
Swiss Journal of Psychology 64 (1), 2005, 21–37

When facing a decision task, a group usually has more rel-
evant information than does each of its individual group
members, providing a potential advantage for group deci-
sion making. In this context, the claim is often made that
a group can only gain from its available expertise if group
members extensively pool their unique knowledge, and
that good group decisions hence require exhaustive infor-
mation processing. However, empirical research has
shown that groups often do not exchange all available
pieces of information during the decision process. In par-
ticular, groups are more likely to discuss information that
is already known to all group members at the outset of the
group decision process (shared information), whereas
unique information that is only held by single group mem-
bers (unshared information) is less likely to be mentioned

during discussion (Gigone & Hastie, 1997; Stasser & Ti-
tus, 1987; Wittenbaum & Stasser, 1996).

Studies on the hidden-profile effect (Stasser & Titus,
1985) indicate that such behavior is highly maladaptive
because it prevents groups from arriving at a fully in-
formed decision. The hidden-profile paradigm describes
a situation in which a group has to select one of several
alternatives. There is one alternative that has a higher sum
score (i.e., a higher difference between the number of pos-
itive and negative attributes) than any other alternative.
However, this profile is hidden to individual group mem-
bers. Specifically, the information items about the alter-
natives are distributed among the group members in a bi-
ased way such that each individual group member has
more positive (and fewer negative) pieces of information
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on another alternative. In such a situation, groups only
rarely detect the hidden profile, that is, select the alterna-
tive with the highest score (for an overview, see Stasser &
Birchmeier, 2003; Wittenbaum & Stasser, 1996). 

The robust empirical finding that a lack of individual
knowledge may prevent a group from detecting a hidden
profile is often counted as strong evidence for the more
general claim that extensive information search and ex-
change is a prerequisite for good group decisions. This
claim rests on the intuitive assumption that group deci-
sions could not be affected by the distribution of infor-
mation among the group members if they always ex-
changed and integrated all pieces of information that are
known by at least one group member. In line with this rea-
soning, recent research has focused on variables that mod-
erate the sampling advantage of shared information and
on interventions that may stimulate the exchange of un-
shared information. However, this research revealed that
most interventions have only marginal effects – the hid-
den-profile effect as well as the sampling advantage of
shared information seem to be very robust empirical phe-
nomena (e.g., Larson, Foster-Fishman, & Keys, 1994;
Mennecke, 1997; Stasser, Stewart, & Wittenbaum, 1995;
Stasser, Taylor, & Hanna, 1989; Stewart, Billings, & Stass-
er, 1998; for effective interventions see Hollingshead,
1996; Schittekatte & van Hiel, 1996). 

Whereas research on the hidden-profile effect has fo-
cused on factors that affect the amount of pooled infor-
mation, the question of how the available information
should be processed and integrated into a decision has been
addressed in only a small number of studies (e.g.,
Chernyshenko, Miner, Baumann, & Sniezek, 2003; Stass-
er, 1988). This is particularly surprising as it is evident that
different decision strategies can lead to different decisions.
Moreover, recent research on fast and frugal heuristics
suggests that using less information does not necessarily
lead to worse decisions. Under specific conditions these
heuristics can even outperform computationally more de-
manding strategies (Czerlinski, Gigerenzer, & Goldstein,
1999; Hoffrage & Reimer, 2004). In the present work we
apply this framework of fast and frugal heuristics as pro-
posed by Gigerenzer, Todd, and the ABC Research Group
(1999) to group decision making by simulating the per-
formance of compensatory and noncompensatory strate-
gies in various information environments. The main goal
was to see whether there are heuristics that are capable of
detecting hidden profiles without requiring exhaustive in-
formation processing. Note that this is a prescriptive ques-
tion and that our agenda is not to account for existing em-
pirical data. Given the difficulty that groups have pooling
information (e.g., Brodbeck, Kerschreiter, Mojzisch, Frey,
& Schulz-Hardt, 2002; Schulz-Hardt, Jochims, & Frey,
2002; Stasser & Titus, 1985, 1987; for a recent review, see

Stasser & Birchmeier, 2003), and the time-consuming na-
ture of communicating and processing unique information
items known only to individual group members, it may
turn out to be useful to see whether fast and frugal group
heuristics achieve a good performance with this kind of
task.

The paper is structured as follows: We first introduce
the hidden-profile effect in more detail and briefly review
the major theoretical approaches to group decision mak-
ing within this paradigm. In the following Method section
we describe the details of our simulations: We specify the
strategies that we evaluated and describe the procedure
that we used to generate the environments in which the
strategies were tested. The Results section commences
with some descriptive statistics capturing aspects of the
environments that we created. We then report how the
strategies performed. To explore the ecological rationali-
ty of the decision strategies, that is, their sensitivity to par-
ticular structures of information, we have analyzed and re-
port the results separately for environments that contained
a hidden profile and those that did not. In addition, we
have tested how the quantity and quality of shared infor-
mation affects the strategies’performance. Finally, we dis-
cuss various implications of the present work.

The Hidden-Profile Effect

Consider the following situation: A four-member person-
nel committee has to decide which of two candidates, A
or B, is better suited for a position. Each candidate is de-
scribed on several dimensions; for instance, he or she may
have special computer skills or speak a particular foreign
language. For the sake of simplicity, we are only consid-
ering those qualifications or features, henceforth called
cues, that support a candidate if they are present, and speak
against a candidate if they are absent. We denote present
qualifications with a cue value of “+1” (e.g., if a candi-
date has special computer skills), absent qualifications
with a cue value of “–1” (e.g., if a candidate lacks special
computer skills), and qualifications for which it is not
known whether a candidate possesses them with a cue val-
ue of “0”. Table 1 shows a distribution of information in
which all cue values are positive. The two columns list the
cues on which the candidates have positive cue values and
the four rows depict the knowledge of individual group
members at the outset of the group decision process. Each
group member receives information that for Candidate A,
Cues 1, 2, and 3 are present. In addition, each group mem-
ber receives one piece of information about Candidate B.
Specifically, the Members 1, 2, 3, and 4 receive informa-
tion that the Cues 4, 5, 6, and 7 are present, respectively.
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Note that the four committee members have the same
knowledge on Candidate A (shared information), where-
as their knowledge on Candidate B is unique (unshared
information).

ple, this information was distributed among members of
four-person groups in a biased way: Each individual group
member received only 2 of the 8 positive cues on Candi-
date B (but the full set of information about the 4 neutral
and the 4 negative cues) and only 1 of the 4 negative cues
on Candidate A (but the full set of information about the 4
positive and the 4 neutral cues). As a consequence, the in-
dividual group members tended to prefer Candidate A: Be-
fore discussion, only 25% of the members favored B; af-
ter discussion, 24% of the groups chose B. Conversely,
when each group member received all pieces of informa-
tion, that is, when the candidate with the highest sum score
was not hidden, 67% of the members favored B before dis-
cussion and 83% of the groups chose B after discussion.

