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Abstract

Goldstein and Gigerenzer (2002) [Models of ecological rationality: The recognition heupisyic.
chological Reviewl09(1), 75-90] found evidence for the use of the recognition heuristic. For example,
if an individual recognizes only one of two cities, they tend to infer that the recognized city has a
larger population. A prediction that follows is that of the less-is-more effect: Recognizing fewer cities
leads, under certain conditions, to more accurate inferences than recognizing more cities. We extend th
recognition heuristic to group decision-making by developing majority and lexicographic models of how
recognition information is used by groups. We formally show when the less-is-more effect is predicted
in groups and we present a study where three-member groups performed the population compariso
task. Several aspects of our data indicate that members who can use the recognition heuristic are, not
all but in most cases, more influential in the group decision process than members who cannot use th
heuristic. We also observed the less-is-more effect and found that models assuming that members wh
can use the recognition heuristic are more influential better predict when the effect occurs.
© 2004 Cognitive Science Society, Inc. All rights reserved.
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1. Introduction

It is an attractive claim that some level of ignorance can help us make more accurate infer-
ences. From a descriptive point of view, this claim may help explain how we can be functional
in a world that we know far from everything about. From a prescriptive point of view, the
claim suggests that perhaps we should be relieved from the doomed effort of trying to live up
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to standards of knowledge too high for mere mortals. In order to evaluate this Galdstein

and Gigerenzer (2002)roposed the so-callagcognition heuristias a model of individual
inferences based on incomplete knowledge. Our paper proposes and tests various ways of
extending this heuristic to groups.

1.1. The recognition heuristic in individuals

Goldstein and Gigerenzer considered the task of an individual wanting to infer which one of
two objects has a larger value on a quantitative dimension of interestit@rion. A popular
example is when one wants to infer which one of two cities, say San Diego or San Antonio,
has a larger population. The recognition heuristic suggests the following way of making such
inferences: If one of the two objects is recognized and the other one is not, then infer that the
recognized object has the higher criterion vafueis assumed that it is known that the corre-
lation between recognition and criterion value is positive—if it is known that the correlation is
negative, then “larger” would be substituted with “smaller.” The strength of this correlation de-
termines the accuracy of the recognition heuristic. When the lack of recognition is systematic,
rather than random, the recognition heuristic leads to accurate inferences. However, the recog-
nition heuristic can only be applied if an individual recognizes only one of the two objects—it
cannot be applied if the individual has knowledge about both objects. As a consequence, rec-
ognizing fewer objects can lead to higher accuracy as the following illustrates. Goldstein and
Gigerenzer discuss three Parisian sisters that have to compare the populdtrabtf German
cities and vary on recognition capacity—the youngest sister recognizes 0, the middle sister 50,
and the eldest sister 100 cities. Goldstein and Gigerenzer formally showed that, under a condi-
tion we detail in the next section, itis predicted that the middle sister makes accurate population
comparisons in 68% of all possible cases, while the eldest sister has an accuracy of 60%.

This effect, called thdess-is-more effectwas also empirically observed. For example,
Goldstein and Gigerenzer (20023ked American and German students to compare the pop-
ulations of San Diego and San Antonio, along with other pairs of American cities. Whereas
two third of the American students answered this question correctly, all German students cor-
rectly inferred that San Diego is more populous—for other between-group comparisons, see
Gigerenzer (in presgindAyton andOnkal (1997) How can it be that judges recognizing fewer
cities are more accurate? A possible answer is that Americans could not use the recognition
heuristic because they had heard of both cities, while many Germans had not heard of San
Antonio and thus could use the recognition heuristic.

The less-is-more effect shows that the recognition heuristic is functi@utistein and
Gigerenzer (2002also found that the recognition heuristic is descriptive: In 90% of the in-
ferences in which only one city was recognized, the recognized city was inferred to be more
populous. People even seem to stick to the recognition heuristic if they received additional in-
formation on a high-validity cue that was in conflict with the recognition heuristic: In another
manipulation, participants were first provided with examples of large cities with a soccer team
and of small cities with no soccer team. In 92% of the comparisons, however, it was inferred that
the recognized city with no soccer team was larger than an unrecognized city with a soccer team.
Thus, the recognition information could not bempensately the high-validity soccer-team
cue—for more evidence sé&gerenzer (in pressjor a critique se®©ppenheimer (2003)
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1.2. Why study the recognition heuristic in groups?

Goldstein and Gigerenzer (2008nhowed how the recognition heuristic can exploit the
structure of information in the environment in order to make inferences with limited time
and information. Our study aims at pushing this approach by extending it to a more complex
paradigm, that of groupof people making inferences. Linking the approach of fast and frugal
heuristics to research on group decision-making promises to make a contribution to both fields

First, studying if and how recognition is used by groups may further our understanding
of the recognition heuristic. The study of groups provides a strong test of the proposition
that recognition does play a special role in the process of making inferences. Goldstein anc
Gigerenzer asked whether recognition is applied in a noncompensatory fashion with respect t
other cues; we ask whether recognition is applied in a noncompensatory fashion with respect t
otherindividuals. What happens if a group member who can use the recognition heuristic—like
one of the German students in the study described above—has to reach a joint decision wit|
other members who—like one of the American students in this study—recognize both objects”
Will the group member, who recognizes only one city be always dominated by group members
who recognize both cities, or can this member have greater influence in the group decisior
process?

