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A B S T R A C T

Search is a fundamental part of complex problem solving and often involves a choice between the exploration of
new ideas and the exploitation of already known solutions. While literature has mainly analyzed search behavior
of individuals working alone, we investigate search accomplished by individuals working in teams. We study the
interplay of three theoretically grounded factors that can affect the search behavior of individuals in teams: the
level of behavioral interdependence among team members, the members’ limited level of knowledge about the
problem, and the performance feedback they receive. We operationalize search behavior in terms of search
distance, which reflects the extent of exploration in problem space. Results show that high behavioral inter-
dependence reduces exploration, while limited knowledge promotes exploration. Furthermore, positive per-
formance feedback leads to reduced exploration, the more so the lower behavioral interdependence and the
more limited knowledge are. We discuss theoretical and practical implications of these results for team design.

1. Introduction

Search is a fundamental process involved in solving complex pro-
blems (Simon, 1957). It consists of seeking solutions to a problem by
choosing between exploration of new ideas and exploitation of already
known solutions. This exploration–exploitation trade-off has been ex-
tensively studied in many disciplines including management, organi-
zation, and psychology (Charnov, 1976; Hills, Todd, Lazer, Redish, &
Couzin, 2015; Kim, Song, & Nerkar, 2012; Levinthal, 1997; Levinthal &
March, 1981; March, 1991; Mehlhorn et al., 2015; Pirolli & Card,
1999). In particular, studies have investigated the search patterns of
individual problem solvers working in isolation (Billinger, Stieglitz, &
Schumacher, 2014) as well on the collective level in teams (Goldstone,
Wisdom, Roberts, & Frey, 2013; Håkonsson et al., 2016; Kostopoulos &
Bozionelos, 2011) and organizations (Baumann, 2015; Baumann,
Schmidt, & Stieglitz, 2019; Jansen, van den Bosch, & Volberda, 2006;
Levinthal & Marino, 2015; March, 1991; Puranam, Stieglitz, Osman, &
Pillutla, 2015; Siggelkow & Levinthal, 2003; Siggelkow & Rivkin, 2005;
Simon, 1991; Wall, 2016).

However, as teams of experts solving complex tasks have become
increasingly prevalent in contemporary organizations, investigating the

search behavior of individual working in teams is becoming more and
more important (Wagner, Humphrey, Meyer, & Hollenbeck, 2012; Yoon
& Kayes, 2016). The team context calls for proper studies because the
collective effort and actions characterizing individuals working in
teams tend to influence individual behavior (Håkonsson et al., 2016;
Kostopoulos & Bozionelos, 2011). We address this issue by focusing on
three features that can affect the search behavior of individuals working
in teams: (i) the level of behavioral interdependence among team
members, (ii) their limited knowledge, and (iii) the performance feed-
back they receive. We study how these three features influence the
choice between exploration of new ideas and exploitation of already
known solutions.

First, only recently literature has recognized that behavioral inter-
dependence is crucial for team dynamics and performance (Tekleab,
Karaca, Quigley, & Tsang, 2016; Wu, 2018). It is defined as the extent to
which “team members actually work together on solving a task” (Wageman,
Gardner, & Mortensen, 2012). Although teams are employed to foster
collaborative behavior, this does not guarantee that team members will
actually share knowledge and resources, be affected by others’ beha-
viors and solutions, or even pay attention to each other. Thus, the level
of behavioral interdependence, defined as the extent to which team
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members take into account other members’ choices when making their
own decisions, should be taken into account to properly analyze their
behavior. In particular, we argue that the level of behavioral inter-
dependence influences search behavior of team members. In teams with
a low level of behavioral interdependence, individuals work almost
independently of each other so their search behavior might be similar to
that of individuals working alone. When behavioral interdependence is
high, individual search patterns can be altered because of social loafing
(Karau & Williams, 1993; Latané, Williams, & Harkins, 1979; Mao,
Mason, Suri, & Watts, 2016) so that exploration might be reduced as
behavioral interdependence increases.

Second, teams are often composed of members with different areas
of expertise. In such teams, each member might have only limited
knowledge about the overall task, being able to evaluate only some as-
pects of the task and not others. Agent-based simulations have shown
that individuals who have expertise in some aspects of the task but not
in others might need to adjust their search behavior when working with
others (Carbone & Giannoccaro, 2015; De Vincenzo, Giannoccaro,
Carbone, & Grigolini, 2017; Knudsen & Srikanth, 2014). However,
empirical confirmations of how people search in these situations are
lacking. In particular, drawing on the psychological concept of un-
expected uncertainty (Mehlhorn et al., 2015), we argue that individuals
with limited knowledge tend to explore more than individuals having a
complete knowledge.