Explanations for the Hidden-Profile
Effect

In the literature on the hidden-profile effect, two main ex-
planations have been proposed that may help us under-
stand why shared information might have a stronger im-
pact on a group’s decision than unshared information.
These explanations are in accordance with the distinction
between social communication and social combination
processes (Baron, Kerr, & Miller, 1992). The social com-
munication approach studies how group decisions are af-
fected by the exchange of information and by features of
group discussion. This approach explains the hidden-pro-
file effect by the sampling advantage of shared informa-
tion (Stasser & Titus, 1985): Because at the outset of the
group decision process, each individual group member
knows more information items that are in favor of Candi-
date A than in favor of Candidate B (see Table 1), the in-
formation on Candidate A is also more likely to be com-
municated during discussion. The group fails to integrate
the unique information on Candidate B and thus will not
detect the hidden profile.
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Assume that the group members will share all of their
knowledge or, alternatively, tell it to a fifth, imaginary
group member, henceforth referred to as the omniscient
member. This omniscient group member would have
knowledge about the presence of three positively valued
cues describing Candidate A and four positively valued
cues describing Candidate B. 

In the example shown in Table 1, it is hidden to each
group member that Candidate B has the highest overall
sum score. If group members form an individual decision
on the basis of their individual knowledge by computing
the sum score for each candidate (i.e., by applying a unit
weight linear model that gives an equal weight to each
cue), each individual member will prefer Candidate A,
whereas the omniscient group member would prefer Can-
didate B. In the present paper we adopt the standard that
has been established in the literature on the hidden-pro-
file effect; namely, we consider the candidate with the
highest sum score to be the best one (see Footnote 1 in
Stasser & Titus, 1985; also see Reimer & Hoffrage, 2003).
In other words, the decision of an omniscient group mem-
ber applying a unit weight linear model serves as the gold
standard and provides the best solution by definition.

Empirical studies have repeatedly shown that groups on-
ly rarely identify the alternative with the highest score if
its profile is hidden. For example, in their classic study,
Stasser and Titus (1985) used a three-alternative task in
which each alternative was described on 16 cues. The can-
didate with the best profile was Candidate B, who was de-
scribed by 8 positive, 4 neutral, and 4 negative cues. Both
Candidate A and Candidate C were described by 4 posi-
tive, 8 neutral, and 4 negative cues. Thus, unlike in our ex-
ample, which used only positive cues (i.e., those that are in
favor of the candidate if present), Stasser and Titus also in-
cluded neutral and negative cues. As in our simple exam-

Table 1
A Hidden Profile Created by a Distribution of Information on Seven Features or Cues

Group member Knowledge about Knowledge about Decision
Candidate A Candidate B

Member 1 Cues 1, 2, 3 Cue 4 Candidate A
Member 2 Cues 1, 2, 3 Cue 5 Candidate A
Member 3 Cues 1, 2, 3 Cue 6 Candidate A
Member 4 Cues 1, 2, 3 Cue 7 Candidate A
Omniscient Member Cues 1, 2, 3 Cues 4, 5, 6, 7 Candidate B

Note. Each cue speaks, if present, in favor of the particular candidate. For Candidate A, the Cues 1, 2, and 3 are present (this knowl-
edge is shared by all group members), and for Candidate B, the Cues 4, 5, 6, and 7 are present (this knowledge is unshared by group
members).
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The social combination approach conceptualizes group
decision making as a process of integrating individual de-
cisions rather than individual contributions to a discus-
sion. According to this approach, groups are unable to de-
tect a hidden profile because shared information has a
larger impact on the individual decisions (Gigone &
Hastie, 1997). In our example, there might be unanimity
at the outset of the decision process that Candidate A is
better suited for the position, and thus there might be no
need for the group to exchange any information at all, in
particular if the group’s task consists in making a joint de-
cision that does not need any justification. Once group
members have formed an individual decision, they tend to
stick to this original decision and misinterpret informa-
tion that is inconsistent with their already formed prefer-
ence (Greitemeyer & Schulz-Hardt, 2003; Reimer, 1999).

Some explanations involved combining these two ap-
proaches, which do not contradict each other, by testing
whether the effect of discussion content on a group’s de-
cision is mediated by a change of the individuals’ deci-
sions (Stasser, 1992), and whether the effect of the initial
distribution of individual decisions on the group decision
is mediated by the content of the discussion. For an ex-
tensive discussion of the interplay of these two approach-
es to group decision making in general, see Baron et al.
(1992), and in the context of the hidden-profile effect in
particular, see Stasser (1988, 1992) and Winquist and Lar-
son (1998).

All of these explanations of the hidden-profile effect –
the one offered by the social combination approach, by
the social communication approach, and those based on
an integrative model – share the assumptions that the can-
didates are evaluated one after the other (alternative-wise
processing of information), and that a compensatory de-
cision strategy is applied to determine a sum score for each
of them. We extend this line of research by applying sim-
ple, noncompensatory heuristics to this task. These heuris-
tics process information cue-wise, that is, they sequen-
tially look up cues on which they compare all candidates.
The idea that individual group members might use non-
compensatory heuristics has already been considered
(Gigone & Hastie, 1997; Kerr & Tindale, 2004; Stasser,
1988, 1992). However, to the best of our knowledge the
present paper is the first in which such heuristics are spec-
ified and systematically evaluated in the context of hid-
den-profile environments (for simple group heuristics in
other domains, see Reimer & Hoffrage, 2003, 2004;
Reimer & Katsikopoulos, 2004).

Method
We conducted a Monte Carlo study in which we simulat-
ed group decision making in different environments, that
is, with different distributions of information about can-
didates across group members. Simulations provide a
powerful tool, not only for generating new research ques-
tions but also for comparing the outcome of different de-
cision strategies across a wide range of environments (for
simulations in the domain of group decision making, see
Gigone & Hastie, 1996; Hastie & Stasser, 2000; Johnson,
Budescu, & Wallsten, 2001; Stasser, 1992). In our simu-
lations, we used a standard task that has also been used in
previous research (Davis, 1973; Stasser & Titus, 1985),
which we introduced above: A four-member personnel
committee has to decide on which of three candidates is
best suited for a position. In accordance with studies on
the hidden-profile effect, no outside criterion exists, and
the crucial question is whether the simulated group will
choose the candidate with the highest sum score. How can
this task be solved?

According to the social combination approach (Baron
et al., 1992; Davis, 1973), members first reach their deci-
sions independently before they subsequently exchange
these individual decisions and combine them into a group
decision. According to the social communication ap-
proach, in contrast, individuals do not exchange their in-
dividual decisions, but they engage in the exchange of in-
formation, which then forms the basis for a group decision.
In the following, we will first introduce decision strate-
gies that fit under the social combination approach, and
we will subsequently adapt these strategies to be used
within the social communication approach.

Decision Strategies within the Social 
Combination Approach

Social combination strategies integrate individual deci-
sions into a group decision. In the simulations reported
below, we compared the performance of the following
three strategies that can be used by individual group mem-
bers: (1) a unit weight model, (2) a simple heuristic that
eliminates candidates on the basis of randomly drawn cues
(the Minimalist heuristic), and (3) a lexicographic heuris-
tic that looks up cues according to their validity (the Take
The Best heuristic). How do these strategies operate? 

