estimdtesy were told that their bonus would be based
on thebetterof their two estimates for each problem. This was meant to encourage participants
to make different estimates in the second roisee Herzog & Hertwig, 2009, 2044
Participants assigned tioeicontrolcondition were not given explicit instructions on how to

answer the questions but were simply told to answer them as if they had seen them again for the
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first time (see Herzog & Hertwig, 2009, 2044 Participants in thdialecticatconsider the
opposite(D-CTO) condition were giveithe followinginstructions(Herzog & Hertwig, 2009,
p. 234)
First, assume that your first estimate was off the mark. Second, think about a few
reasons why that could be. Which assumptions and considerations caeiloecleav
wrong? Third, what do these new considerations imply? Was your first estimate too
high or too low? Fourth, based on this new perspective, make a second, alternative
estimate.
Participants in theialecticatconsider other exemplaf®-COE)conditionwere instructed to
think of examplecountiesthat matched the cue profile for each question, but whose size was
substantially different from their first estimate as follows:
For each question, look at the information you were provided with and the esyiooat
gave. Try to think of examples obuntieshat match the information you were given,
but are likely to have a very different size than the estimate you gave. Then, using this
information, try to come up with a new alternative estimate.
After readingphase 2 instructions, participants viewld questiongagain along with their best
estimates andonfidencantervals for that stimulus from phase 1. Participants then gave
confidencantervals and best estimates in the same manner as Phase 1.
After giving their second set of estimates, participants wergdghin without
warning)that they would be giving a third and final set of estimates for all problEmesy.
were told that they would receive an additional bategending on the accuracy of theirdh
set of estimates that waslependenof the bonus they received in phases 1 arfébRthese

final estimates, participants were not shown the stimuli, but instead were asked to make
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estimates based purely on their previous estimates as follBaany XXX . You first best
estimate was ___, Your firsbnfidencanterval was ___ and _. Your second best estimate
was . Your secormbnfidencantervalwas ___ and __ \IVhat is your currentonfidence
interval for thiscounty ~ _and __ What is you current best estimate for the populatain
this county?OAfter completing the third estimation phase, participants completed a brief
comprehension survey.

Results

As in our simulation results, we usBdyesiammixed-level regressiomanalysego test
our hypotheses (Baayen, Davidson & Bates, 203#)g the MCMCglmm package in R
(Hadfield, 2010)Except when specified otherwisee includedandom interceptssaigned for
both participants and stimulAll raw data and code are available in our suppleargnt
materials.

Estimate change.Dialectical estimates increased estimate change from phases 1 and 2,
and phase 1 confidence was negatively related to estimate change: We regressed estimate
change |( b1o) on three fixed factors: two indicator variables indicating the agentOs phase 2
estimate procedure condition (with the repeated condition coded as 0 and the dialectical
conditions coded as 1 in the two separate variables) and phase 1 confidgna& (Gund
credible positive effects for both the©ro (95% HDI: 0.00, 0.28) and-BOE (95%HDI:

0.08, 0.35) conditions, and a credible negative effect of phase 1 confidence (95%.AD}:
0.70).These effects are consistent with our simulation results.

Phase 2 onfidence.The more confident participants were in their phase 1 estimates,
the more confident they were in their phase 2 estimates. Additionally, there was no credible

effect ofdialectical instructions on phase 2 confidence: We regressed pbasgd&nce (@)
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on three fixed factors: two indicator variables for phase 2 estimate condition and phase 1
confidence (@. We found a credible positive effect for phase 1 confidence (95% HDI: 0.64,
.68) suggesting that the more confident a participanfevas question in phase 1, the more
confident the participant was that question in phase 2. We did not find a credible effect for the
dialectical condition (BCTO: 95% HDI:-0.05, 0.14; DCOE: 95% HDI:-.05, 0.14) These

effects are consistent with ounsilation results.

PAR parameters.Considefrotherexemplars instructions consistently increased phase
accuracy ratios, confidence accuracy ratios, and bracketing percentages. @basigposite
instructions had less consistent effet¥& conducted threseparate mixetkvel regression
analyses on phase accuracy ratios, confidence accuracy ratios, bracketing percentages. For each
regression, we entered two indicator variables for phase 2 condition as fixed factors and
random intercepts for each agent. {Wesenposterior means argtb% highest density

intervals for phase 2 condition in Talde

Considefthe-opposite  Considerotherexemplars

Phase Accuracy Ratio 0.13 }0.14, 0.39] 0.32 [0.06, 0.60]
(Aphasd

Confidence Accuracy 0.56 [0.12, 9] 0.85[0.40, 1.28]
Ratio (Acong)

Bracketing Percentage 0.01}0.03, 0.05] 0.05 [0.01, 0.09]
(BP)

Table 3 Effects of dialectical instructions on PAR parametelstive to the control

condition
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The sign of the effects of the consiggherexemplars instructionsmirrored those of our
simulation.