Second, studying the recognition heuristic in groups may also enhance our understandin
of group behavior. The less-is-more effect is an instance of a family of effects in which deci-
sion making is improved by not using all available information. These effects have profound
implications for reasoning and decision-making theories as well as practical consequence
(Hertwig & Todd, 2003. All these effects, however, refer to individuals. In fact, the estab-
lished claim in group decision-making is that groups make better decisions when they have
more information—for a discussion sBeimer and Hoffrage (2003Researchers in this field
have thus tried to find methods that foster the exchange of information in grbamoQ,
Foster-Fishman, & Keys, 199&tasser, Stewart, & Wittenbaum, 1998 the functionality
of the recognition heuristic and the less-is-more effect also hold in groups, this may help us
understand when and how groups can gain from limiting the amount of information they pro-
cess. Given the difficulty that group members have pooling and integrating a large amount of
information Winquist & Larson, 1998it is important to understand in which situations frugal
heuristics like the recognition heuristic yield reasonable group decisions and to see if these
heuristics are actually used by groups.

To summarize, there are three challenges in the task of furthering the understanding of the
recognition heuristic and of the less-is-more effect in groups. First, models must be developec
that incorporate recognition information in the group decision process. Second, it has to be
formally checked if and under what conditions the less-is-more effect is predicted by these
models. Third, it has to be empirically tested how well the models predict group behavior. In
this study, we are dealing with exactly these challenges.

Specifically, in the next section, we develop models of how recognition information is used
by the group—these models make contrasting assumptions about the influence of membel
that can use the recognition heuristic. All models require that group members have already
formed an individual decision first but they differ in how the individual decisions are integrated
into one group decision. Note that, in what follows, we assume that the process of making
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individual inferences is described by the modeGafidstein and Gigerenzer (200@ee also
Appendix A). This model assumes that individuals use the recognition heuristic whenever they
can, that is, when they recognize only one object. For a discussion of the relation between the
recognition heuristic and the availability heurisficvérsky & Kahneman, 197j3seeSchooler

and Hertwig (2004)The model also assumes that individuals guess when they do not recognize
either object and that individuals use their general knowledge when they recognize both objects.
In line with Goldstein and Gigerenzer (2002 donotassume that no general knowledge is
available when one, or no, objects are recognized. The assumption is that individuals do not
use any knowledge when they can use the recognition heuristic. Thus, what distinguishes the
cases of recognizing only one object and recognizing both objects is that it is assumed that
knowledge is used only in the latter case. This knowledge might, or might not, be restricted to
name recognition—see al€dppenheimer (2003rhese are the assumptions underlying the
use of the term “knowledge” in our paper.

2. Modeling the impact of group members

How can group members integrate their individual decisions to form a joint group decision
on the population comparison task? Dichotomous choice tasks have been extensively studied
in psychological research on group decision-makidip$z, Tindale, & Vollrath, 199) This
research has revealed that the rule for combining individual inferences that groups prefer
depends on task characteristibayis, 1992. For example, if a task isitellective that is, if it
has a correct solution, which can be demonstrated like in a mathematical task, group behavior
often follows a truth-wins scheme, which predicts that the group is correct if one member is
correct. In contrast, if a task jgdgmentalthat is, it has no correct solution like when choosing
a place to live, or if the correctness can not be demonstrated, groups are more likely to apply
some type of a majority rulg€3igone & Hastie, 19971 aughlin & Ellis, 1986 Sorkin, West, &
Robinson, 1998 Because it can hardly be “proven” by any group member what the solution of
the population comparison task is, it is reasonable to assume that, in this task, groups integrate
individual decisions through a majority rule.

The most common majority rule is a democratic principle that weights individual votes
equally and infers that the object with the most overall votes has the highest criterion. Ac-
cording to this simple majority rule, a group combines all individual decisions on the city
comparison task irrespective of whether individuals make a recognition-based or a knowledge-
based inference. We additionally consider two oligarchic majority rules that model the idea
that some members are more influential. Specifically, we also test models which assume
that only those individuals contribute to the group decision who (a) can use the recognition
heuristic—ecognition-basedhajority rule, or who (b) can use knowledgésrewledge-based
majority rule.

Note that models that use these rules make predictions only when there is no tie among the
voters. Thatis, a group may not always be able to apply these rules. This is a common problem
in evaluating psychological models. A model may predict decisions well but may be only
applicable to a small number of cases, whereas another model may predict decisions less well
but be applicable to more cases. Then, it lies in the eyes of the beholder, which model explains
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behavior better. In group research, an often used method is to extend models by assumin
that groups resolve ties by a proportionality ruBsayis, 1973. In the case of a dichotomous
inference task the proportionality rule then reduces to guessing.

When presenting the empirical study, we will report the predictive accuracy of models both
with and without guessing. When analytically deriving the models’ predictions and relating
them to the less-is-more effect, however, we use guessing like in the Goldstein and Gigerenze
model of individual inferences. We do so because the number of inferences for which a decisior
maker has to guess can strongly affect the predictions for the less-is-more effect. In what
follows, we refer to the object inferred to have the larger criterion value by the group as the
group choice

Simple majority rule“The group choice is the object inferred to have the larger criterion
value by the majority of group members.”

The majority ofm members, which we symbolize by majoritg) equals fn + 1)/2 if mis
odd, and (V2 + 1) if mis even. For example, in a group composed of three sisters where the
youngest and middle sisters have inferred that San Diego is larger than San Antonio, while
the eldest sister has inferred that San Antonio is larger than San Diego, the group choice i
San Diego. Thus, a three-member group is correct if two or three members are correct. Anc
a two-member group is correct if both members are correct or one member is correct and the
guess that resolves the tie is correct. We assume that a guess is correct with probability 1/2
It follows that a single individual is equally accurate when deciding alone and when form-
ing a group with an individual with equal accuracy. This is so becausgisithe common
accuracy, the accuracy of the group of two members also eqi&l&q(1 — q)(1/2) =q. For
more than two equally accurate members, however, the accuracy of the simple majority rule in-
creases as the number of group members incre@eeslprcet, 17835roffman & Owen, 1986
p. 94).