Unit weight model (UWM): This strategy computes an
overall score for each of the candidates by summing up
the cue values on all available cues, which amounts to sub-
tracting the number of negative cue values from the num-
ber of positive cue values, while ignoring the number of
unknown cue values. It then decides in favor of the can-
didate with the highest overall sum score. If an outside cri-
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terion existed, UWM would predict that the candidate with
the highest sum score has the highest criterion value. As
Dawes and Corrigan (1974) have shown for out-of-sam-
ple predictions, specifically, in cross-validation, linear
models with unit weights perform astonishingly well when
compared to more complex weighting schemes, such as
those obtained by multiple regression.1 Note that UWM
uses all available information and is compensatory in that
positive values on some cues can be compensated for by
negative values on other cues.

mains or if all cues have already been looked up, then stop
the search and proceed with the next step; otherwise search
for another cue (for other discrimination rules and a dis-
cussion of how different discrimination rules affect per-
formance of heuristics, see Hoffrage, Hertwig, & Czien-
skowski, 2003).

Decision rule: If all but one candidate are eliminated
after the search has been stopped, predict that this candi-
date is the one with the highest sum score. If there is more
than one candidate left but the search cannot be continued
because all cues have already been looked up then choose
randomly among the remaining candidates.

Take The Best (TTB): This heuristic differs from MIN
only in that the cues are not drawn randomly but in an or-
der established by their (perceived) validity. The validity
of a cue is defined as the percentage of correct inferences
in the set of pairs in which the cue discriminates (Gigeren-
zer, Hoffrage, & Kleinbölting, 1991; for other definitions
see Martignon & Hoffrage, 2002). To determine whether
an inference is correct, one needs to have an outside cri-
terion. Because we adopted the standard of the research
tradition on the hidden-profile effect, however, there was
no outside criterion in the present task. In this situation,
we used the candidates’ sum scores, that is, the sum of all
cue values, as a substitute for the outside criterion and as
a basis to compute the validity of each cue.2 The stopping
rule and the decision rule for TTB are the same as for MIN,
but the search rule now reads: Pick the most valid cue
among those that have not yet been used and look up the
cue values of all candidates who are still in the choice set. 
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Minimalist (MIN): In contrast to UWM, the heuristics
defined by Gigerenzer et al. (1999) search for information
cue-wise, that is, they compare the candidates on a given
cue. Compared with compensatory decision strategies like
UWM, these heuristics are simpler to execute because they
do not require any computation such as computing sum
scores, and they are more frugal because they stop the in-
formation search as soon as one cue that discriminates be-
tween the alternatives has been found. The simplest cue-
based heuristic is the Minimalist, which was originally
designed for pair comparison (Gigerenzer et al., 1999).
We adapted this heuristic here for the task of selecting one
of three candidates.

Heuristics can be defined by their building blocks,
which precisely describe how information is searched for
(the search rule), when the information search is stopped
(the stopping rule), and how the information is integrated
into a decision (the decision rule). MIN consists of the fol-
lowing building blocks:

Search rule: Draw a cue randomly – among those that
have not yet been used – and look up the cue values of all
candidates who are still in the choice set.

Stopping rule: Eliminate all candidates who have a low-
er value than the candidate with the maximum value. Un-
known cue values are treated as a third category; that is,
two candidates with the values “1” and “0” as well as an-
other two with the values “–1” and “0,” respectively, are
assumed to be discriminated. If only one candidate re-

1 Dawes and Corrigan (1974) also included a weighted addi-
tive model (WADD) in their analyses. As in linear regres-
sion, WADD weights each cue by its predictive power (or by
its validity, respectively; see Reimer & Hoffrage, 2004). In
Dawes and Corrigan’s analyses, an outside criterion existed
and it therefore made sense to compare different weighting
schemes.

In the present case, however, in which UWM serves as the
gold standard, no other weighting scheme can outperform
UWM (at least in a situation with full knowledge about all
cue values). For this reason we did not include a weighted
additive strategy in our simulations (in Reimer and Hoffrage,
2004, we introduced an outside criterion and included a lin-
ear model that weighted cues by their validity; for an exper-
imental study considering different weighting schemes, see
Gigone & Hastie, 1997).

These decision strategies (UWM, MIN, and TTB) are
designed for individuals and thus may be used by the group
members to form individual decisions that are based on
their individual knowledge. Then, the question arises:
How can these individual decisions be integrated into a
joint group decision? Research on the social decision
scheme approach (Baron et al., 1992; Davis, 1973; Hinsz,
Tindale, & Vollrath, 1997; Kerr & Tindale, 2004; Laugh-
lin & Ellis, 1986) has consistently shown that groups adapt

2 Validity was computed across all possible comparisons with-
in each environment, that is, within each triplet of candi-
dates. Hence, the validities could be either 1 (if the cue val-
ues for the candidate with the highest, second highest, and
lowest sum score were either 1, 1, 0, respectively, or 1, 0, 0,
respectively), .5 (if the values were either 0, 1, 0, or 1, 0, 1),
or 0 (if the values were either 0, 0, 1, or 0, 1, 1). The rank
ordering of cues was known to all simulated group members,
irrespective of the cue values that they had available. In oth-
er words, we assumed that there was agreement among the
group members on what the good, neutral, and misleading
cues were, and that group members’cue orderings were con-
sistent with the true state of affairs in each of the task envi-
ronments.
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their social combination rule according to the task at hand.
In general, if a task has a correct solution (intellective task)
that is known by at least one group member who is able
to demonstrate its correctness (Laughlin & Ellis, 1986),
then the likelihood is high that this group member’s pref-
erence will dominate the group decision (truth wins
scheme). In contrast, if a task has no demonstrably cor-
rect solution (judgmental task), groups are more likely to
apply a voting rule (majority scheme; see Davis, 1992, for
an overview; also see Adamowicz et al., 2004; Reimer &
Katsikopoulos, 2004; Tindale, Smith, Thomas, & Filkins,
1996). 

The current task consists of choosing a candidate for a
job position. This task can be described as a judgmental
task that has no demonstrably correct solution because
there is no objective outside criterion. For this reason, the
use of the majority rule seems to be most likely (see Gigone
& Hastie, 1997, for a related argument). The simulated
groups thus used the following combination rule:

Majority rule (Maj): Decide in favor of the candidate
who receives the majority or plurality of votes from the
individual group members. If there is a tie with respect to
the number of votes then adopt the decision of one ran-
domly chosen group member (majority, plurality other-
wise, proportionality otherwise, henceforth denoted as
majority or Maj).

We simulated individuals (Ind) who used the UWM,
MIN, or TTB (henceforth, Ind-UWM, Ind-MIN, and Ind-
TTB, respectively). The simulated groups were homoge-
neous with respect to the strategy applied, that is, all group
members used the same strategy to arrive at their individ-
ual decisions. These decisions were then integrated into a
group decision on the basis of the majority rule (Maj-
UWM, Maj-MIN, and Maj-TTB).