Third, a recent study on individual search demonstrated an im-
portant role of performance feedback. Positive feedback suggesting good
past performance promotes exploitative behaviors, while negative
feedback fosters exploration (Billinger et al., 2014; March, 1991). This
behavior is also shown by teams as a whole (Håkonsson et al., 2016).
We go a step further and investigate whether performance feedback
affects the search behavior of individuals working in teams in the same
way, and how this relationship is moderated by the team properties
considered. In particular, we argue that performance feedback leads to
reduced exploration, more so when behavioral interdependence is low
and limited knowledge is high.

To investigate our theoretical model (Fig. 1), we use behavioral
experiment as research methodology. In particular, since search is
crucial to solve complex problems, we adopt the behavioral experiment
proposed by Billinger et al. (2014), where the complex problem is
modelled as an NK fitness landscape. Participants search for the highest
peak on the landscape by exploring alternative positions on the space.
In the experiment search behavior is operationalized in terms of search
distance, i.e. how far individual moves from the current position on the
landscape at each step. Thus, the higher the search distance, the more
the individuals have explored (Billinger et al., 2014). In our experi-
ment, individuals work in teams characterized by different levels of
behavioral interdependence and limited knowledge. We analyze how
these factors and the performance feedback they received affect their
search distance.

The paper is organized as follows. We first develop our hypotheses.
Then, we describe the behavioral experiment, main measures, and
manipulations. Further on, we present the statistical analyses carried
out to test the hypotheses and their results. We end with discussion,
implications, and limitations of our study.

2. Theory and hypotheses

Behavioral interdependence is a team property defined as the extent
to which “team members actually work together on solving a task”
(Wageman et al., 2012). It reflects the extent to which individuals rely
on their team members and take into account their choices when
making their own decisions. Therefore, behavioral interdependence
differs from task interdependence, which is the degree to which the
interaction and coordination of team members are required (but not
necessarily implemented) to solve a task (Costa et al., 2017; Guzzo &
Shea, 1992; Langfred, 2005; Saavedra, Earley, & Van Dyne, 1993;
Wageman, 1995). It also differs from the structure of communication
network, which can enable team members to communicate more or less
frequently with each other (Derex & Boyd, 2016; Goldstone et al., 2013;
Lazer & Friedman, 2007; Mason & Watts, 2012).

The level of behavioral interdependence of a team plays a role in
members’ explorative behavior. In their collective effort model, Karau
and Williams (1993) suggested that individuals’ willingness to exert
effort in a team task depends on their expectations of the in-
strumentality of their efforts for obtaining valuable outcomes. It has
been observed that people invest less effort in performing tasks in
groups than when they do the same tasks alone. This is known as social
loafing effect (Karau & Williams, 1993; Latané et al., 1979). Relying on
others’ knowledge about the task environment can indeed provide
useful information without the need for individual exploration
(Giraldeau & Caraco, 2000; Valone, 1989). Team members might per-
ceive that they could obtain the same outcome without exploring
themselves, because they can exploit the solutions explored by the
others (Goldstone et al., 2013). As a consequence, they might reduce
exploration. Since the higher the behavioral interdependence, the more
the team members rely on the others’ actions and decisions, we argue
that when the level of behavioral interdependence among team mem-
bers is high, they tend to explore less. We therefore offer the following
hypothesis (see Fig. 1 for this and other hypotheses):

Hypothesis 1: Higher behavioral interdependence is associated with less
exploration.

Teams are often composed of members who have different areas of
expertise and, consequently, limited knowledge about the overall task.
A medical team convened to help a cancer patient might include a
cancer specialist, a nurse, a surgeon, and an anesthesiologist, each
having specialist knowledge about a part of the task. A software pro-
duction team might include experts in different programming lan-
guages, management, and market trends. As a consequence, each team
member will often be able to evaluate only some aspects of a potential
solution. For example, a marketing specialist will be able to evaluate a
software product’s market potential but not the efficiency of its code
and vice versa for a programming expert.