The simple majority rule assumes that all group members, those that are able to use th
recognition heuristi@and those that are not, have the same impact on the group choice. A
sister who recognizes both San Diego and San Antonio and somehow infers that San Diego i
larger has equal influence with a sister who infers that San Diego is larger because she doe
not recognize San Antonio. But if, &oldstein and Gigerenzer (200@jopose, recognition
information has a special role in making inferences, it may be that the second sister has mor
of a say in the combination of individual inferences. On the other hand, it can also be claimed
that members who can use knowledge are more influential because they probably have acce
to more cues in favor of their position and are judged higher in expertise. Thus, data is neede:
to evaluate these claims.

2.1. Modeling the impact of members who can use recognition heuristic

The first model we discuss is a variant of the simple majority rule. In this restricted ngajorit
rule, individuals who recognize both or neither object are ignored.

Recognition-based majority ruléThe group choice is determined by the simple majority
rule applied to these group members who can use the recognition heuristic.”

Consider that two sisters recognize both San Antonio and San Diego, and based on thei
knowledge infer that San Antonio is larger. The third sister recognizes only San Diego. Ac-
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cording to the simple majority rule, the group choice is San Antonio. The prediction, however,

of the recognition-based majority rule is that the group choice is San Diego. Thus, according to
the recognition-based majority rule, just one individual, who can use the recognition heuristic,
can overturn a majority.

The implicit assumption of guessing when no member can use the recognition heuristic
may be too strong. For this reason, we also tested the folloleixigographicmodel, where
the group first attempts to combine the inferences of those members that can use the recog-
nition heuristic, and then to combine the inferences of those members that can use knowl-
edge.

Recognition-first lexicographic modélf there are members who can use the recognition
heuristic, the group uses the recognition-based majority rule. If no members can use the recog-
nition heuristic, but there are members who can use knowledge, the group choice is determined
by the simple majority rule applied to these group members who can use knowledge.”

2.2. Modeling the impact of members who can use knowledge

We also construct two models that assume that members who can use knowledge are more
influential in the combination of inferences than members who can use the recognition heuristic.
The first model assumes that only members who recognize both objects have a say in the
combination process. The second model assumes that the members who recognize one objec
enter the combination process if there are no members who recognize both objects.

Knowledge-based majority ruléThe group choice is determined by the simple majority
rule applied to these group members who can use knowledge.”

Knowledge-first lexicographic modélf there are members who can use knowledge, the
group uses the knowledge-based majority rule. If no members can use knowledge, but there are
members who can use the recognition heuristic, the group choice is determined by the simple
majority rule applied to these group members who can use the recognition heuristic.”

In sum, in addition to a simple majority rule, we developed two restricted majority models
and two lexicographic models. None of the models has any free parameters. All models,
except the simple majority model, are nhoncompensatory and predict that just one individual
can overturn a majority. Models, however, differ in which individuals are assumed to have a
larger influence in the combination process. Before we test the models empirically, we derive
their predictions for the less-is-more effect.

2.3. When is the less-is-more effect predicted?

We first define the less-is-more effectable llists all relevant symbols. Lat be the
recognition validity that is, the probability of a correct inference given that an individual uses
the recognition heuristic, anglbe theknowledge validitythat is, the probability of a correct
inference given that the individual uses knowledge. fi@t be the accuracy as a function of
the number of objects recognized,out of the total number of object$, whena andg are
fixed—an equation that specifi§®) is provided inAppendix A The less-is-more effect is
defined as the situation in which there exisandn, so thain; < n, butf(n;) >f(n,). Thatis, less
information ) leads to higher accuracy than more informatioy).(We callprevalencep, of
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Table 1

Interpretations of symbols

Symbol Interpretation

N Number of objects in population

n Number of objects recognized by a fixed group member

a Recognition validity of fixed group member

B Knowledge validity of fixed group member

f(n) Accuracy of fixed group member recognizingbjects, using
a andp

m Number of group members

p Prevalence of less-is-more effect

g(n) (only in Appendix A Accuracy of group where each member recognizebjects

and has same andp

the less-is-more effect the proportion of paing, ;) with ny # n, for which the less-is-more
effect occurs. The prevalence of the less-is-more effect varies between zero for incf@ggsing
and unity for strictly decreasinfgn).

Goldstein and Gigerenzer (200#iscuss the special casersf= N, which we call thestrong
less-is-more effect. In the strong less-is-more effect, full recognition informalipis(less
accurate than partial recognition information € N). Goldstein and Gigerenzer showed that
a necessary and sufficient condition for the strong less-is-more effect for individuals is that
the recognition validity is larger than knowledge validity. As an example, they discuss three
Parisian sisters that have to compare the populatidih-0f00 German cities. All sisters have
«a=.8 andB =.6, but they vary on the number of recognized objects: The youngest sister has
n=0, the middle sister has=50, and the eldest sister has 100. Because > g the strong
less-is-more effect is predicted: for the middle sisté50))=.68, while for the eldest sister
f(100) =.60. Accuracy fox = .8 andB = .6, interpolated for alh, is graphed offrig. 1

80

MiddleTriplet
75 _- [ 2 < ~o
7 ~
7’ s N Y
70 ’ Middle Sister \
7/ \

Eldest
Triplet

65

60 ’ Eldest

Individuals Sister

- == Groups

Percentage of Correct Inferences (%)

55

Youngest Sister / Triplet
50 g pl

0 50 100
Number of Objects Recognized (n)

Fig. 1. Predicted accuracy of Parisian sisters and of Parisian triplets that use the simple majority rule, as a functior
of the number of cities recognizeul, All sisters haver = .8 andg =.6 and all sisters in a triplet have the same
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The prevalence of the less-is-more effect for individuals depends omaotts. Foro =.8
andg = .6, enumeration of all possible cases yigids1/3. InAppendix A we formally show
thatp increases ag increases op decreases and thpt0 if « < 8 as long as it is assumed
thato andp are larger than 1/2.