Decision Strategies within the Social 
Communication Approach

An alternative way for a group to reach a joint decision is
to exchange information and to generate a decision on the
basis of the cue values that have been exchanged during
the group discussion. This does not require group mem-
bers to form initial individual decisions, even though such
decisions may exist and the probability that group mem-
bers will communicate a particular cue value may depend
on their individual decisions (Gigone & Hastie, 1997;
Winquist & Larson, 1998). One reasonable way to imple-
ment decision strategies based on the social communica-
tion approach consists in simulating groups that behave
like an individual who has access to all of the information
that was mentioned in the discussion. Such a decision
strategy would require a sampling rule that specifies what
information is communicated during the group discussion,

and a decision rule that specifies how this information is
integrated into a group decision. Both kinds of rules can
be adapted from the strategies used by individuals.

Com-UWM: According to this strategy, each group
member communicates all available pieces of information
on a particular candidate, and the group subsequently sums
up all of these cue values. The same procedure is repeat-
ed for the other candidates, and the group finally selects
the candidate with the highest sum score. Thus, Com-
UWM always yields the same decision as the omniscient
group member using UWM (Omni-UWM) and will thus
also always detect a hidden profile. According to the liter-
ature on the hidden-profile effect, this decision strategy can
be seen as an ideal that guarantees that a group integrates
all available pieces of information. If groups applied this
decision strategy their decisions would not be affected by
the distribution of information among their members.

Com-MIN: This strategy assumes that one group mem-
ber draws the group’s attention to one cue on which this
member has at least some knowledge. The group then com-
pares the candidates on this cue by pooling all available
cue values. More precisely, Com-MIN may be described
by the following building blocks:

Search rule: Draw a group member randomly. This
group member randomly draws one cue from among those
that have not yet been used and on which this group mem-
ber has information about at least one candidate. The group
then looks up and exchanges the cue values of all candi-
dates who are still in the choice set.

Stopping rule: Eliminate all candidates who have a low-
er value than the candidate with the maximum value. If
only one candidate remains or if all cues have been looked
up already, then stop the search and proceed with the next
step; otherwise search for another cue. 

Decision rule: If all but one of the candidates are elim-
inated after the search has been stopped, predict that this
candidate is the one with the highest sum score. If more
than one are left but the search cannot be continued be-
cause all cues have already been looked up, then choose
randomly among the remaining candidates.

Thus, the building blocks of Com-MIN are very simi-
lar to the building blocks of Ind-MIN. The main differ-
ence is that the group first has to select a group member
who randomly chooses a cue. Consequently, only those
cues on which this group member has any information can
be chosen. According to Com-MIN, group members are
chosen randomly, which is a reasonable procedure if no
systematic differences in participation rates (due, for in-
stance, to status or expertise) are expected.

Com-TTB: This strategy proceeds like Com-MIN, ex-
cept that the group member who has been drawn randomly
will not draw a cue randomly but will pick the cue with
the highest validity among those that have not yet been
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used by the group and on which this group member has
information about at least one candidate.

Figure 1 gives an overview of the different decision
strategies and conditions that we used in our simulations.
The lowest unit in which a strategy can be applied is the
individual (Ind-UWM, Ind-MIN, and Ind-TTB). A special
case is the omniscient individual (Omni) who also can use
any of the strategies described above (Omni-UWM, Om-
ni-MIN, and Omni-TTB). This omniscient individual
knows everything that any one of the group members
knows and can be interpreted as a control condition. Us-
ing this terminology, a hidden profile can be defined as a
distribution of information in which no individual group
member who applies a unit weight model (Ind-UWM)
makes the same choice as Omni-UWM (which provides,
by definition, the correct solution). The three decision
strategies (UWM, MIN, TTB) that specify how informa-
tion across cues is processed were fully crossed with the
four units of analysis that specify how information across
group members is processed (Omni, Ind, Maj, Com).
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Figure 1. Decision strategies and conditions used in the simulations.

While Omni-UWM will choose Candidate B, each group
member that applies Ind-UWM will choose Candidate A,
thus failing to detect the hidden profile and to select the
best candidate. As a consequence, Maj-UWM, which ag-
gregates the decisions of the individual members, will al-
so fail. If a group member draws cues randomly (Ind-
MIN), there is a 1 in 4 chance (i.e., 25%) that this member
will decide for Candidate B. If these individual decisions,
achieved by Ind-MIN, are integrated into a group decision
by using a majority rule (Maj-MIN) the chances that the
group will choose the best candidate are higher than for
Maj-UWM but still worse than chance. Chances that Om-
ni-MIN will choose Candidate B are 4 out of 7 (i.e., 57%).
How does Com-MIN perform? Com-MIN first chooses a
group member randomly who then draws a cue random-
ly. In our example, the chances that Com-MIN will choose
Candidate B are 1 out of 4 (i.e., 25%), and thus Com-MIN
yields the same performance as Ind-MIN. If the individ-
uals have reliable knowledge about cue validities (Ind-
TTB, Maj-TTB, and Com-TTB) groups will always de-
cide in favor of Candidate B. This is because the cues that
describe Candidate B have a validity of 1, whereas those

Compensatory decision strategy

UWM The unit weight linear model sums up cue values of each alternative and 
chooses the alternative with the highest sum score.

Noncompensatory heuristics

MIN The Minimalist draws cues randomly. Alternatives that do not have the highest
observed cue value are eliminated. Information search stops as soon as one
alternative remains.

TTB Take The Best is a lexicographic heuristic that differs from MIN only in that it
draws cues according to an order established by their validity.

Conditions and units of analysis

Omni Control condition, in which decisions are made by an individual that has access
to all available information at the outset – the omniscient group member.

Ind Decisions made by the individual group members.

Maj Group decisions based on a majority/plurality/proportionality rule – social
combination approach.

Com Group decisions based on information that is exchanged during
discussion – social communication approach.

Which candidates will the various strategies select in
the example of a hidden profile introduced in Table 1?
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that describe Candidate A have a validity of 0 throughout
(see Footnote 2). In the previous example, because group
members have access to at least one valid cue that dis-
criminates within their set of information, they can always
use a valid cue.

As mentioned before, this example simplifies the envi-
ronments used in research on the hidden-profile effect, in
which groups are usually faced with more alternatives and
in particular with many more pieces of information. Nev-
ertheless, the example demonstrates two fundamental
properties of the decision strategies. First, in the majority
of cases, MIN would fail to detect the hidden profile
whereas TTB would detect it. Second, if individual group
members’percentages of hidden-profile detections are be-
low chance, groups that apply the majority rule will per-
form even worse than the individual group members do
on average. In contrast, if individual group members’ per-
centages of detections are above chance, groups will ben-
efit from applying the majority rule – as we will see be-
low. This pattern fits with the general finding in research
on group decision making that the individual tendency to
be correct or wrong is accentuated by the majority rule
(see Hinsz et al., 1997; Reimer, Bornstein, & Opwis, 2005;
Reimer & Katsikopoulos, 2004; Sorkin, Hays, & West,
2001).

Generation of Environments

We now turn to the procedure we used to generate the en-
vironments in which the strategies described above were
tested. There are at least two ways to produce hidden-pro-
file environments. First, using the principle underlying
hidden profiles one can systematically create environ-
ments with various numbers of cues, alternatives, and
group members (e.g., Stasser et al., 1989; for a simple ex-
ample, see our Table 1). Second, for a given number of
cues, alternatives, and group members, the cue values de-
scribing the candidates can be randomly determined and
randomly distributed among group members. From this
set one can subsequently select all those environments
containing hidden profiles. While previous research usu-
ally created hidden profiles systematically, we selected
them from randomly generated samples of environments
in which group members received different quantities of
cue values. This enabled us not only to compare the per-
formance of the strategies in environments with and with-
out a hidden profile, thus testing their robustness across
different information environments, but also to explore the
effect of the quantity of shared cue values, which is as-
sumed to be the most crucial factor with respect to group
performance in hidden-profile environments (e.g., Wit-
tenbaum & Stasser, 1996). 