Limited knowledge about some aspects of the task can induce a
sense of uncertainty about what solutions are better or worse than
others. While some stochasticity in levels of performance can be ex-
pected, when one lacks knowledge about an important aspect of the
problem, one might feel a deeper level of uncertainty about how to
achieve good performance. Mehlhorn et al. (2015) differentiated be-
tween expected and unexpected uncertainty, illustrated by an example
of a machine producing widgets. A person might accept that a machine
occasionally produces a faulty widget while still feeling that one un-
derstands how the machine works (expected uncertainty). In this case,
one might continue using the machine. However, when a machine be-
haves in a fundamentally different way from expected, one might feel a
deeper level of subjective uncertainty (unexpected uncertainty). This
could motivate one to try other machines. More generally, a person
with knowledge about all aspects of a problem can feel more certain
that a solution is good even if it occasionally underperforms and might
be prone to continue using the solution. In contrast, a specialist withFig. 1. Theoretical model.
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expert knowledge about only some aspects of a problem might feel that
she or he fundamentally misunderstands the problem. This more pro-
found subjective uncertainty can lead to more exploration of other so-
lutions (Mehlhorn et al., 2015). These individual tendencies can also be
expressed when people work in teams. Simulations by Knudsen and
Srikanth (2014) suggest that individuals with different expertise can
show different behavior when searching together than when searching
individually. Thus, we hypothesize that:

Hypothesis 2: More limited knowledge of team members about a task is
related to more exploration.

Feedback about performance is used to adjust individual search
behavior adaptively while solving a task. Accordingly, Billinger et al.
(2014) demonstrated that individuals use feedback about their perfor-
mance to adapt their search behavior. They found that search distance
decreased with positive feedback: when an individual’s current solution
was better than the previous best solution, the extent of search would
decrease; otherwise it would increase. This behavior is consistent with
several models of decision making, including prospect theory. Prospect
theory posits that individuals are more likely to engage in risky, ex-
ploratory behaviors after experiencing a loss and to be risk averse after
obtaining gains (Kahneman & Tversky, 1979). Teams have been shown
to adapt to performance feedback in a similar way (Håkonsson et al.,
2016). While the effect of feedback on individuals searching in teams
has not yet been studied, these prior results suggest that we can derive
the following hypothesis:

Hypothesis 3: Positive feedback reduces exploration.

Feedback might also interact with behavioral interdependence.
When team members work closely together and rely on each other, they
might experience a high level of psychological safety (Ancona, 1990;
Olivera & Straus, 2004; Stevens & Campion, 1994; Wheelwright &
Clark, 1992), which is in turn conducive to taking risks because it
lowers fear of punishment because of a mistake (Edmondson, 2002).
This fosters the confidence to take risky behaviors in different situa-
tions, even when more caution should be adopted. As discussed above,
according to the prospect theory, after experiencing a positive feed-
back, individuals are expected to reduce exploration because of risk
aversion. However, if psychological safety is high, individuals might
tend to take more risk and reduce exploration less. Therefore, as the
level of behavioral interdependence with other team members rises, the
negative relationship between positive feedback and exploration might
be less pronounced. Therefore, we hypothesize that:

Hypothesis 4: The negative effect of positive feedback on exploration is
smaller at higher levels of behavioral interdependence.

The deep subjective uncertainty about the nature of the problem can
influence the effect of feedback on search. When uncertainty is very
high, an individual who finds a seemingly good solution might be even
more risk averse and reluctant to let it go in favor of further exploration
compared to the case when uncertainty is low. It has been shown that
the endowment effect, or assigning higher values to things one already
possesses, is higher when there is uncertainty about future outcomes
(Inder & O'Brien, 2003). Negative psychological reactions to anticipated
future uncertainty can increase one’s determination to keep what one
already has (Liersch & McKenzie, 2011). Hence, the negative effect of
positive feedback on explorative search could be even more pronounced
in the circumstances of high uncertainty. Therefore, we hypothesize
that:

Hypothesis 5: The negative effect of positive feedback on exploration is
larger when the individual knowledge of team members is more limited.

2.1. Method setting

We conducted a behavioral experiment in the context of new pro-
duct development. In particular, the experiment captured the context of
designing a tablet computer by selecting 10 product attributes. Any
combination of 10 product attributes (configuration) was associated
with an outcome (payoff). This outcome measured the customer sa-
tisfaction.

Participants were asked to make decisions concerning the 10 pro-
duct attributes so as to maximize customer satisfaction (payoff). They
did not have any prior knowledge about the specific combination that is
preferred by customers and had to search for the best configuration by
trial and error. At each trial, participants received the payoff associated
with the selected configuration, and they were informed of the con-
figuration selected by the other team members and their payoffs. This
formed the basis of their knowledge to improve customer satisfaction.