Fig. 1 also includes the curve of accuracy foiplets of girls when their inferences are
combined according to the simple majority rule. All three girls in a triplet hawe8 and
B=.6 and equah, that is, triplets ardvomogeneouOn the other hand) varies from 0 to
100 across triplets. It is also assumed that the recognition and inference processes of any
girl areindependendf these processes for her sisters. That is, whether one girl recognizes
a city or not does not influence whether her sisters recognize this city, and which one of
two cities one girl infers to be larger does not influence which one of the cities her sisters
infer to be larger. Assume that=0 for the triplet of the three youngest girls=50 for the
triplet of the three middle girls, aral= 100 for the triplet of the three eldest girls. The middle
triplet again outperforms the eldest triplet. The effect is also more pronounced compared
to the individual case in the sense that the difference in accuracy is larger, ten percentage
points versus eight percentage points. The prevalence of the less-is-more effect again equals
1/3.

Fig. 2 shows the curves of accuracy for the same triplets of girls when their inferences
are combined according to the restricted majority and to the lexicographic models. Note that
for n=0 the predictions of all models coincide because no city is recognized by any sister
and the group guesses. For 100, the predictions of the two lexicographic models and the
knowledge-based majority rule coincide because all cities are recognized by all sisters and the
group uses the simple majority rule.

The curve of the recognition-based majority rule is concave and symmetric akboeba
and thus the strong less-is-more effect is predicted. The prevalence of the less-is-more effect

80 Recogniti&ﬁrst
2 s
o 75 S,
3 Recognition based N
c | S, N
s | e "\
(o}
£ 70 / ., .
g T '\
5 65 Knowledge first ™., >
c 4 e i
5 o
S 60 -~
£ PR
5 ~ \
o -~
o 55 _ -
o - Knowledge based
-
—
50 =
0 50 100

Number of Objects Recognized (n)

Fig. 2. Predicted accuracy of Parisian triplets that use the recognition-based and knowledge-based majority rules,
as well as the recognition-first and knowledge-first lexicographic models, as a function of the number of cities
recognizedn. All sisters havexr =.8 andg =.6 and all sisters in a triplet have the same
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equals 50/101. If the triplet uses the knowledge-based majority rule, the situation is different.
The curve of the knowledge-based majority rule is increasing and thus the strong less-is-mor:
effectis not predicted and the less-is-more effect has zero prevalence. More generally, we prov
the following inAppendix A

Result Assume a homogeneous group where the recognition and inference processes ¢
members are independent given criterion. The following statements hold.

() If the group uses the simple majority rule, the strong less-is-more effect is predicted if
and only ifa > 8 andp equals the prevalence of the effect for one member.
(ii) If the group uses the recognition-based majority rule, the strong less-is-more effect is
predicted, angh=N/[2(N + 1)] for evenN andp= (N — 1)/(2N) for oddN.
(iii) If the group uses the knowledge-based majority rule, the strong less-is-more effect is
not predicted, ang=0.

The homogeneity and independence assumptions are not necessary for all parts of this resu
For example, the simple majority model can predict the strong less-is-more effect for heteroge:
neous groups as long as recognition validity is greater than knowledge validity for all members.
This prediction can also be derived if independence is replaced with the weaker assumptior
that all members contribute positively to group accuracy. Note thidiasreasedN/[2(N + 1)]
and (N — 1)/(2N) tend to 1/2. That is, when there is a large enough number of objects and the
group uses the recognition-based majority rule, the less-is-more effect is predicted half of the
time—in practicep> .45 forN> 10, andp~ 1/2 for N=100.

The accuracy curves of the lexicographic modelEim 2 have more complicated shapes
and we do not have general results. We do know, however, that both models predict less-is-mor
effects, as for example the strong less-is-more effect. For the recognition-first lexicographic
model, accuracy is maximizedmat 53 and exceeds accuracynat 100 by fourteen percentage
points. For the knowledge-first lexicographic model, accuracy is maximized-88 and
exceeds accuracy at= 100 by seven percentage points.

Surprisingly, the effect isnoreprevalent when members who can use knowledge are more
influential (.64) than when members who can use recognition are more influential (.32).
This is driven by the curve of the knowledge-first model decreasing foetween 33 and
53 and the curve for the recognition-first model increasing in this range. This happens be-
cause, in that range of, it becomes increasingly more likely that a member recognizes
only one rather than two objects; s@&@pendix A for the relevant formulas. It thus be-
comes more likely that the group forms a larger recognition-based majority, and this decrease
the accuracy of the knowledge-first model and increases the accuracy of the recognition-firs
model.

3. Method

SinceGoldstein and Gigerenzer (2008und that the recognition heuristic described in-
dividual inferences well in the population comparison task, we also used this task so that we
could study how individual recognition processes interact with group decision processes. The
details are as follows.
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3.1. Participants and compensation

Ninety participants (forty-six female and forty-four male, mean age of 23.2 years) were
recruited from the Free University of Berlin, Germany. Each participant attended two approxi-
mately hour-long sessions, one week apart. A fixed amount of eighteen euros was received for
participation in both sessions, plus three euro-cents per correct inference made on the seconc
session, with a maximum compensation of 21.15 euros.

3.2. Design and procedure

In the first session, participants were first individually asked which of forty American cities
they recognized. These cities are providedafle 2 The responses allowed us to determine
the parametem anda for each individual. Specificallyy was estimated as the proportion of
correct inferences each individual would make if they used the recognition heuristic for all
these pairs of cities where only one city was recognized. For example, for an individual who
recognized San Diego but not San Antonio, the inference made for this pair of cities would
count as correct. Then, participants were asked to perform the population comparison task for
all pairs of cities that were both recognized. The paramgteas estimated as the proportion
of correct responses for these pairs.

The averages of the individual parameter estimates of the first sessiorwwer@ and
B=.65. It is not trivial that we came up with such values for there is no a-priori reason to
suppose that the situatia™ 8 ever occurs in the real world—on{goldstein and Gigerenzer
(2002)have observed this before. We then chose fifteen cities, which are italiciZedlie 2
so that the average (.81) andg (.58) of the individuals were as close as possible to .8 and
.6, respectively. We chose fifteen cities so that it would be possible to perform the population
comparison task on all possible 105 pairs, in one hour.