Specifically, we created environments in which three

candidates were described on 20 dichotomous cues. To
have a reasonable number of hidden-profile environments,
we generated 300,000 distributions of information by ran-
domly assigning each of the three candidates a positive or
a negative value on each of the 20 cues, which amounts to
260 possibilities.

Distribution of Information among 
Group Members

Next, the 60 cue values of each environment were dis-
tributed among the four group members. Thereby, the
amount of shared information was systematically varied,
with the constraints that the group as a whole always had
access to all available information; that is, each cue value
was known to at least one group member. In the most ex-
treme case, in which group members shared no single cue
value, each member received 15 (25%) of the 60 cue val-
ues. This number was systematically increased in 10 steps
by adding 5 cue values per step, yielding conditions in
which each member had information about 20, 25, 30, …,
60 cue values. Unknown cue values were coded as a “0”;
that is, when UWM was applied these values were irrele-
vant, and when MIN or TTB were applied these values led
to discrimination if they were compared with a positive or
a negative value.

In the conditions in which none of the group members
were “omniscient,” the 60 pieces of information were first
randomly distributed among the four group members un-
der the restriction that group members were not allowed
to receive more pieces of information than specified in the
respective conditions. This step guaranteed that every cue
value was known by at least one group member. Then,
each simulated group member filled up her set by ran-
domly choosing additional cue values she did not already
possess, except for the condition in which each individual
received only 15 pieces of information. Overall, there were
30,000 distributions of information on each percentage of
shared information.

When comparing the hidden-profile environment dis-
played in Table 1 with those that can result from random-
ly filling in a matrix of 3 candidates by 20 cues and dis-
tributing this information among group members, one can
become aware of a distinction that has so far been over-
looked in research on hidden profiles. In the example giv-
en in Table 1, the group knows that Candidate A has pos-
itive values on Cues 1–3, and Candidate B has positive
values on Cues 4–7. However, the group has no knowledge
about Candidate B’s values on Cues 1–3 and on Candidate
A’s values on Cues 4–7. As a consequence, group mem-
bers share a cue only if they also share a cue value. This is
not the case in our simulations. Imagine, for instance, that
Member 1 knows Candidate A has a positive value on Cue
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18 but has no information about the value of Candidate B
on this cue. Further imagine the opposite is true for Mem-
ber 2, who knows B’s value on Cue 18, but not that of A.
Thus, unlike in Table 1, in our simulations cues can be
shared even if the values on those cues are unshared.3
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Results

Before we turn to the question of how the strategies per-
formed depending on the distribution of information, we
will have a closer look at those distributions. 

Characteristics of Environments

How many members of our simulated groups had access
to a cue value (shared cue values) and to a cue (shared cue)
averaged across all environments that we generated? As
can be seen in Figure 2, the average number of shared cue
values is a linear function of the number of cue values each
group member had access to (see the straight line). The
more cue values each individual received, the more group
members, on average, shared information on a particular
cue value. For example, if each group member had access
to 50% of the cue values, each value was, on average,
shared by two group members. The broken line in Figure
2 shows the average number of group members who shared
a particular cue. As can be seen, sometimes group mem-
bers shared a cue without sharing a particular value on that
cue: Even in the condition in which each of the four group
members had only 15 cue values and thus all cue values
were unshared, each cue was, on average, shared by at
least two group members.

3 Usually only the overall amount of shared and unshared in-
formation is reported in research on the hidden-profile ef-
fect, without mention of whether the unshared information
is based on identical or on different cues. However, that the
choice alternatives are described by exclusive sets of cues
can sometimes be derived from the descriptions of the ma-
terials, e.g., on how the cues were selected with regard to
their valence. Moreover, in his simulation of the DISCUSS
model, Stasser (1992) appended a matrix giving detailed in-
formation about the distribution on the level of single items.
This matrix was also used in a prior, classic experiment on
the hidden-profile effect conducted by Stasser and Titus
(1985). As can be seen in this matrix, the alternatives were
described by different sets of cues. In their studies on group
decision making, Gigone and Hastie (1997) used cues on
which group members knew values on different objects.
However, in these studies, group members always had ac-
cess to all available cue values if they knew a cue, so that
group members again shared a cue if they shared cue values. 

Does the likelihood that an environment will contain a
hidden profile depend on these features? Overall, 456 (of
the 300,000) distributions had a hidden profile. As Figure
3 shows, the likelihood of a hidden profile is an inverse
U-shaped function of the number of shared cue values. In
particular, the likelihood of a hidden profile is highest if
group members have access to half of the available infor-
mation. Then, each cue value is, on average, shared by two
group members. If all cue values are shared, a hidden pro-
file cannot occur by definition, and if all cue values are
unshared a hidden profile is also very unlikely to occur. 

Figure 2. Number of group members who shared information on
a specific cue value (shared cue value) and who shared a cue by
knowing at least one value of this cue (shared cue).

Figure 3. Absolute frequency of hidden-profile environments as
a function of the number of cue values known by each group
member in a set of 300,000 randomly generated distributions.

Simulation 1: How Often Do the Decision
Strategies Detect Hidden Profiles?

In the first simulation, we selected from the total set of
distributions of information those cases that contained a
hidden profile. By definition, in hidden-profile environ-
ments, the percentage of correct choices made by Omni-
UWM amounts to 100%, and that achieved by Ind-UWM
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did not have perfect knowledge about all cue values chose
the best candidate in 83.2% of the cases. Because the in-
dividuals detected hidden profiles more often than ex-
pected by chance, the majority rule (Maj-TTB) enhanced
the performance of Ind-TTB, specifically, by another sev-
en percentage points. Once again, Com-TTB reached the
same performance as Omni-TTB.

Are these results affected by the number of shared cue
values? In Table 3, the nine classes of the number of shared
cue values in which a hidden profile could occur were split
into three categories of high, medium, and low quantities
of shared cue values. Because performance of UWM is al-
ways the same in the case of a hidden profile (100% ac-
curacy of Omni- and Com-UWM, and 0% accuracy of Ind-
and Maj-UWM), results are only reported for MIN and
TTB. If cues are chosen randomly, the number of shared
cue values has almost no effect on performance, except in
the condition Com-MIN, in which the accuracy is some-
what lower when group members know a high percentage
of cue values (36%) than when they know a medium (44%)
or low (42%) percentage.
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and Maj-UWM is zero. But what about the other strate-
gies? First, as Table 2 shows, the strategies differ in their
frugality, that is, in the number of cues they look up.
Whereas UWM looked up all 20 cues, the much more fru-
gal simple heuristics used, on average, a maximum of 2
cues to form a decision.