We used Billinger et al.’s (2014) approach to assign the payoffs to
configurations using an NK fitness landscape (Kauffman & Levin, 1987).
It is a well-established methodology for building complex combinatorial
problems and controlling their complexity, often used in organization
studies (Baumann, 2015; Baumann, Schmidt, & Stieglitz, 2019; Ethiraj
& Levinthal, 2004; Giannoccaro, 2011, 2015; Giannoccaro, Massari, &
Carbone, 2018; Giannoccaro, Nair, & Choi, 2018; Levinthal, 1997;
Levinthal & Marino, 2015; Puranam, Stieglitz, Osman, & Pillutla, 2015;
Rivkin, 2001; Rivkin & Siggelkow, 2003; Siggelkow, 2011; Siggelkow &
Levinthal, 2003; Siggelkow & Rivkin, 2005; Wall, 2016). In particular,
the NK fitness landscape is a map of configurations of decisions onto
payoffs, where N stands for the number of decision variables (usually
binary) and K is the average number of interactions among decisions,
which tunes the complexity of the problem to solve given a fixed N.
When K is high, contributions of decisions to the payoff are highly
correlated, which leads to a “rugged” landscape with multiple local
optima so that it is more difficult to find the highest payoff configura-
tion on the landscape. The higher K, the more rugged the landscape.

In particular, the NK fitness landscape is a stochastic procedure to
generate the payoff P(d) of configurations. A configuration consists in a
N-digit string d=(d1, d2, …dN), where di=0 or 1. It is assumed that
each decision gives a contribution Ci to the payoff. Averaging the
contributions (Ci) over the N decisions, the payoff is computed as fol-
lows:

= =dP
C d

N
( )

( )i
N

i1

The contribution Ci that each decision di leads to the overall payoff,
is drawn at random from a uniform [0,1] distribution. The inter-
dependent nature of the decisions implies that the value Ci depends not
only on how the decision di itself is resolved (0 or 1) but also on how the
K interdependent decisions are resolved. For example, if the decision d1
depends only on itself, C1 assumes only two values, but if d1 depends on
d2, C1 assumes four values, depending on the possible combinations
between the values of the decisions d1 and d2. In our experiments, N
models the number of decisions on the product attributes that are
needed to configure the new tablet and K captures the interdependence
among the product attributes.

2.2. Description of the experiments

We developed a web-based software platform where the partici-
pants were presented with 10 product attributes and were asked to
make their choice on each attribute by choosing between two available
options (see Appendix A, Fig. A2). This means that there were 210 or
1024 possible product configurations of the landscape. In the starting
trial (trial= 0), the participants were informed of an initial combina-
tion and its payoff. Then, in subsequent trials (1–25) participants made
decisions on product attributes, proposing a new configuration at each
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trial. A participant could change zero, some, or all attributes in a trial.
There were 25 trials in which they made decisions. Each trial took a
fixed time for all participants (1min).

Participants played together with four other individuals (team-
mates) on the platform. They made their own decisions about product
attributes. The software displayed the previously tried combinations of
the individual and team members and also the respective individual
payoffs of the other team members. After making a choice, participants
were informed about their individual payoff on the selected combina-
tion. The link to the web-based platform is available upon request to the
authors.

Every individual completed nine experimental sessions, each with
one of three levels of behavioral interdependence and one of three le-
vels of task complexity: low, medium, or high (K=1, 4, and 8, re-
spectively). Individuals were members of the same team for all nine
sessions.

Sessions were carried out in two orders. In Order 1, sessions were
presented in increasing order of complexity, starting with the simplest
landscape and ending with the most complex. Within each level of
complexity, participants received sessions with increasing levels of
behavioral interdependence, from low to high. In Order 2, participants
received experimental sessions in the reverse order (from high to low
complexity, and high to low behavioral interdependence).

2.3. Participants

Participants were recruited on voluntary basis. They include 225
graduate students at the Polytechnic University of Bari (Italy), majoring
in management engineering with supply chain management speciali-
zation. Among them, 125 (100) were male (female). They were from 23
to 26 years of age. Students received credit toward their final course
grade for their participation in the experiments. They were first in-
troduced to the experiments by means of an oral presentation in which
the basic information about the search problem was given. For addi-
tional information see Appendix A.

Participants were randomly assigned to groups of five people. Each
group was assigned to one of the two orders. All 45 groups played the
experiments but those whose results were not completed or saved for
technical reasons were deleted. In total we collected usable results for
30 groups (150 students with 85 male and 65 female): 10 groups for
Order 1 and 20 groups for Order 2.