Confidence @libration and resolution. ParticipantsO confidence inias were poorly
calibrated an@ven less so than agents in our simulation. Across both estimate phases, the
average participant produced confidencenvdls that captured the criterion in only 34.4%

[IQR: 12.5%, 50.0%] of cases. These values are consistent with prior research showing that
confidence interval ranges tend to be far too narrow (e.g., Lichtenstein et al., 1982; Soll &
Klayman, 2004; Yaniv &oster, 1997; Yates, 1990). Howevand most importantly for
confidencebased aggregatioparticipantsCoafidence intervals had credibppsitive

resolution.For each estimate phase, we regressed absolute deviation (AD) on confidence (C).
In both phase 1 and 2 we found a credible negative effect of confidence on absolute deviation
(Phase 1: 95% HD[0.70, 0.74; Phase 2 95% HD[0.71, 0.74). Consistent with our

simulation results his suggests that confidence is indeed a valid cue to accuracy
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Comparing Inner-MCS to Average Next, we compared the accuracyloherMCS
to Average As in our simulation analyses, we calculaaeduracy gains relagvto two
reference strategies: Choose randomly, anoloSefirst. A distribution of these gains separated

by experimental condition is presented in FigBire
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Figure 3 Distribution of accuracy gairfer AverageandlnnerMCS strategiesn the
study. The left and right panels show gains relativehtoose randomlgndChoose
first reference strategieespetively. Positive values indicate higher accuracy for

AverageandinnerMCS. The horizontal lines show median values.

As Figure 3 showdnnerMCS outperformed\veragerelative to both reference
strategiesand in all experimental condition&cross all pase 2 conditios, the mean accuracy
gain fromAverage over Goose andomly was 0.007 [IQR: 0.000, 0.005], while the mean
accuracy gain frornnerMCSwas much larger at 0.217 [IQR: 0.034, 0.290]. Gains were

similar relative taChoose irst. Additionally, elative to both reference strategies, dialectical
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instructions inceased the gains from boflverageandinnerMCS, with the highest gains in
the dialecticalkconsider other exemplars condition.

While the benefits of higlsonfidence choosinigp the study legely replicated those
from our simulation (Figur@), the benefits of Average in our study were much smaller than
our simulation results. We suspect this is due at least in part to the small bracketing rates in the
study.In the simulationagents had a @an bracketing rate of 33% (IQR: 25%, 44%)the
study, ths dropped to 16% (IQR: 6%, 25%8ecause bracketing rates (an indicator of error
correlation) drive averaging gairayr participants with small bracketing ratdisl not reap
large averaging gam

Boundary conditions for inner-MCS gains.As in our simulation, not all participants
benefited froninnerMCS relative to AverageWe found that 14% of participants had worse
performance by using higtonfidence choosing relative to a simple avefag® see what
variables contributed to this effect, we replicated the Bayesian logistic regression analysis from
the simulation where we regressed the binary variable M&dge< MAD innermcs (indicating
when a participant had lower error from Average vetsusrMCS) on two fixed factors: the
participantOs bracketing percentage (BP), and the agentOs confidence accuragygyatite (A
found a credible positive effect of bracketing percentage (95%HDI: 0.31, 2.72,) and a credible
negative effect of confidercaccuracy ratio (95% HDI0.50, 0.37). The higher a participantOs
bracketing percentage and the lower its confidence accuracy ratio, the less likely she benefited

from InnerMCS overAverage

13 This value was lower than the percentageobserved in our simulation, where 30% of agents had higher
accuracy from Average versus InfidCS. The lower percentage in our study could at least partially be due to the
smaller bracketing rates in the study (16%) compared to the simulation (33%).
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Confidence choosinglfner-MCS) versus confidence weightinginnerMCS
represents an extreme form of confidebesed estimation; namely, choosing the high
confidence estimate and ignoring the low confidence estimate. How does confidsede
choice compare to confidenbasedveightingba strategyhatcan be norrative inadvice
taking (Yaniv, 199737 To test this, we calculated the optimg| value for each participant that
minimized their MADyc value. If nnerMCS outperformgonfidence weightingthen most
participantsO optimad; value will be close to fotherwise optimal w; would besubstantially
less than 1)In Figure 4, we plot theumulative distributiorof our study participantsO optimal

wy values next to the same values for agents from our simulation:
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As Figure 4 shows, the vast majority (80%) of our study participants had opiiwalues
greater than 0.90, while a full 70% of participants had optmalalues at 1.0, equivalent to
InnerMCS. For simulated agenttie magnitude of optimalvy values waslso quite higha
full 60% of agents had optimaliwalues greater thar0%. These results suggest thater
MCS either matches, or closely approximates the optimal confideassd agggation
strategy for most participants and agents.

How did participants aggregatetheir first and secondestimates?