Second, the strategies also differed with respect to their
performance. For each unit of analysis, search ordered by
validity was superior to random search. Particularly, if the
omniscient group member chose cues randomly (Omni-
MIN), the percentage of correct choices was somewhat
below 50%. For the individual group members who
searched for cues randomly (Ind-MIN), performance was
even slightly below chance level (33.3%), which was al-
so the case if they subsequently integrated their decisions
on the basis of a majority rule (Maj-MIN). In contrast, the
communication-based Minimalist (Com-MIN) was much
more likely to detect the best candidate even though that
candidate’s profile was hidden – the performance of this
strategy was only five percentage points below that of Om-
ni-MIN. In this situation, in which cues are very likely to
be shared by more than two group members (see Figure
2), Com-MIN allows group members to make use of most
of the available cue values, even if most values are un-
shared.

If an individual had access to all available cue values
and looked up the cues according to their validity (Omni-
TTB), the hidden profiles were almost always detected.
Individuals who adopted this search rule (Ind-TTB) but

Table 2
The Decision Strategies’ Frugality and Performance in Hidden-
Profile Environments, Averaged across Different Amounts of
Shared Cue Values

Unit of analysis
Individual Group

Decision strategy Omni Ind Maj Com

Frugality
UWM 20 20 20 20
MIN 2.3 1.9 1.9 2.2
TTB 1.6 1.7 1.7 1.9

Performance (in %) in 
hidden-profile environments

UWM 100 0 0 100
MIN 47.1 32.0 30.5 42.1
TTB 99.8 83.2 89.9 99.8

Note. Omni: omniscient individual; Ind: individual group mem-
ber; Maj: majority rule; Com: communication-based strategy;
UWM: unit weight model; MIN: Minimalist heuristic; TTB:
Take The Best heuristic; Frugality: average number of cues
looked up (maximum is 20); Performance: percentage of envi-
ronments in which the best candidate was chosen by the strate-
gy from those environments that contained a hidden profile.

As seen above, Com-TTB almost always detects the
hidden profiles. Conversely, Ind-TTB performs somewhat
worse if group members have little information available
because this enhances the likelihood that an individual will
have no information on a valid cue at all and therefore has
to decide on the basis of less valid cues. However, because
the individuals find the best candidate in at least 80% of
the cases, a percentage far above chance, integrating the
individual decisions by a majority rule further enhances
the number of hidden-profile detections (89%).

The results of the first simulation can be summarized
as follows: Even a simple, frugal communication-based
heuristic that randomly draws cues (Com-MIN) chose the
best candidate in 42% of cases. Interestingly, in these hid-
den-profile environments, in which the distribution of in-
formation is biased such that most information held by the
individual group members does not point to the best can-
didate, accuracy is somewhat lower if each group mem-
ber knows a high proportion of cue values. Moreover, if
the simulated groups have knowledge about the order of
cue validities (TTB), the correct choice is made in the vast
majority of cases.

Simulation 2: Is Performance across 
All Randomly Generated Environments
Affected by the Quantity of Shared
Information? 

The second and third simulations were based on represen-
tative samples of the generated environments, regardless
of whether they contained a hidden profile. The purpose
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of these simulations was to see whether the simple heuris-
tics’ performance can be generalized to environments that
are not restricted to hidden profiles (Simulation 2), and to
test to what extent performance is affected by the quality
of shared information (Simulation 3). The only constraint
was that Omni-UWM had to yield an unequivocal decision
throughout; that is, we excluded distributions in which the
two or three best candidates had the same sum score. From
this set, we randomly selected 1,000 environments for each
of the 10 quantities of shared cue values.

Table 4 shows how often the strategies made the cor-
rect choice depending on the different percentages of cue
values the group members had available. More specifi-
cally, the table shows the percentage of correct choices (a)
when each group member had access to all information
(60 cue values; 100%); (b) when each group member had
access to half of the information (30 cue values; 50%); (c)
when all information was unshared (15 cue values per

group member; 25%); and (d) across all nine cases in
which group members only had access to a partial set of
information (15–55 cue values; 25–92%). Because the
conditions Omni and Ind are identical when individuals
have access to all available pieces of information and be-
cause the performance of the strategies in the Omni con-
dition does not depend on the quantity of shared cue val-
ues, the results in the Omni condition are not shown in the
table.
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Table 3
Average Performance (in %) of the Strategies, Separately for Low, Medium, and High Amounts of Shared Cue Values

Unit of analysis 
Individual Group

Decision strategy Number of members’ cue values Omni Ind Maj Com

MIN High (45, 50, 55) 45.3 33.5 28.3 35.8
Medium (30, 35, 40) 45.8 31.3 30.4 43.8
Low (15, 20, 25) 49.7 32.7 31.3 41.7

TTB High (45, 50, 55) 100 87.7 96.2 100
Medium (30, 35, 40) 99.6 84.4 89.2 99.6
Low (15, 20, 25) 100 80.1 89.0 100

Note. Omni: omniscient individual; Ind: individual group member; Maj: majority rule; Com: communication-based strategy; MIN:
Minimalist heuristic; TTB: Take The Best heuristic.

Table 4
Average Performance (in %) of the Strategies in a Representative Sample of Environments, According to Quantity of Shared Infor-
mation

Unit of analysis

Decision strategy Number (and percentage)
of members’ cue values Ind Maj Com

UWM 60 (100%) 100 100 100
15-55 (25-92%) 73.2 84.3 100
30 (50%) 68.4 80.4 100
15 (25%) 55.4 74.0 100

MIN 60 (100%) 51.0 59.4 53.8
15-55 (25-92%) 44.1 49.8 50.0
30 (50%) 43.1 48.0 53.2
15 (25%) 41.4 45.7 51.2

TTB 60 (100%) 100 100 99.8
15-55 (25-92%) 85.5 92.7 99.4
30 (50%) 81.9 89.0 99.7
15 (25%) 79.3 89.2 98.7

Note. Ind: individual group member; Maj: majority rule; Com: communication-based strategy; UWM: unit weight model; MIN: Min-
imalist heuristic; TTB: Take The Best heuristic.

As is evident from Table 4, the more cue values group
members have available, the better the performances of
the strategies tend to be. This holds both for the average
individual (Ind), as well as for the group as the unit of
analysis (Maj). However, the effect of quantity of infor-
mation is different for the different strategies. There were
pronounced differences with respect to performance if
UWM is used. The largest differences between the 60-cue-
value condition and the 15-cue-value condition are 45%
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Omni-condition. To see what happens if this match is sys-
tematically distorted, we ran another set of simulations, in
which cue values were distributed in a biased way such
that the values either on the 10 most valid or on the 10
least valid cues had a higher chance of being shared. Our
intuition was that the effect of the quality of the shared in-
formation should be even more pronounced than that of
the quantity of shared cues and cue values (see Reimer &
Hoffrage, 2003).