2.4. Measures and manipulations

2.4.1. Level of behavioral interdependence
To manipulate behavioral interdependence, participants were pre-

sented with different instructions about how much they should take
into account the decisions of the other team members. In the low be-
havioral interdependence condition, participants were asked to “take
into account the configurations chosen by the other members to a very
limited degree when you propose a new configuration of the product.”
In the medium condition they were asked to “take into account the
configurations chosen by the other members to a moderate degree
when you propose a new configuration of the product,” and in the high
condition they were asked to “take into account the configurations
chosen by the other members to a very high degree when you propose a
new configuration of the product.” Participants were always embedded
in a fully connected network and were able to see choices and payoffs of
their team members independently on the level of behavioral inter-
dependence. To test the validity of this measure, we define the degree
of similarity among decisions made by individuals at each trial t, as
follows:

=
= =

t
NM

t t( ) 1 ( ) ( )
i

N

kh

M

k
i

h
i

2
1 1

where t( )k
i is the choice of the k-th member on the i-th decision, during

trial t. Note that, = +t( ) 1( 1)k
i when the decision =d t( ) 1(0)k

i . We
expected that the higher the level of behavioral interdependence, the
higher the degree of similarity among decisions.

2.4.2. Feedback
On each trial, participants could see the payoff they received on the

previous trial. Note that this is different from the work of Billinger et al.
(2014), where participants were shown the payoffs for all previous
trials. This choice was motivated by the findings of Håkonsson et al.
(2016), who found that teams adapt to the performance achieved on the
previous round. Perhaps more importantly, we wanted to avoid the
visual clutter and the resulting cognitive overload because of too much
information on the screen, as in our experiment participants saw not
only their own payoffs but also the configurations and payoffs of their
four team members.

Negative (positive) performance feedback meant that the new
configuration had a lower (higher) payoff than the previous one.
Feedback was defined as a binary variable where 0 (1) meant negative
(positive) feedback.

2.4.3. Exploration
It was measured by the search distance computed as the Hamming

distance between the current configuration chosen by the participant
and the one, she or he selected at the previous trial.

2.4.4. Limited knowledge
Each participant was able to perceive payoff based on only some of

the attributes (individual perceived payoff). This would correspond to
an individual’s specific expertise about some parts of the solution space.
We designed a matrix, D, recording which attributes (decisions) could
be perceived by a particular individual. These attributes (rather than all
attributes) contributed to the perceived payoff of each individual. Dki is
a binary variable where 1 (0) means that individual k knows (does not
know) the contribution Ci of attribute i to the payoff. To generate D, we
drew values from a uniform probability distribution U (0,1). If a
random draw r≤ 0.5, then we set =D 1,ki otherwise =D 0ki . On
average, the number of contributions known by individuals in the group
was 0.5. Each group is assigned a different matrix D, fixed across all the
experimental sessions. To measure the level of limited knowledge of an
individual, we calculated the difference between the perceived and real
payoff divided by the real payoff of the individual, as described next.

2.4.5. Perceived individual payoff
The payoff perceived by individual k, selecting the configuration d

given his/her individual knowledge of attributes determined by matrix
D was given by

=
= =

d dPerc P D C D_ ( ) ( )/k
i

N

ki i
i

N

ki
1 1

2.4.6. Real individual payoff
This was the payoff that was actually associated with the config-

uration on the landscape and is computed based on all of its attributes:

=
=

d dReal P C N_ ( ) ( )/k
i

N

i
1

Both perceived and real payoffs were normalized over the maximum
payoff of the landscape, to capture the efficacy of the individuals in
solving the task (i.e., finding the highest peak on the landscape). A
value of 1 meant that the individual was able to reach the highest peak.
Lower values meant lower efficacy.
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2.5. Control variables

2.5.1. Task complexity
The level of task complexity was manipulated by means of the

ruggedness of the landscape. We considered three levels of complexity
corresponding to three types of landscape that were generated by using
different values of K. In particular, three random influence matrices
were used with K=1 (low complexity), K=3 (medium complexity),
and K=8 (high complexity). Task complexity was expected to decrease
individual and group payoffs, but following Billinger et al. (2014), it
was not expected to influence search distance.

2.5.2. Prior search distance
This was the search distance at the previous trial, capturing the

tendency of a participant to explore or exploit (Billinger et al., 2014).

2.5.3. Trial number
This refers to the trial number in the experimental session. It was

added to control for potential biases or end-game effects that might
influence the results (Billinger et al., 2014).