In the next seabin, we analyze howarticipantsaggregated their inn@rowd in phase
3. In this phase, particgmts were presented withethphase 1 andhase 2 estimates (both best
estimates andonfidencantervals)and were asked to make a sinigést estimatsolely on
their previous estimate®ur goal in this analysis is to see to what extent our participants
actually used confidenaes a cue in aggregating their phase 1 and phase 2 estimates.

Before describing how we modeled phase 3 estimates, let us briefly define a few terms.
Again, we label b l; and was the besgéstimate, confidenemterval lowerbound estimate, and
confidenceinterval upper bound estimate for phasé&/e then model phase 3 estimates using
equation 1(e.g., Soll & Larrick, 2009; Herzog & Hertwig, 2014b; MY{Erede, 2011)

wil bi+ ('wy)! bb=hy EQL1

Rearranging terms allows us to defimegas ps Bh,) / (by Bby). Thew; parameter
defines how much weight is given tg with w; = 1 meaning that the third estimate is equal to
b, andw; = 0 meaning that it equals.When i estimates fall outside of the range afdnd b,
wi is either less than O or greater thalrdr. our phase 3 analyses, we ignore these estimates

that fall outside of the range.
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We use the terraggregationstrakegy as an umbrella term fall possible stragies that
returnw; values in the (inclusive) range [0, 1J/e definecombiningstrategies as any strategy
thatreturns anv; value in the (exclusive) range (0, We furtherdistinguishthreetypes of
aggregation strategieseightedaveragingstrategiess those wher; is in the interval Q, .4]
or [.6, 1). When participants use a weighi@eeraging strategy, they weight both estimates but
give more weight to one estimate than the other. We dafieegingstrategiesarethose that
give relatively eqal weight to both estimates areturnw; in the interval (.4,6). Finally, we
definechoosingstrategies as thoseherew; is equal to 0 or IWhen participants use a
choosing strategy, they elect to choose between their previous estimates and icetb® pro
completely reject one of thergarly researchni advicetaking tasksoncluded that people tend
to useweightedaveragingstrategiege.g., Budescu, Rantilla, Y& Karelitz, 2003; Yaniv,
20048), while more recent analyses performed at the indivichal Isuggests that people
mostly choos@andonly occasionally avege (Soll & Larrick, 2009)When aggregating
estimates in their innearowd, people tend taise an averaging stratedput not consistently
(Herzog & Hertwig, 2014bEraundorf& Benjamin, 20.4).

In addition to distinguishing between combining and choosing strategedso
distinguish strategies on how thepresent estimatesrder-basedversusconfidencebased
Strategies that a@der-basedrepresenestimatess a function of the oed (or OphaseO in our
paradigm)hey were generated. Several ordased strategies have been studied in the
judgmentand decision making literature, with several such as the OTake the FirstO (@ohnson
Raab,2003) and OFir$tstinct FallacyO (Kruger, Wir & Miller, 2005).However, alternative
judgment and decisiemaking modelsuch as belieipdating models (Hogarth & Einhorn,

1992) and sequential sampling modéis(rihan & Benjamin, 201Q)redict that people can
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have a tendency to give more weightater, more recent estimat&drategies that are
confidencebasedrepresenestimates as a function of their associated confideviverehigh-
confidence estimatese assumed to lweeighted morethan lowconfidence estimatesVhile
confidencebased strafgies are common in advitaking tasks (e.g.; Sniezek & Van Swol
2001; Yaniv, 1997; Moussacd et al., 2013; Soll & Larrick, 2009), it is unclear whether people
use confidence within one mind.

To represent confidendeased strategies using equation 1, mace bwith by, and b
with b This means that for confident@ased strategieg; represented the weight givem t
high-confidence estimates. We use the indew) (o indicate weights for confidendmsed

strategies.



CONFIDENCE IN THE INNER CROWD 39

Modeling strategy use We appliedequation 1o estimates to obtain\gector ofw; (for
orderbased strategies) amg (for confidencebased strategies) valus each participant
across smuli. We used thee vectorof w weights to compare strategiesfiijing this vector
of w values ¢ each strategyAs has been noted by other researchers on athkogy (Soll &
Larrick, 2009), people rarely use one strategy exclusively across problems. To accommodate
this intraindividual variability in strategy use, we model each strategy with lzapitity
distribution that captures variability in strategy use while simultangoonsasuring general
tendenciesWe model combining strategiéstrategies 1, 3, and &¥ing tdistributions
bounded on the range [0, 1] with one or two free paranté{ees Tabled) corresponding to
the mean and standard deviation. We model choosing stratsigaegies 2, 4 and @sing
beta distributions with either one or two free parameters correspondirantt’ (see Tablel)
We compared 6 different combination strategies for each participant in addition to a random,
null model. A description of each strategy is presented in Hadnhel a visual representation of

the stategies is presented in Figure 5

Strategy Estimate Aggregation type Distribution Parameters
representation

0 - Random Symmetric NA uUnif(0, 1) 0

1 BEqual weighting Symmetric Combining t(u=.5#df=1) 1(#

2PbRandom Symmetric Choosing beta(,!) 1<)