In Simulation 3, the available cue values were first ran-
domly distributed among group members as before. Then,
each group member filled up her set of known cue values
to 50% by randomly choosing additional values, from the
set of either the 10 most or the 10 least valid cues. As can
be seen in Table 5, there was an interaction between strat-
egy and quality of information; that is, the effect of this
variation depended on the strategy. It was smallest for
TTB: The performance of Ind-TTB was only 10 percent-
age points higher if the shared information was systemat-
ically biased toward the more valid cues. This difference
was further diminished when the individual decisions were
integrated by a majority rule (Maj-TTB). Note that even
if Ind-TTB was handicapped through a systematic bias to-
ward values of the least valid cues being more prevalent
in the group, it still achieved a performance of 79%.
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and 26% for Ind-UWM and Maj-UWM, respectively. In
contrast, the performance of TTB was far less affected by
the amount of shared information. Here, the largest dif-
ferences are 21% and 11% for Ind-TTB and Maj-TTB, re-
spectively. If groups use a communication-based decision
strategy, the quantity of shared information has almost no
impact on performance, irrespective of whether cues are
drawn randomly (MIN) or according to their validities
(TTB).

Comparing the strategies’performances in the first and
the second simulation allows us to determine if there is
anything special about hidden-profile environments (see
Tables 2 and 4). In fact, the performance of UWM differs
extremely: 0% (Ind-UWM) and 0% (Maj-UWM) in hid-
den-profile environments (by definition) versus 73.2%
(Ind-UWM) and 84.3% (Maj-UWM) in a representative
sample of all randomly generated environments (see the
average across the conditions 15–55 cue values in Table
4). This huge difference is due to the hidden profile being
defined as a mismatch between Ind-UWM and Omni-
UWM.

Can such a difference also be observed for the simple
heuristics? The answer depends on whether MIN or TTB
is considered. MIN finds the best candidate in hidden-pro-
file environments (32%, 31%, and 42%, for Ind-MIN,
Maj-MIN, and Com-MIN, respectively) less often than in
a representative set of environments (44%, 50%, and 50%,
respectively). In contrast, TTB is barely affected by this
variation and instead chooses correctly in the vast major-
ity of environments, be it within the hidden-profile envi-
ronments (Table 2) or within those from the representa-
tive set (Table 4).

Simulation 3: Is Performance across 
All Randomly Generated Environments
Affected by the Quality of Shared 
Information?

In the simulations reported above, the group members’cue
validities matched, on average, the cue validities in the

Com-TTB is not much affected by this variation but
chooses correctly in almost all of the cases. This holds
even in the condition in which the least valid cues are more
often shared and group members know fewer values on
the most valid cues: As long as they have any information
on the most valid cues, performance is not impaired. The
difference with respect to performance in the MIN-con-
ditions is about 20% (30% for Maj-MIN). The variation
most strongly affects the performance of UWM: The per-
formance of Ind-UWM and Maj-UWM drops dramati-
cally if group members share more values on less valid
cues, which results in a difference of about 67 percentage
points. In line with the accentuation assumption (see
Reimer, 2001), this difference is again enhanced if the in-
dividual decisions are integrated by a majority rule. 

Table 5
The Decision Strategies’ Average Performance (in %) According to the Unit of Analysis (Ind, Maj, and Com) and whether Cue Val-
ues on the 10 Most or the 10 Least Valid Cues Had a Higher Chance of Being Shared

Ind Maj Com

Most valid cues Least valid cues Most valid cues Least valid cues Most valid cues Least valid cues
UWM 92.5 25.2 97.9 21.4 100 100
MIN 54.0 33.9 65.2 34.2 58.9 37.8
TTB 89.1 79.1 95.3 90.4 99.7 98.7

Note. Ind: individual group member; Maj: majority rule; Com: communication-based strategy; UWM: unit weight model; MIN: Min-
imalist heuristic; TTB: Take The Best heuristic.
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Discussion

Recent developments in research on individual decision
making led to a specification of several simple heuristics
that perform astonishingly well when compared to more
complex decision strategies (Gigerenzer et al., 1999). In
the present paper we adapted some of these heuristics to
group decision making within the hidden-profile paradigm
and explored the performance of these heuristics in a se-
ries of Monte-Carlo studies in which four group members
had to choose one of three candidates for a position. As a
standard of comparison we used a unit weight linear mod-
el (Stasser & Titus, 1985, 1987). In the remainder of the
paper we will summarize the main findings, discuss the
prescriptive implications of the present work, and derive
questions for further research.

Major Findings from the 
Simple Group-Heuristics Approach

How do the decision strategies perform in different envi-
ronments in which the alternative with the highest overall
sum score serves as the gold standard? First, in line with
previous research (Davis, 1973; Hinsz et al., 1997, Reimer,
2001), the simulations replicated the finding that decisions
based on the majority rule accentuate the averaged indi-
vidual decisions: If individuals’performances were above
chance, Maj-UWM performed better than Ind-UWM, and
if the individuals’ performances were below chance, Maj-
UWM performed even worse.

Does performance of the decision strategies depend on
whether there is a hidden profile in an environment? While
this was the case for Maj-UWM, the performances of MIN
and, in particular, of TTB were less strongly affected by
this variation, as revealed through a comparison between
Simulations 1 and 2.

How is the performance of the strategies affected by
the quantity of shared cues and shared cue values? When
the group used a communication-based strategy, shared
cues had a stronger impact on group decisions than un-
shared cues because each group member was more likely
to choose shared cues than unshared cues. Recall that ac-
cording to the communication-based heuristics as they
were implemented in the simulations, group members
chose from the cues for which they knew the value for at
least one candidate. As a consequence, the number of val-
ues shared on a cue was irrelevant as long as group mem-
bers had any information on a cue. In particular, the com-
munication-based heuristics performed very well across
the different environments. In at least 98% of the cases,
Com-TTB made the correct choice, even though this
heuristic is much more frugal and faster than the majori-
ty-based decision strategies, which additionally require

that group members form an individual decision first. If
individuals did not have access to all information, Com-
TTB outperformed the majority-based lexicographic
heuristics (Ind-TTB and Maj-TTB). This is because lack
of knowledge may prevent individuals from using the most
valid cues.

How is the performance of the strategies affected by
the quality of shared cues and shared cue values? Again,
the number of shared cue values did not affect TTB if group
members had any knowledge on the valid cues at all, as
revealed by Simulation 3.

Should Groups Use Simple Heuristics?

The robust empirical finding that groups fail to detect hid-
den profiles (Stasser & Titus, 1985; Wittenbaum & Stass-
er, 1996) does not necessarily imply that an exhaustive in-
formation search and exchange is a prerequisite for good
group decisions. In fact, our simulations have shown that
a communication-based lexicographic strategy provides a
powerful tool for making fast and frugal group decisions
and thus also deserves further attention from a prescriptive
point of view. This conclusion is consistent with findings
in individual decision making showing that frugal non-
compensatory heuristics yield surprisingly good perfor-
mance when compared to compensatory strategies that
combine all available information. When cross-validated,
these simple heuristics often even outperform more com-
plex strategies (Czerlinski et al., 1999; Martignon & Hof-
frage, 2002). The more complex a strategy is, the more like-
ly it is to overfit the existing data and to drop in performance
when generalized to new data. Thus, when making out-of-
sample predictions, simple heuristics perform as well as
they do not in spite of, but because of their simplicity.