2.5.4. Number of unsuccessful trials
This variable counted the number of trials since the last improve-

ment in performance was achieved. It aimed to control for the frus-
tration experienced by a decision maker, which can influence their
subsequent decision making.

2.5.5. Order
This variable codes the order in which the nine experimental ses-

sions (three levels of complexity multiplied by three levels of behavioral
interdependence) were carried out. We defined the variable order as
taking a value of 1 (Order 1) or 2 (Order 2).

3. Results

In this section we first present the descriptive statistics and then
describe the regression analyses we carried out to test our hypotheses.

3.1. Descriptive results

Table 1 reports the means, standard deviations, and correlations of
the variables included in the study.

The degree of similarity (χ) among the decisions across trials for
three levels of behavioral interdependence is shown in Fig. 2. In par-
ticular, the degree of similarity in the case of low behavioral inter-
dependence is on average 0.314 (with a standard deviation of 0.021).
The corresponding value for medium behavioral interdependence is
0.524 (0.011) and for high behavioral interdependence is 0.684
(0.010). The degree of similarity in the low behavioral interdependence
was significantly lower than in high (t=− 6.08; p < 0.00001; t-test
student) and medium behavioral interdependence cases (t=− 10.85;
p < 0.00001; t-test student). The degree of similarity in medium be-
havioral interdependence was significantly lower than the degree of
similarity in high behavioral interdependence landscape (t=−5.71;
p < 0.00001, t student test). These findings validated our experimental
manipulations.

Fig. 3a shows the pattern of individual search behavior. We found
that the participants showed higher average search distance than in a
pure local search strategy (where search distance= 1). This confirms
previous findings by Billinger et al. (2014) concerning the pattern of
search when an individual plays alone. The search distance seems to
decrease over time and with behavioral interdependence. Fig. 3b shows
the pattern of perceived individual payoff. It increases over time,
showing that individuals tried to increase their perceived payoff. Ta
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3.2. Hypotheses tests

We carried out multilevel mixed-effects Poisson regression analyses
to test the effects of the variables of interest on exploration (Table 2).
We included random effects for teams and participants (Billinger et al.,
2014). Search distance was the dependent variable. We first run the
model with the control variables (Model 1). Then, we added the effect
of the level of behavioral interdependence (Model 2), the effect of
limited knowledge (Model 3), the effect of feedback (Model 4), the
interaction effect between feedback and level of behavioral inter-
dependence (Model 5), and the interaction effect between feedback and
limited knowledge (Model 6).

Results of Model 1 mostly confirmed previous findings by Billinger
et al. (2014). Complexity did not significantly influence search distance,
trial number negatively influenced search distance (β=−0.009,
p < .001), and prior search distance significantly promoted explora-
tion (β=0.085, p < .001). In contrast to Billinger et al. (2014), we
found that the number of unsuccessful trials negatively and sig-
nificantly influenced team member search distance (β=−0.015,
p < .001). When the individuals experienced a long series of trials with
decreasing payoffs, they tended to be more conservative and risk
averse, so that their search distance was reduced. Finally, we found a
negative and significant effect of the order of experimental sessions
(β=−0.267, p < .001).

Results of Model 2 confirmed Hypothesis 1. We found that the level
of behavioral interdependence had a negative and significant effect on
search distance (β=−0.077, p < .001).

Model 3 tested Hypothesis 2. Results confirmed the positive effect of
limited knowledge of team members on search distance. We found that
limited knowledge had a positive and significant effect on search dis-
tance (β=0.316, p < .001).

In Model 4 we included the effect of positive feedback to test
Hypothesis 3. We confirmed that positive feedback had a negative effect
on search distance (β = − 0.328, p < .001). This suggests that in-
dividuals searching in teams showed similar patterns to those of in-
dividuals searching alone (as in Billinger et al., 2014). They tended to
decrease their search distance when they were able to improve payoff
compared to previous trials and increase the search distance when they
received negative feedback.

We also confirmed Hypothesis 4 using Model 5. We found that the
level of behavioral interdependence had a positive effect on the re-
lationship between feedback and search distance (β=0.032,
p < .001). This suggests that when people rely more on other team
members, they are prone to taking more risks and exploring more.

Results of Model 6 confirmed Hypothesis 5. There was a negative
moderating effect of limited knowledge on the relationship between
positive feedback and search distance (β = − 0.279, p < .001). In the
case of high uncertainty because of limited knowledge, individuals’
tendency to explore less after positive feedback was more pronounced.