Choosing

3 bOrderBased Phase Combining t(y, #, df = 1) 2 (W, #)

weighting

14 For symmetric strategies, we set the mean of-tfisttibutions (for combining strategies) to 0.50, and forced the
alpha and beta parameters of the beta distribution (for choosing strategies) to be equal. In contrast, for the non
symmetric strategies, wdl@ved the means of thedistributions (for combining strategies) to be free and both
alpha and beta parameters of the beta distributions (for choosing strategies) to be free.
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4 bOrderBased Phase Choosing beta(,") 2( <1," <)
choosing

5 bConfidenceb Confidence Combining t(y, #, df = 1) 2 (W, #)

Based weighting

6 BConfidence Confidence Choosing beta(,") 201 <1,"<]

Based choosing

Table4. Description of six different phase 3 aggregation strategies
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Strategies 3& 5

Strategy 1: Symmetric Weighting Phase (3) & Confidence (5) Weighting

— pu=.51=5 —_ p=.7,1=5
- = pu=.51=.2 - = pu=4,1=2
ce. op=51=11 u=.8,1=.1

00 01 02 03 04 05 06 07 08 09 10 00 01 02 03 04 05 06 07 08 09 10

Phase 1 Phase 2 Phase 1 Strategy 3 Phase 2
Low Confidence High Confidence Low Confidence  Strategy 5 High Confidence

Strategies 4 & 6

Strategy 2: Symmetric Choosing Phase (4) & Confidence (6) Choosing

=1L, #= 1 _—

!
!
nwonon
Wi
H*
i
[N}

A, #=4
A, #=9
5#=.1

00 01 02 03 04 05 06 07 08 09 10

Phase 2 Phase 1
Low Confidence High Confidence

00 01 02 03 04 05 06 07 08 09 10

Phase 1 Strategy 4 Phase 2
Low Confidence  Strategy 6 High Confidence

Figure 5: Examples of the 6 different aggregation strategies. Th&efopanel shows
examples of strategy 1, a symmetric weighting strategy. The bégfoparel shows
examples of strategies 2, a symmetric choosing strategy. Tgdpanel shows
strategies 3 and 5. These amrsymmetricweighting strategies, where strategis 3

orderbased andtrategy 5s confidencebased The bottorrright panel showstsategies
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4 and 6. These are symmetric choosing strategies, where strategy 4 chooses according

to phase, and strategy 4 chooses according to confidence.

Strategy classification For each participant, we calculated maximum likelihood
estimates for each pameterin eachstrategy Next, we calculated th@ayesian Information
Criterion(BIC; Wagenmaker2007) for eachmodelusing thefollowing equation, with the
indexmreferring to a model (m in {0, 1, E 6})k referring to a stimulus (k in {1, 2, E 16}),

andpn, referring to the number of parameters in madépn, in {0, 1, 2}):

"%, 1] !Z!"(!"#‘ Qo)

P

Where lik, is the likelihood of the data gimenodelm using the maximum likelihood
estimates for each parameparin model m and Nis the number of data pointsThe BIC
measure rewardsadels that give high maximuiikelihoods to the data while simultaneously
punishing models with many free parametéve. then calculatet BIC values for each model
by subtracting the minimum BIC value from each modelOs BIC value. Finally, we calculated

pogerior probabilities of each modei using the equation
ey

g1, | Z'—

We classified each participant as using the model with the highest posterior model probability.

15 For orderbased models, N is always 16. However, for confiddrased modelsyhen a participant gives the

same confidence (i.e.; the same interval range) for both phase 1 and phase 2 esiinstegjefined and cannot

be fit by confidencdased models. Thus, for confidedzased models, N is the number of questions where a
paricipant gave different confidence to both estimates. To keep the comparison betwedrasedesnd
confidencebased models fair, we fit both models to the same questions for each participant. We also only modeled
participants with at least ten valid (i.possible to fit) data points.
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What strategies did participants use?A table of thedistribution ofbest fitting models

across participants is presented able 5

Strategy N Percent Posterior Model probability
(Median and IQR)
Insufficient Data 119 NA NA
S0:Random weight$ 33 19.29% 48.9% [40.2%, 55.5%
Unclassified
S1:Symmetricweighting 67 39.18% 57.9% [47.3%, 62.7%]
S2:Symmetricchoosing 6 3.51% 51.1% [47.3%, 51.7%]
S3 Phase wighting 22 12.87% 56.2% [45.8%, 75.0%]
S4 Phasechoosing 13 7.60% 80.0% [61.4%, 98.1%]
S5 Confidenceweighting 26 15.2% 67.8% [9.4%, 81.2%)]
S6: Confidencechoosing 4 2.34% 52.8% [50.7%, 64.7%]

Table5: Frequencies of phase 3 aggregation strategy classifications.