Note that in the present simulations, we defined valid-
ity with respect to each environment, that is, within each
triplet of candidates, and subsequently computed the per-
formance of the strategies within this environment. This
certainly explains the good performance of TTB, because
in many cases this heuristic could rely on a cue with a va-
lidity of 1, whereas MIN had a higher chance of using a
cue with a validity of .5 or even 0. Even UWM performed
worse than TTB (see Table 4) because this strategy also
uses information on less valid cues, thereby weakening
the impact of the information on the highly valid cues.
Thus, in terms of validity, if group members have knowl-
edge about the rank order of cues, TTB might be a good
group strategy. This holds in particular if the distribution
of cue validities is highly skewed (see Reimer & Hoffrage,
2003).

The superiority of TTB is not restricted to the present
simulations. Its success was also seen in another series of
simulations in which we used an outside criterion (Reimer
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& Hoffrage, 2003). Moreover, in those simulations an en-
vironment consisted not of 3 candidates, but of 20 candi-
dates, and validity was not computed within a triplet of
candidates, but across all 1140 possible triplets that could
be generated from the set of 20 candidates. In those sim-
ulations we systematically varied the distribution of va-
lidities. We found an interaction between strategies’ per-
formance and the distribution of the cues’validities: If the
validities followed a linear distribution, UWM was the best
strategy, and if they followed a J-shaped distribution with
a few highly valid and a large majority of substantially less
valid cues, TTB was the best strategy. This demonstrates
that the prescriptive question of which strategy should be
used cannot be answered without taking the structure of
information in the task environment into account (see al-
so Simon, 1956). 

Open Questions and Future Directions

The repertoire of heuristics available to a given species at
a given point in its evolution has been called its “adaptive
toolbox” (Gigerenzer & Selten, 2001). An interesting
question is which features of the task or which environ-
mental conditions trigger which strategy an organism
might select from its toolbox to solve a particular task at
hand. The current approach considered simple group
heuristics for both the communication-based and combi-
nation-based ways a group can reach a joint decision.
When do groups use a communication-based strategy and
when do they use a combination-based one? This ques-
tion has been extensively discussed in the literature on
group decision making. In fact, several task characteris-
tics that may moderate to what extent a group’s decision
is influenced by communication have been identified (see
Hinsz et al., 1997). Yet, as Baron et al. (1992, p. 106) re-
marked, “it would be nice if one of the approaches alone
provided a complete understanding of how groups reach
their decisions but this is not the case.”

Following up on our distinction between shared cue val-
ues and shared cues, we submit that it is interesting to study
whether groups are more likely to use a communication-
based strategy if the individuals have incomplete infor-
mation. Having access to several or even all values of a
cue might enhance the likelihood that group members will
enter the group discussion with strong opinions about what
would be the correct decision, whereas group members
with little knowledge may prefer to search for more in-
formation by discussion. Thus, a communication-based
strategy may be fostered by a situation in which group
members are told or realize that they have unshared in-
formation. Somewhat counter-intuitively, telling a group
that this is the case does not enhance the likelihood that
unshared information will be pooled during discussion

(Stasser et al., 1995). However, it is not clear from this re-
search whether groups exchange more information on
shared cues or on shared cue values.

This also points to the more general question that de-
serves to be tested empirically, namely, whether shared
cues or shared cue values have a sampling advantage dur-
ing discussion. For example, if groups use one of the sim-
ple communication-based decision strategies one would
expect group members to exchange more cue values on a
shared cue than on an unshared cue because shared com-
pared to unshared cues should have a higher likelihood of
being drawn by a group (sampling advantage of shared
cues).

In addition, another aspect of the communication-based
approach is interesting from the present viewpoint of sim-
ple group heuristics. By mentioning that a candidate has
a specific cue value, a group member communicates not
only this specific cue value of the candidate but also that
this cue is worth consideration. The question then arises:
Which group members bring their information to the
group’s attention? Studies on the hidden-profile effect
have shown how (perceived) status and expertise can in-
fluence information processing. These studies revealed
that the sampling advantage of shared information can al-
so be observed in teams that consist of experts (e.g., Lar-
son, Christensen, Abbott, & Franz, 1996; Larson, Chris-
tensen, Franz, & Abbott, 1998). However, whereas
low-status group members in particular are likely to men-
tion shared information more often than unshared infor-
mation (Wittenbaum, 1998), group members who are high
in expertise are more likely to repeat unshared informa-
tion (Larson et al., 1996). Further, unshared pieces of in-
formation are also considered to be more important and
are recalled better when they are mentioned by members
who are high in status (Wittenbaum, 2000; Wittenbaum &
Stasser, 1996).

When using one of the communication-based strate-
gies, the groups in our simulations randomly picked a
member, which may be reasonable if members do not dif-
fer systematically in status, expertise, or on other dimen-
sions that may have an influence on participation in com-
munication. In real groups, however, in which such
differences exist, it is likely that high-status group mem-
bers are more influential on the selection of cues for cue-
wise comparison than low-status group members. If sta-
tus is based on – or at least correlated with – expertise, this
may help groups to identify the most valid cues and to ap-
ply a lexicographic heuristic like TTB. In contrast, if sta-
tus is not based on expertise, groups may exchange rela-
tively more information on less valid cues which, in turn,
may diminish their performance.

Are groups able to apply a lexicographic decision strat-
egy like TTB? First, recall that unlike in the environments
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used here, in research on the hidden-profile effect, alter-
natives are described by “unique cues”; that is, the group
knows the value of one alternative for each cue. Howev-
er, it may be the case that groups, like individuals (see
Burke, 1990), are more likely to apply a cue-based strat-
egy when they can compare different alternatives on the
same cues. Second, research on individual decision mak-
ing has identified conditions that foster the use of simple
heuristics. Rieskamp and Hoffrage (1999) showed that un-
der high time pressure, the best strategy for modeling
choices was TTB, whereas under low time pressure,
Weighted Pros (Huber, 1980) was best suited – in terms
of complexity, Weighted Pros can be located between TTB
and UWM. Similarly, Bröder (2000) showed that deci-
sions could best be modeled with a simple lexicographic
strategy when search for information was costly, whereas
in a condition in which information was free, a linear com-
pensatory strategy reached a higher fit. This research, to-
gether with the present simulation results, leads to the in-
teresting and counterintuitive prediction that hidden
profiles may be detected more often when information is
costly for group members.

The simulations revealed that the likelihood that an in-
formation environment contains a hidden profile is very
low if cue values are randomly assigned to the candidates
and are randomly distributed among group members – at
least for the number of candidates, cues, and group size
we have chosen. However, this does not necessarily mean
that hidden profiles are equally rare in everyday life, al-
though this is probably the case for those environments in
which the choice alternatives are described by exclusive
sets of cues. We agree with Winquist and Larson (1998)
that it would be interesting to know how often hidden pro-
files occur in natural field settings. As suggested by an
ecological approach to cognition, decision strategies of
real groups may well be adapted to the structure of infor-
mation in such settings. For instance, exchanging shared
information may simply reflect that group members agree
on what the important cues are. Moreover, in a world of
uncertainty in which some information may be wrong,
communicating shared information can serve the purpose
of validating information (Parks & Cowlin, 1996). Real-
world environments provide the ultimate test for both the
descriptive and prescriptive utility of complex strategies
such as a compensatory linear model and simple group
heuristics.
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