4. Discussion and conclusions

This paper contributed novel findings on search behavior. While
past studies have mainly analyzed search behavior of individuals
working alone, we investigated search accomplished by individuals
working in teams. We examined the role of three main features: be-
havioral interdependence, limited knowledge, and performance feed-
back.

Following a recommendation by Wageman et al. (2012), we studied
teams whose members had different levels of behavioral inter-
dependence, that is, the extent to which they relied on each other to
solve a task. This feature is important as it captures the influence of the
team context on search behavior. Our findings demonstrate that beha-
vioral interdependence influenced individual search behavior, even
though team members were always embedded in a fully connected
network. In particular, we show that higher behavioral inter-
dependence promotes exploitative individual behavior, possibly

Fig. 2. Degree of similarity among decisions across trials for three levels of
behavioral interdependence (low, medium and high).

Fig. 3. Search distance (a) and perceived individual payoff (b) across trials for three levels of behavioral interdependence (low, medium, and high).
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because of the social loafing effect.
Teams are often composed of individuals characterized by diverse

levels of expertise, which limits their knowledge of different aspects of
the task. We therefore endowed our team members with limited
knowledge of contributions of different attributes of their solutions to
the overall payoff. We found that this limited knowledge affected in-
dividual search behavior. It promoted exploration because of the in-
creased uncertainty about how to achieve a good payoff. Both of these
findings represent a novel contribution to the literature.

We also investigated the role of performance feedback in team
member search and the moderating effect of behavioral inter-
dependence and individual limited knowledge. Our results confirm
previous findings of the literature: individuals searching in teams, si-
milarly to individuals searching alone and teams as a whole, adapt their
search behavior to performance feedback. In particular, they exploited
when they received a positive feedback and explored in the case of a
negative outcome (Billinger et al., 2014; Håkonsson et al., 2016). Fur-
thermore, we found that both behavioral interdependence and limited
knowledge influenced the adaptive behavior of team members in re-
sponse to performance feedback. High behavioral interdependence,
perhaps by promoting interpersonal trust (Costa et al., 2017; De Jong &
Dirks, 2012), might have reduced individual risk aversion, so that the
explorative behavior persisted even when individuals received positive
feedback about their performance. Conversely, the more limited the
individual knowledge, the more pronounced the exploitative behavior
in response to positive feedback, perhaps because uncertainty increases
risk aversion.

From a theoretical point of view, we have extended research on
team search behavior by focusing on individuals as the unit of analysis,
while previous studies mostly adopted teams as the unit of analysis
(Goldstone et al., 2013; Håkonsson et al., 2016; Kostopoulos &
Bozionelos, 2011). An advantage of our approach is that it allowed us to

study team dynamics as a bottom-up process emerging from the in-
dividual behaviors and their interactions. In this way we can under-
stand micro-level processes underlying team behavior rather than solely
observing the macro-level behavior. This approach is in line with the
view that a team is a complex adaptive system (Hackman, 2012;
Uitdewilligen, Rico, & Waller, 2018).

Furthermore, we have integrated organizational search literature
with psychological theories concerning group and individual behavior.
In this study, individuals might have perceived that they could learn
from configurations explored by others rather than exploring them-
selves. This social loafing effect has been analyzed in organizational
contexts (George & Jones, 2011; Mao et al., 2016), social (Karau &
Williams, 1993; Latané et al., 1979), and cognitive psychology
(Goldstone et al., 2013). We also found support for the effect of un-
expected uncertainty described by Mehlhorn et al. (2015). Individuals
who had more limited knowledge showed more explorative behavior,
possibly because they experienced more unexpected uncertainty. We
further confirmed the interpretative power of prospect theory to predict
adaptive behavior in response to feedback of individuals working in
teams, and to clarify moderating effects of behavioral interdependence
and limited knowledge.

Our study has practical implications for designing teams to promote
exploration or exploitation. When exploration is more important, our
findings would suggest reducing behavioral interdependence among
team members. For instance, low behavioral interdependence can be
associated with virtual teams. The use of information and commu-
nication technologies to communicate and interact limit the efficacy of
social interactions so that team members are less prone to rely one each
other. In contrast, face-to-face teams, where social interactions are
more influential, could be used to foster exploitation. These issues could
be studied in further empirical studies.

From a managerial perspective, it is also fundamental that managers

Table 2
Results of the regression analyses with search distance as dependent variable.