Aggregating over strategy typease find two main results. Firstyeighting strategies

were more common than chaog strategies: Of those participants who were not classified to

random weght/unclassified strategy, 83used a weighting strategy while %/used a

choosing strategysecondphase combination strategies wab®ut as common &enfidence

combination strieegies:Of those participantwho used aon-symmetricstrategy, 460 used a

confidencebasedstrategy, while the remaining Blused a phadeased strategy.

Next, we look at the distributionf parameters inonsymmetric strategiestrategies

3-6). The dstribution of parameters in these strategies tells us whether or not participants give

more weight to first or second estimates (for pHazesed strategies), bigh confidenceor low
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confidenceestimates (foconfidencebased strategies). Foombiningstrategies (strategies 3
and 5),we focus onthe distributions oft parametergstrategies 3 and SYalues ofu greater

than .50 mdicate higher weight on phaserhigh confidencesstimates for phased
confidencebased strategigespectivelyFor choosingstrategies (strategies 4 and 6), we look at
the difference in estimatddand" values. Wheri is greater thah (positive difference), this
suggests a higher rate of choosing phase 2 estimateghaonfidencesstimates for phase and

confidencebased strategies respectiveBummary statistics are presented in T&ble

Parameter N Median Proportion preferring
second estimate
(Strategies 3 and 4) or
high confidence

estimate (Strategies 5

and 6)
Strategy 3: Phase Weight (Mu) U 22 .29 91
Stratey 5: ConfidenceWeight (mu) U 26 .65 .88
Strategy 4: Phase Choosing ! 13 -.22 1.00
Strategy 6 ConfidenceChoosing ! 4 .62 1.00

Table 8 Summary statistics of phase 3 aggregation model parameters.

We begin by looking at the distribution cdifameters for phadsased strategies (3 and
4). Collapsed overombiningand choosing strategieg8%had pararater values that favored
phase 2 estimates over phassfimates|( < .5 for strategy 3, antd>! for strategy 4).
Therefore, participants wheeighted or chose estimates based on the order they were made
tended to prefer thegecondestimatego their first estimates. Next, we look at the distribution
of parameters foconfidencebased strategies (4 and 6). Collapsed owearbiningand

choosingstrategies, 24 out of 29 (83%) had parameter values that favigtedonfidence
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estimates ovdbw-confidenceestimates|{ < .5 for strategy 5 and>" for strategy 6).
Therefore, participants who weighted or chose estimates baseafisencepreferred heir
high- confidence estimates.

General Discussion

Extant research on the inrenowd has explored how people can ioy® their
judgments by generating multiple estimates and taking the simple ayeiergeg & Hertwig,
2014a) In the current paper, we explored how people can, and shoulchnfsgence
associated with their estimates in deciding how to aggregate them.agenbased
simulation, we found that confidence should be correlated with accuracy in ebasee
estimation task and that confideAzased choosing outperformed averaging. Further, simulated
dialectical instructions that made agents diversity tegtimates within the framework of the
Naeve Samling Model (Juslin et al., 200Tncreased higitonfidence choosing gains an
empirical study, we replicated these effects and found that people could outperform the average
of their innercrowd with hidh-confidence choosingas implemented by InndiCS).

Confidence predicts accuracy in the inneicrowd.

Given thelargenumber of studieinding that peopleOs confidence judgments are too
high given their empirical accuracg.g.;Griffin & Brenner, 2004 Soll & Klayman, 2004, one
might conclude that confidence is the result of a biased information processing system and thus
should be ignored during an aggregation procedure. Our results do not support thighilew.
peopleOs individual confidence intéswaay be poorly calibrated, we find that they exhibit
sufficiently high resolution to allow for confidenbased aggregation strategies (such as inner

MCS) to outperform others that ignerconfidence (such as Average).



CONFIDENCE IN THE INNER CROWD 46

These results mirror previowssarch thafound benefits of confidendeased aggregation
between minds (e.g.; Koriat, 2012b, Yaniv, 1997) and extends them to thenawel:
Moreover, because our results were predicted by the NSM (Juslin et al., 2007), they are
consistent with the idethat people act as nasve intuitive statisticians who process sample
information (i.e.; samples in working memory) in an unbiased manner, but who are nasve with
respect to biases that can occur in the sampling process (Fiedler & Juslin| 2G6@unately
much (if not most) remarch on confidence in judgment seems teHacused on when
confidence goes wrong with respect to calibration, and has ignored when it can go right with
respect to resolution.
Choosing vs Averaging Environments In the Inner Crowd

Ourfinding that confidence can improve inFgowd judgmentprovides a new
perspective on the ecological rationality of averaging versus choosing betweecrower
estimatesTo show this, we refer back to the PAR (Soll & Larrick, 2009) model. Agjaen,
PAR model states how orshould combine estimates from two advisers (call them A and B)
each of whom are providing estimates across a number of problems. Under thHedPAR,
benefits of choosing estimates from one adviser (and ignoring the othersewheathe
relative accuracy of one adviser to the othereass and the probability of detecting the better
(i.e.; more accurate) of the two advisers increases.