Atest of the less-is-more effect in groups requires groups with approximately equal average
« andg but different averaga. For this reason, the eighty-four participants who returned for
the second session were grouped into twenty-eight groups of three so that the variability of the
averagen across groups was reasonably hi§i= 9.5, while the variability in the average

Table 2

The forty cities used in the first session; italicized are the fifteen cities used in the second session

Cities

1. New York 11. San Jose 21. Portland 31. Oakland
2. Los Angeles 12indianapolis 22.0klahoma City 32.0maha

3. Chicago 13San Francisco 23. Tucson 33. Minneapolis
4. Houston 14Jacksonville 24. Las Vegas 3Miami

5. Philadelphia 15. Columbus 25. Long Beach 3Blichita

6. Phoenix 16. Austin 26. Albuquerque 36. Pittsburgh
7. San Diego 17. Milwaukee 2Kansas City 37. Arlington
8.Dallas 18.Washington 28.Fresno 38. Cincinnati

9. San Antonio 19.El Paso 29. Atlanta 39. Toledo

10. Detroit 20. Charlotte 30. Sacramento R@leigh
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o Recognition-based majority rule

B Knowledge-based majority rule

Fig. 3. Match between observed and predicted group choices for the recognition-based and the knowledge-base
rules, for each individual group, without guessing. Groups are ordered according to the match of the recognition-
based rule.

andg across groups was reasonably I&)=5.9. This procedure allowed us to identify seven
pairs of groups that had approximately equal averagead 8 but different average. Two
groups were considered having equal averagad g if these averages differed by at most
.03. This threshold was chosen as the smallest one for which slightly higher averages did no
increase the number of pairs.

Groups performed the population comparison task as follows. Members sat around a table
so that everybody could see the computer screen where all pairs of cities were presente
randomly. Groups discussed and after coming to a joint decision, one group member had tc
mark the decision on a paper—all members took turns at doing this in a clockwise fashion.
Then, the experimenter pressed the corresponding key and the next pair appeared on the scre
There was no opportunity to correct answers afterwards. There was no feedback during thi
session—or after the first session—but groups were told that three euro-cents would be pait
to each group member per correct group choice after the session was over.

4. Evaluating the models

How well do the models predict the group choices? Unless stated otherwise, for each model
we averaged, across groups, the number of cases to which the model can be applied. All grouy
together made a total of 28105 =2940 inferences. The simple majority rule can be applied
to 2798 inferences and 84% of its predictions agree with the group ch&ige8 graphs the
predictive accuracy of the two restricted majority rules. Groups are ordered according to the
predictive accuracy of the recognition-based rule and the bars indicate the percentage of cast
in which the group choice matched the prediction of the models when these were applicable
Overall, the knowledge-based majority rule can be applied to 2091 inferences and 78% of its
predictions agree with the group choices. The recognition-based majority rule can be appliec
to somewhat less choices, 1775, butits predictions agree with the observations in an impressiv
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90% of these cases. Recall tl@adldstein and Gigerenzer (200@)und that the recognition
heuristic accurately predicted individual choices in 90% of cases as well.

By construction, the lexicographic models can be applied to more choices than the restricted
majority rules—the recognition-first model can be applied to 2796 choices and the knowledge-
first model can be applied to 2709 choices. Predictive accuracy does not change much with
the order by which the group attempts to form a majority. If it is first attempted to form a
recognition-based majority, the predictions agree with observations in 84% and this drops
to 82% if it is first attempted to form a knowledge-based majority. There were no strong
differences in the ease of the items to which the five models could be applied. The average
absolute differences in population rank between the two cities of a pair ranged from 5.1 t0 5.7
and did not strongly deviate from the average difference of 5.3 for all possible pairs.

If the models are applied to all choices, that is, if guessing is included, choices are de-
scribed best by the simple majority model (82%) and by the recognition-first (83%) and the
knowledge-first (81%) models, followed by the recognition-based (74%) and the knowledge-
based rules (70%), which have to guess more often. These predictions overall suggest that some
type of majority rule describes well how groups combine individual inferences. The question
then becomewhichmembers participate in the formation of the majority: those that use the
recognition heuristic, those that use knowledge, or both?

Overall, the data was described well by the simple majority rule which resolves ties by
guessing and assumes that the group members form their individual inferences as described by
Goldstein and Gigerenzer (200But, more specifically, the predictive accuracy of the simple
majority model is better when majority consists of members that can use the recognition
heuristic rather than knowledge. Group choices deviated much more often from the simple
majority rule when the majority consisted of members who could use knowledge than when
the majority consisted of members who could use the recognition heuristic. Note that these
cases are exclusive. Agreement with the majority rule was in 77% of the 1051 choices in which
the majority was formed by members who could use their knowledge, and in 96% of the 1379
choices in which the majority was formed by members who could use the recognition heuristic.
This behavior is functional since groups were more accurate when the majority consisted of
members that could use the recognition heuristic (.85) than when the majority had to base their
inference on knowledge (.63).

The above constitute indirect evidence for the following cldinis the members that use
the recognition heuristic that are more influential in the process of combining judgments
By analyzing some special cases, we found more direct evidence for this claim—in most of
the cases where recognition-based criteria are in conflict with knowledge-based criteria, the
recognition-based criteria seem to be preferred by groups.

4.1. Do members who can use recognition heuristic have more impact?

In order to evaluate this claim more directly, we additionally analyzed those cases in which
boththe recognition-based and the knowledge-based models could be applied. For example,
both models are applicable when there is one member recognizing both, one member recogniz-
ing one, and one member recognizing zero cities. Overall, there are 1023 such cases. In 85%
of those cases the two models made identical predictions—this happens, for example, when
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member(s) who can use knowledge and member(s) who can use the recognition heuristic mak
the same inference. In these cases the percentage of correct predictions is very high, 94% c
the average.