Variable Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

Constant 0.609** 0.769** 0.683** 0.834** 0.859** 0.841**

(0.1477) (0.1497) (0.1496) (0.1420) (0.1420) (0.1418)
Trial −0.009** −0.009** −0.009** −0.008** −0.008** −0.008**

(0.0007) (0.0007) (0.0007) (0.0007) (0.0007) (0.0007)
Complexity 0.003 0.003 0.002 0.002 0.002 0.002

(0.0018) (0.0018) (0.0018) (0.0018) (0.0018) (0.0018)
Prior Search 0.085** 0.082** 0.081** 0.104** 0.104** 0.104**

(0.0032) (0.0032) (0.0032) (0.0033) (0.0033) (0.0033)
Unsuccessful trials −0.015** −0.014** −0.016** −0.061** 0.104** −0.061**

(0.0028) (0.0028) (0.0028) (0.0036) (0.0033) (0.0036)
Order of conditions −0.267** −0.268** −0.249* −0.240* −0.241* −0.239*

(0.085) (0.0857) (0.0855) (0.0808) (0.0808) (0.0806)
Behavioral interdependence −0.077** −0.077** −0.074** −0.087** −0.086**

(0.0061) (0.0061) (0.0061) (0.0078) (0.0078)
Limited knowledge 0.316** 0.210** 0.208** 0.295**

(0.0390) (0.0393) (0.0393) (0.0454)
Feedback −0.328** −0.390** −0.341**

(0.1416) (0.0271) (0.0301)
Feedback×Behavioral Interdependence 0.032* 0.031*

(0.0124) (0.0124)
Feedback×Limited Knowledge −0.279**

(0.0743)
Number of observations 33,750 33,750 33,750 33,750 33,750 33,750

Wald χ2 1340.89** 1491.75** 1554.63** 2197.34** 2206.93** 2223.36**

Log likelihood − 44,837.17 − 44,757.93 − 44,725.67 − 44,392.35 − 44,388.97 − 44,381.90

Standard errors in parentheses.
* p < .01.
** p < .001.
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of the teams be aware of the significance of behavioral interdependence
and its influence on search behavior and performance. Our results
suggest that they should pay attention not only to teams’ task inter-
dependence and network structure but also to how much individuals
actually rely on one another.

Our findings also suggest that the level of expertise of team mem-
bers affects exploration. Designing cross-functional teams with com-
plementary expertise would promote exploration, while teams com-
posed of generalist members, having similar and overlapping
knowledge, would increase exploitation.

Our research has several limitations. First, to manipulate levels of
task complexity, we used a stylized task constructed using an NK
landscape. Even though this approach is frequently used in organization
science to model organization problems (see Ganco & Hoetker, 2009,
for a review), it has been only recently proposed by Billinger et al.
(2014) and Goldstone, de Leeuw, and Landy (2015) as an effective tool
for studying individual search behavior empirically. We tried to reduce
the abstract nature of this task by using a cover story where participants
needed to identify the most promising combination of product attri-
butes to increase customer satisfaction.

We also implicitly assumed that every search distance is equally
costly to the decision maker. However, higher search distances might be
more expensive because of higher number of changes that the in-
dividual should accomplish to modify the current configuration. Since
the search distance maintained, on average, quite low values during the
experiments, we are confident that neglecting this aspect did not affect
the findings of our study. Further research will address this issue.

A further limitation concerns the way social interactions occur

among team members. To properly manipulate behavioral inter-
dependence, we permitted team members to communicate only in-
directly with each other: they could see on the screen the decisions and
payoffs of the other team members. This helped the internal validity of
our results by reducing the effect of any other variables on the differ-
ences between experimental conditions. At the same time, this reduced
external validity of our findings for real-world settings where interac-
tion is often richer and includes various social and emotional aspects.
Therefore, further research could be devoted to replicating our findings
in more realistic settings, both in the lab (e.g., Mao et al., 2016) and in
real-world organizations.

A related question is how to measure changes in behavioral inter-
dependence over time, in order to anticipate a decrease in performance
if team members become too interdependent. This is, however, beyond
the scope of this paper and is a matter for further research.
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Appendix A

All subjects were introduced to the experiments through an oral presentation in which they were instructed, by means of visual descriptions, on
how to login to the web-based software platform and how to perform the experiments. During the oral presentation, the cover story shown in Fig. A1
was also presented. All the clarification questions regarded how to deal with the graphical user interface (see Fig. A2) were clarified by performing a
single dry run. Then, the students participated in the experiment.

Fig. A1. Cover story.
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