We can reframe the PAR model in the inroeywd by thinking otheinneradviser A
as OPhaslO anihneradviser B as OPhas©m previous innecrowd research, accuracy
ratios(based on phases) the innercrowd were fairly low ¢ondition means of 1.12, 1.11 and
1.09), Herzog & Hertwig, 2014b) which benefited ageng strategies. In ourwdy, phase

basedaccuracy ratios were higher than previous studies at a mediaf/ofvhichfavored
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choosing strategies. Importantly némlencebased accuracy ratiegere even higher at a
median of 1.78. In PAR terms, confidence allowed our particiggargenerate a new set of
virtual inneradvisers OHigh ConfidenceO and OLow Cowfd®from their innesrowd that
had a higher accuracy ratio than their originakradvisers OPhase 10 and OPhake 2.0
addition, wing confidence to generate new adsdwas the (likely) added benefit of increasing
the probability of detecting the more accurate adviser. Previous research suggests that people
are not very good at detecting whether or not their phase 1 or phase 2 estimates are more
accurate (Fraundorf & Bgamin, 2014)which makes choosing strategies less accufate
reason for this is that people differ dramatically in whether their first or second estimates are
more accurate: inur study, 499 of participants® phase 1 estimates were more accurate than
their phase 2 estimates. Thus, unless individual participants have valid introspective insight into
whether their first or second estimates are better, they can do no better thaflip abin
detecting which phase is more accurate. In contrast, a fulld@ur participantsO high
confidence estimates were, on average, more accurate than their low confidence estimates. This
means that people should be much bettdetgctingtheir more accurate inner confidence
based adviser thaheir inner phaséased dviser. These two effects of confidence, increased
accuracy ratios and increased probability of detecting the better adviser, both increase the
benefits of choosing over averaging.

However, not all participants had accuracy ratios sufficiently highgino beat
averaging. For thephinnerMCS heuristic could not beaAlverage In future research, will be
important to determine whidhternal (i.e.; personality, expertise) and external (e.g.; content

domains) factors predict confidence accuracy rabmmeed, our simulation results suggest that

8 \We calculated this by comparing each participants® MaB MAD, values.
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working memory capacity could be one important fadtoa regression analysisnducted on

our simulationwe found thaagents with higher working memory spans had smaller
confidence based accuracy ratibban hose with lower working memory spans (95% HDI:
0.72,-0.56).This result parallels that of another simulation and empirical study that found that
smaller working memory spans are associated with larger averaging gains in theromreer
(Hourihan & Benjanm, 2010).However,our results are speculative and should be confirmed in
a futurebehavioralktudy.

Thus, we are left with an important question: After increasing oneOs estimate diversity
using dialectical bootstrapping (Herzog & Hertwig, 2009), shon&laverage or choose? The
answer depends on the statistical environment you find yourself (Fraundorf & Benjamin, 2014;
Herzog & Hertwig, 2014b; Soll & Larrick, 2009). Do you believe that your {tigihfidence
estimates are likely to be substantially moreuaate than your loweonfidence estimates? Do
you believe the rate at which your estimates bracket the true value are the@néwer is
Oyes@ both ofthese questionghen you should probably choose your higbnfidence
estimate. If your answers the questions are OnoO and OnoO, you should probably take the
average. Either way, dialectical bootstrapping is likely to improve your estimates.

Inner-MCS versus betweerMCS

In this paper we have focused on how an individual can benefitHigimconfidence
choosingwithin one mind using Inne¥CS, but how do the resultsompare to the
performance of high confidence choosing betwegrasate individuals (Koriat, 2012bjairs
of judges can benefit from using tMCS heuristic (which we label OBetwedC SO) wherén
judges exchange estimates, and choose the estimate of the more confident judgie (Kor

2012b).However,beforeapplying theBetweenMCS heuristic, one must first normalize each
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judgeOs confidence estimgtésriat, 2012b). Normalizing confidee judgments is data
intensive because it requires knowledge of the mean and standard deviation of each judgeOs
confidence ratings. When applying InfMCS, this normalization procedure is unnecessary
becaus@ormalizationdoes not change the ordinal pattef a personOs confidence
judgmentd’. If we assume that people do not normalize confidence judgments, how does Inner
MCS compare to BetweedCS?To test this, w& simulatedhe performance dhe Between
MCS heuristic(without normalizationusing our stdy data and compared it lone-MCS (see
Appendix B for details).