What happens in the 15% of cases for which the two models make contrasting predictions®
These 154 cases may be of one of three different types: (a) two members can use their know
edge and one member can use the recognition heuristic—34 cases; (b) one member can u
knowledge and two members can use the recognition heuristic—75 cases; and (c) one memb
can use knowledge, one member can use recognition, and one member has to guess—45 cas
We had a closer look on each of these three types of situations.

4.1.1. Two members can use knowledge

Consider the situation where two members recognize both cities and infer that a certain city is
larger while the third member recognizes the other city. Surprisingly, the single individual seems
to trumpthe majority more often than not: In 59% of these cases, the group choice matches the
inference suggested by the recognition heuristic. Note that the knowledge-based majority rule
and the knowledge-first lexicographic model, as well as the simple majority model, predict
0%. A probability-matching scheme like the proportionality rule would predict 33%. These
data are more consistent with the recognition-based majority rule and the recognition-first
lexicographic model.

We did, however, also look at these inferences that cannot be predicted by the recognition
based majority rule and the recognition-first lexicographic model. These comparisons do no
seem to be more difficult than those that could be accounted by the models: the difference
in population rank between the two cities is practically the same—on the average 4.3 for
correct predictions and 4.2 for incorrect predictions. Rather, the models fail when one of
three particular cities—Jacksonville, San Antonio, El Paso—was an alternative. Some of thes
cases might mostly reflect an inconsistency with the recognition heuristic as a description of
individual inferences, as opposed to an inconsistency with the assumptions on combining thos
inferences: The city of El Paso was recognized by the single individual but not chosen by the
group in six cases. It is plausible that El Paso is recognized as a relatively small city and thus
the individual choice is also that El Paso is the smaller city, contrary to the prediction of the
recognition heuristic.

4.1.2. Two members can use recognition heuristic

What happens whentwo members recognize only one city while the third member recognizes
both cities and infers that the city that is not recognized by the other two members is larger?
In 76% of these cases the group choice matched the suggestion of the recognition heuristic.

Thus, in agreement with the assumption that members who can use the recognition heuristi
are more influential in the combination process, itis not so likely that an individual who can use
knowledge overturns a majority of two group members who can apply the recognition heuristic.
We, however, also took a closer look at the eighteen cases where this happened. Many of the:
cases are due to two particular groups making inferences in which two particular cities are
involved. Overall, these cases involved only five cities whereas the cases in which the groug
choice was in accordance with the recognition heuristic referred to eleven cities. Furthermore
just two cities—Fresno and Raleigh—were involved in five cases each. Consistently, nine case
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referred to just two groups and one of these groups contributed three Fresno cases and the othe
group contributed four Raleigh cases.

Inspecting the group discussions suggests that the Fresno and Raleigh cases were extraor
dinary. For example, when two members recognized Indianapolis but not Fresno, the third
member stated that “he was 99% sure that Fresno was more populous.” In other cases, ar-
guments were used instead of confidence: An individual who recognized both Raleigh and
Oklahoma City managed to convince two members who only recognized Oklahoma City by
arguing that Raleigh is a state capital and that it is in the East Coast which is densely pop-
ulated. Thus, we observed cases, in which recognition was used in a compensatory manner,
that is, in which one group member who could use knowledge overturned a majority of two
group members who could use the recognition heuristic. However, these cases were rare and
restricted to few groups that made inferences on particular cities.

4.1.3. One member can use knowledge and/or one member can use recognition

In the third type of situation where the recognition-based and knowledge-based models
make contradictory predictions, one member recognizes both cities and makes the opposite
inference from a second member who can use the recognition heuristic. Also, the third member
does not recognize any city. Here, groups chose in accordance with the recognition heuristic in
61% of the cases. We also looked for patterns underlying the 39% of cases in which the group
choice agreed with the members who could use their knowledge. However, in contrast to the
two situations described before, we did not find any systematic patterns.

What happens if two members recognize zero cities? In a similar vein, if two members did
not recognize either city while the third member recognized only one city, the group choice
matched the suggestion of the recognition heuristic in 78% of 106 cases. In 27 cases where two
members did not recognize any city and the third member recognized both cities, the match
between group choice and the choice of the third member dropped to 58%.

In sum, we found that members who can use the recognition heuristic are usually more
influential in the process of combining inferences than members who can use their knowledge.
First, when guessing was ignored, the predictive accuracy was 90% for the recognition-based
rule and 78% for the knowledge-based rule. When guessing was included, these percentages
were 74% and 70%, respectively. The differences were smaller for the lexicographic models,
butagain in favor of the recognition-first as opposed to the knowledge-first model. Note also that
the simple majority model described the data better when the majority consisted of members
who could use the recognition heuristic than when the majority consisted of members who
could use knowledge.

Second, more direct evidence comes from the finding that in the cases in which both the
recognition-based and the knowledge-based models can be applied, but make contradictory
predictions, the recognition-based model described the data better. Across 154 discriminating
cases, the group choices matched the predictions of the recognition-based majority rule almost
twice as often as those of the knowledge-based majority rule—65% versus 35%. More specif-
ically, one member who could use recognition heuristic more often than not seemed to win
over one member (61%) as well as two members (59%) who could use knowledge, while the
reverse pattern occurred less often—39% and 24%, respectively. The final piece of evidence
comes from the predictions of the less-is-more effect.
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Fig. 4. Observed and predicted group accuracies for the recognition-based and the knowledge-based rules, for ea
individual group, with guessing. Groups are ordered according to observed accuracy.