Accuracy @ins were generally higher for BetweBICS than for hnerMCS. Across
conditions, the median participant stood to have a 53.52% decrease imd\éilzeto their
first estimatesising BetweenMCS and18.03%decrease by usingherMCS. However, ve
did find an effect of experimentabndition on the difference in BetwedftCS and hner
MCS. The median difference improvement beveeninnerMCS and BtweenMCS was
smaller forthe cansiderotherexemplars conditiothan the control conditior®4 MAD change
of 4.76% vs. 30.19%Moreover, a full 41% of participants in the dialecticahsider other
exemplars condition hddwer MAD values by using InneMCS than BtweenMCS. In other
words, 41% of participants given consiggherexemplars instructions would have performed
better by themselves than by conferring with another random partidipamé. control
condition this percentage dropped to 27%

In summary, when applying MCS, vilnimost participants would perform better by
consulting another random participant than by generating anénovwd, dialectical

instructions dramatically narrow the gap betweenuighfidence choosing gains in the inner

" Applying a zscore transformation to a single personOs confidence estimates will not change their order.
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crowd and two separate individgallhese results parallel those of Herzog and Hertwig (2009)
who found the same effect for dialectical instructions on averaging gains.
Conclusion

Previous research on how people manage both theirinoed and external advice
suggested that people dot average as much as they shq#&ldundorf & Benjamin, 2014;
Herzog & Hertwig, 2014b; MYllefrede, 2011; Larrick et al., 2012h the current study, we
simultaneously modelegstimation and confidence judgments on aveald dataset and
foundthat people can outperform averaging by choosing their most confident estiiratesn
InnerMCS heuristic, Koriat, 2012b}-urther, we found that dialectical bootstrapping can

increase the benefits associatath high-confidence choosing.
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Appendix A: Simulation Details
The following is a description of the agerdsed simulation. Full code are available in our
online supplementary materials.
Modeling agentsO knowledge base and working memory (WM) capacity

We began by specifying loAgrm memory (LTM)and working memory (WM)
parameters for each age@bunty knowledge in lonrgerm memory was operationalized as the
number of exemplars from the totaluntydatabase that was stored in an agentOgdomg
memory. Specifically we assigned to each agdmaaviedgebase size drawn from a normal
distribution with mean 100 and standard deviation 20. Further, each agent was assigned a
working memory capacityandomlydrawnfrom the set {3, 4, 5)Cowan, 2001).

We did not assume that agents would have perfemtledge of county populations in
long-term memory. Instead, we assigreedopulatiorbiasandrandom errorto each agent.
Agents with positive population biases had population values that were too high stored in LTM,
while those with negative populatiorabes had values that were too low in LTM. Agents with
high random errors hard larger noise in population LTM values, while those with low random
errors had less noise. We assigned each agent a population bias value drawn from a normal
distribution with man 0 and standard deviation 1000, and a population random error value
drawn from a normal distributioffruncated to be greater thapvwith mean J000 and standard
deviation 300.

Additionally, we did not assume that all agents had perfect memory ofgbioputue
values. Instead, we assigned each ageneanoisesalue between 0 and .5. Agents with a cue
noise value of 0 haplerfectknowledge of all county cues, while agents with a cue noise value

of .5 had incorrect knowledge of half of all county caéues. Thus, agents with a cue noise
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value of .5 could only remember county cue values at chance level. We assigned each agent a
cue noise value randomly drawn frahe set {0, .1, .2, .3, .4, .5}.
To summarize,hte six agentevel parameters we variedtime simulation are presented

in TableAl:

Agent level parameters Parent Distribution

Phase 2 Estimation procedure  {Repeated, NewCue, New
(Condition) Exemplar}

Knowledge in LTM (N.LTM) Normal(mu = 100, sd = 20)

WM Capacity (N.WM) {3,4,5}

Populationbias (BIAS) Normal(mu = 0, sd = 1000)
Population random error Normal(mu = 1000, sd = 300)
(RANDOM)

Cue noise (C.NOISE) {0, .1, .2, .3, 4, .5}

TableAl: Six agent level parameters varied in the simulation.

We generated 5,000 agents and assignedcto@ahem a random parameter value for
each of the six parametarsTable A1 Next, we had each agent generate phase 1 and phase 2
best estimates and confidence intervals for all 16 cue profiles in TabiegLSteps D6
outlined below:
Generating first estimates

Agents gave best estimates and confidence intervals for each of the 16 stimuli in Table
1. For each stimulggents were givetie stimuli cue profiland followed the following six

sequential stepdlote that ve use the index i to represenetith agent:
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¥ Step 1 (Phase 1Cue Selection)The agent selected one of the four cues at random and
looked up its value. The cue and its value represents the agentOs pretrmfor
example, when presented with the -quefile [0, O, 1, 1], an agent all use
OBachelorOs degree cue is LOWO as the probe.
¥ Step 2 (Phase 1SSD generation)The agent then searched its leegn memory
LTM; for WM; counties in longerm memory that matched the probe cue, wherg WM
was the agentOs working memory capacity. Skt of populations for those cties
represented the agentO® SSor example, an ageintith a working memory capacity
WM; = 4 and the probe cue OBachelorOs degree is LOWO would select randomly four
counties from its LTMthat were tagged as havindpav bachelorOs degree. The four
population values tagged to those four counties would constitute the agentOs phase 1
SSD.
¥ Step 3 (Phase @Responses)he agent generated its best estimate for the question as
the median population in its phase 1 SSD gaeerin Step 2, and its confidence
interval as the minimum and maximum values in its SSD. For example, an agent with a
phase 1 SSD of {5010, 10450, 8760, 12332} would give a phase 1 best estimate of
9,605 and a phase 1 confidence interval of {5010, 12332}.
Generating second estimates
After generating its best estimates and confidence intervals for phase 1, agents
proceeded to generate their phase 2 responses to the question. Unlike phase 1, we implemented
two differentphase 2 estimation procedurttst agats could generate their phase 2 estimates.
We implemented these different procedures to model the effects of different levels of estimate

diversity as estimate diversity is known to drive much of the ior@wd effect (Herzog &
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Hertwig, 2014a). Agents irgy a ORepeatedO procedure generated new exemplars in phase 2
using the same probe cue as phase 1. Because these agents did not consider a new cue relative
to phase 1, this procedure was meant to generate a relatively low level of exemplar diversity
betwea phases 1 and 2 and could represent the control conditions from previous studies on the
innercrowd (see Herzog & Hertwig, 2009, 2014b).

We implementec estimation procedures called ON@ueO that were designed to
increase agentsO estimate diversitycEptuallythis procedure coultepresent how
dialecticalparticipants may increase estimate diversity in their lon@wvd. Agents using the
ONewCueO procedure selected a new palgethat was different from the one they used for
that question in Phadeand generated a new set of exemplars from that new-pugbe

Next, agents generated estimates for phase 2 in the following three steps:

¥ Step 4 (Phase Cue Selection)The probecue agents used in phase 2 depended on
their estimation condition:

1. RepeatedUse the same cue as in phase 1

2. New-Cue: Select a new random probe cue that is different from the Phase 1
probecue.

¥ Step 5: (Phase RSSD Generation)The Phase 2 SSD generation procedure agents
used depended on their estimation condition:

1. Repeated & Mw-CuebSelect WM random exemplars from LTM that match
the probecue selected in Step 4. For agents using the repeated afudi@ew
procedure, these exemplars need not be different from those selected in phase
2.

The set of WNMexemplars generated in $tB constituted the agentOs Phase 2 SSD.
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¥ Step 6: (Phase PResponsesienerate best estimates and confidence intervals using

the median and range of the set of population values in Step 5 (as in step 3).
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Appendix B: BetweenMCS vs. Inner-MCS
To test wiether the MCS algorithm succeeds in our estimation task, we simulated the expected
estimation accuracy of inndCS with groupMCS as follows. First, we created virtual pairs
of all participants andj within each conditiotf. We looked at eachapticipantOs estimate in
both phases 1 and 2, giving us 4 total estimates for each stimulus. Next, for each stimulus k, we
took the estimate with the highest confidence as the gvtlt$ estimate for participants i and
J. We calculated the absolute deviatiof this estimate and the stimuli criterion. Next we took
the mean absolute deviation of greMICS estimates across all stimuli to calculate a group
MCS mean absolute deviation for participants i and j. For each participant i, we then calculated
the media groupMCS MAD value across all possible pairings. We compared this median
groupMCS MAD value to each participantOs first estimate MAD values to calculate a %

improvement due to the two heads are better than one effect. Results are presented in Table C1.:

Inner Crowd Between Betweenblnner

Median / IQR Median / IQR Median / IQR
Control 8.90% [0.00%, 37.03%)]  52.53% [27.13%, 71.70%] 30.19% [2.04%, 51.05%)]
CTO 15.64% [0.87%, 47.07%] 54.67% [31.90%, 70.36%] 25.80% [1.59%, 47.57%)]
COE 31.38% [0.02%, 602 57.18% [18.96%, 75.63%)] 4.76% [11.4%, 31.80%)
All 18.03% [0.03%, 49.72%] 53.52% [24.58%, 72.05%)] 21.89% {3.24%, 45.64%)]

TableB1: Percent decrease in MAD by using IrHM€S versus BetweeNICS.

181n KoriatOs (2012b) analysis, Koriatyopaired participants with similar accuracy levels aftcansformed
participantsO confidence levels before applying the MCS algorithm. We elected to pair all participants and did not
transform confidence levels prior to applying the algorithm. We dgditecause in real world advitaking, one

receives advice from people with varying levels of accuracy and withwanhgformed confidence ratings. We did

run alternative simulations by matching participants with similar accuracy levels and found \lnyeffiects.



CONFIDENCE IN THE INNER CROWD

Appendix C: Study Stimuli

The following is a screenshof the an example stimuli from the study

LOW |Poverty %

LOW |Bachelor’s %

LOW |# Housing Units

HIGH |Population Density

What is your 90% certainty interval for the population of this county?
"I am 90% certain that the population of this county is between these two values”

Lower

Upper

What is your best estimate for the population of this county?

The smallest county population in the US is 71
The median county population in the US is 25,906
The largest county population in the US is 9,962,789.

Figure C1: Screenshot of the experimental stimuli

Continue
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