4.2. Did the less-is-more effect occur and which models capture it?

The less-is-more effect can be investigated by looking at group accuracies rather than a
group choices. Note that these two measures do not necessarily correlate perfectly. For exampl
assume that there are two choices to be made and the group makes one correct and one incorr
choice. A model that says that the group choice is the opposite from what it actually is has 0%
match rate but predicts perfectly the group accuracy of 50%.

OnFig. 4, we graph the observed group accuracies—groups are ordered in decreasing orde
of these observations. In addition, the figure shows the predictions of group accuracies accorc
ing to the restricted majority rules—for the formal details of the derivation®\gpendix A
On average, the groups made accurate decisions in 71% of all choices. The average of th
predictions of the recognition-based models matched this well, from 74% to 77%, while the
average of the predictions of the knowledge-based models was lower than observed, from 609
to 64%.

We have seven pairs of groups with approximately equal averagied 8 but different
averagen. As is indicated by the observed accuracie3able 3 in five pairs the group with
smaller averaga had higher accuracy. This is the first empirical demonstration that the less-
is-more effect occurs in groups.

How well can the models predict when the effect occurs and when it does not? Note that
the formal result we stated above does not apply because it assumes homogeneous grouj
For example, note that because homogeneity is violated, the knowledge-based rule can als
predict less-is-more effects. Thus, we use the predictions graptiéd.id. The recognition-
first lexicographic model and the recognition-based majority rule correctly predict whether the
effectoccurs or notin all seven cases. On the other hand, the knowledge-based majority rule an
the simple majority rule make six correct predictions, and the knowledge-first lexicographic
model makes five correct predictions.
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Table 3
Seven pairs of groups with approximately equal averagadg
Pair
1 2 3 4 5 6 7

Averagen

Smallern 9.0 103 113 113 9.3 107 8.0

Largern 120 120 130 123 123 120 9.7
Averageo

Smallern .79 .78 .88 72 .68 .79 a7

Largern .79 .81 .87 .70 .66 .81 .79
Averagef

Smallern .60 .64 .64 .61 .62 .58 .53

Largern .58 .62 .66 .60 .64 .60 .54
Observed accuracy

Smallern .83 .73 .78 .67 .66 .67 .56

Largern .75 .69 .75 .63 .64 .73 .66
Simple majority rule

Smallern .78 .78 .81 71 .69 72 71

Largern .73 .75 .78 .68 71 .74 .79
Recognition based

Smallern .75 .73 .76 .67 .67 .70 .75

Largern .70 71 .69 .63 .61 72 .83
Recognition first

Smallern a7 77 .81 71 .68 72 .76

Largern 74 .76 .78 .67 .66 .76 .84
Knowledge based

Smallern .64 .65 .68 .61 .59 .60 .51

Largern .61 .64 .68 .60 .66 .61 .55
Knowledge first

Smallern .70 .70 .70 .63 .64 .64 .63

Largern .62 .65 .68 .61 .67 .63 .65

Averagen, «, 8, observed accuracy, and predicted accuracies are reported for both groups and all models.

We also considered how well the models capture the magnitude of the effect or its in-
version. This is indexed by the sum of absolute values of the differences between observed
and predicted accuracies in the two groups. The recognition-first lexicographic model again
outperformed the other models, with the index equaling twelve percentage points. The index
equaled fifteen, nineteen, twenty-four, and thirty-six percentage points for the simple major-
ity, recognition-based majority, knowledge-first lexicographic, and knowledge-based majority
rule, respectively.

5. Conclusions

Goldstein and Gigerenzer (2008yestigated how individuals can use the recognition heuris-
tic and exploit the structure of the environment in order to make inferences with limited time
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and information. We pushed this approach to a more complex paradigm, that of a group of
people making a joint inference. In doing so, we developed models of how individual infer-
ences are combined, derived and tested their predictions, and predicted and tested when t
less-is-more effect occurs in groups.

What did we learn from this work? First, in analogy to Goldstein and Gigerenzer showing
that recognition is applied in a noncompensatory fashion with respect to other cues, we showe:
that—in most of the cases—recognition was applied in a noncompensatory fashion with respec
to other individuals: When both recognition-based and knowledge-based models could be
applied but made different predictions, recognition-based criteria captured the group choice ir
65% of cases. This behavior was also functional because the groups performed better when the
choices matched the prediction of the recognition heuristic. Second, we provided theoretica
analyses and empirical data that contradict the established claim in group decision-making
that groups always make better decisions when they have more informatiofReiseer and
Hoffrage (2003Jor a discussion. Overall, it appears that the recognition heuristic interacts with
group decision-making processes in a way that can again lead to the less-is-more effect, an
that this interaction can be modeled in a simple fashion, for example, by the recognition-basec
majority rule and the recognition-first lexicographic model.

Future directions of this research could investigate the processes by which a group manage
to exploit the recognition information. For example, it may be that group members who can use
the recognition heuristic when forming an individual decision are more influential in the group
decision process because they make their decision faster and are more confident. Moreove
those group members may be at an advantage because they can justify their decision by usir
a simple but strong argument—one city must be smaller because they do not even recogniz
the name of this city.

Another future direction could be to investigate tasks other than simple magnitude estima-
tions. The recognition heuristic is arecent model, butthere has already been research in domair
like sport Andersson, Ekman, & Edman, 2008 election forecastingZdrahal-Urbanek &
Vitouch, 2003.
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Appendix A

Goldstein and Gigerenzer (200Bave shown that an individual who recognize®ut
of N objects can use the recognition heuristic with probabil{ty) = 2n(N — n)/[N(N — 1)],
knowledge with probabilityk(n) =n(n— 1)/[N(N— 1)], and has to guess with probability
u(n)=(N—n)(N—n—1)/[N(N — 1)]. Thus, the following holds for individual accuracy.

700 = -+ k)8 + ) (5). )
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Prevalence of less-is-more effect for individuadssuminga, > 1/2, we show thap
increases iv and decreases #if > g and thap=0 if @ < 8.

If we let n vary continuouslyf'(n) =[(—4«+1+28)n+ (20 — 1)N+1/2— BJ/[[N(N — 1)],
andf’(n) = (—4a + 1+ 28)/[N(N — 1)]. The second derivative is negative tor g anda >1/2
because-4a +1+28=(1—2x) +2(8 — «). Thus,f(n) is concave with the maximum being
achieved ah® = — [(2a — 1)N+ 1/2— B])/(—4a + 1 + 28). Becausd(n) is concavep decreases
inn". Also,n’ decreases in and decreases jfy and thusg increases i and decreases jft

If =g, the first derivative reduces ttd\( n— 1/2)(28 — 1)/[N(N — 1)], which, if > 1/2,
is positive forn< N, and thud(n) is increasing ang=0. Increasings also increasef(n) for
n>0, and thus agaip=_0.

In what follows, assume a homogeneous group with 2 members, each with accuracy
f=1f(n), where members recognize objects and make inferences independently of each other.

Proof of main result

(i) Let X be the number of individuals that make a correct infereixces a binomial
random variable with parameters and f. For the simple majority model, group
accuracy,g=g(n), is increasing inX. Thus, for fixedm, g increases a$ increases
because it is more likely that increases akincreases. It follows that the results for
the strong less-is-more effect and the prevalence of less-is-more effects for a single
individual also hold for the group.

(i) Let R be the number of individuals that can use the recognition heuristicXarlde
number of these individuals that make a correct infereRcis. a binomial random
variable with parameterm and r(n), and Xg is a binomial random variable with
parameterf® ando.

For the recognition-based majority model, whmers fixed,g is increasing in(n) since

it is more likely that there are more voters whgn) is larger and th&€ondorcet jury
theorem(Condorcet, 1785Groffman & Owen, 1986p. 94) states that the accuracy
of a majority increases with the number of voters. Note that it is assumed tHB®2.
Furthermore, the strong less-is-more effect is predicted(fgr=2n(N — n)/N(N — 1)
because it is concave and symmetricninThus, the strong less-is-more effect is
predicted. This prediction does not require .

Thus, group accuraay(n) is concave and symmetric mand, for discreta, achieves
its maximum atN/2 whenN is even and atN — 1)/2 and N+ 1)/2 whenN is odd.

It follows that, for evenN, the number of pairsng, ny) with ny £ n, for which the
less-is-more effect is predicted equa¥éq) + 2[1 +- - - + (N/2 — 1)]. This is so because
the number oh, for which the less-is-more effect is predicted whegn=N/2, equals
N/2, and this number decreases by one;aacreases or decreases by one. Computing
this sum, dividing with the total number ofi, np) pairs,N(N+ 1)/2, and simplifying
yieldsp=N/[2(N + 1)]. The derivation is similar for odi.

(iii) Similar arguments hold for the knowledge-based majority model. The difference is
that group accuracy is now increasing in the probabK{ty) that a member can use
knowledge, and(n) =n(n — 1)/[N(N — 1)] which is increasing im.

In what follows,c(m, i) symbolizes the number of ways in whictlebjects can be chosen,
without replacement, out @h objects, (!)/(m—i)! (i!)
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Group accuracy predictionset F(i) be the probability of exactlymembers being accurate
andthe group, using the simple majority model, being accurate. Based on the arguments ir
the proof of {), F(i) =c(m, i) f(n)' (1 — f(n))"~! for i > majority(m), except fori = majority(m)
whenmis even, in which casg(i) =c (m, i) f(n)'(1 — f(n))"~(1/2). Then the following holds
for the group accuracy of the simple majority model.

g(n) = > F(). )

i=majority (n),...,m

Group accuracy for the recognition-based majority model is derived similarly. The difference
is that first we need to determine the probability thatut of them members can use the
recognition heuristic and then the probability that the majority of thesembers make the
correctinference. IA(i) is the probability of exactlymembers, using the recognition heuristic,
being accuratandthe group, using the recognition-based majority model, being accurate, then
Ai) =c(r,i) & (1—a) " for i > majority(m), except foii = majority() whenr is even, in which
caseA(i)=c(r,i) o (1 — ) ~(1/2). Thus, the group accuracy of the recognition-based majority
model is given by the following.

s = Y [elm Ay @—re)"™] Y A+ @) (%) @)

i=majority(r),...,r

The same reasoning applies to the knowledge-based majority rul&wjtplaying the role
of r(n) andg playing the role ofx. If B(i) =c(k, i)8'(1 — B)*~, except foii = majority(k) when
kis even, in which casB(i) = c(k, i) g/(1— B)*~/(1/2), the following holds:

)= 3 [elm RFA— 4" S B+ (L k()" (%) @)

k=1,....,m i=majority(k),....k

The equations for the lexicographic models are derived by combining the logic of (3) and (4).
For the recognition-first model, there are two events to be considered: first, there are member
who can use the recognition heuristic—then, (3) without the guessing term applies—second
there are no such members—then, a version of (4) applies which takes into account tha
members who cannot use knowledge have to be guessing. The guessing terms for the who
group is adjusted as well since guessing now occurs only if all members guess. Thus, we hav
the following:

g)= D [elm, r()y X —r()""1 Y AG+ Y lelm k()

r=1,...m i=majority(r),...,r k=1,....m

Y B+ g (%) | )

i=majority(k),...,k

The same reasoning applies to the knowledge-first modelkfrjplaying the role of (n)
andg playing the role ofx.

un) = Y Leln, kO QL —k@)"™1 Y BO+ Y lelm, r(n)

k=1,...m i=majority(k),....k r=1,...m
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xu()"] Y AG) +u)” (%) (6)

i=majority(),...,r

Egs.(2)—(6) were used to generate the idealized curveBiin 2 The predictions of the
models for the empirical data were generated by similar equations with the obaepexhd
n for each group member—the only differences were due to the parameters varying across
members.
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