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abstract 
 

Individual search behavior represents a fundamental construct to understand the 
mechanisms of organizational learning and development, both in established ven-
tures and in unfolding start-ups. In these contexts, agents do not act in complete au-
tonomy but are guided by organizational objectives, structures and resource constrains. 
From these limitations, it emerges what has been defined as a dilemma between ex-
ploration efforts and exploitation activities.  

This dilemma practically manifests itself in two orders of decisions. On one hand 
the tradeoff is reflected in the choice on whether to search and it is linked to the agents’ 
settling of aspirations. On the other, it determines the decision of where to search in 
the space of possible solutions available to a firm. This research work addresses the 
literature gap regarding how organizations’ structures, incentives and rewards, through 
the effect of feedback, impact on decision-makers’ search behavior and on how au-
tonomy and control structures influence individuals’ ability to balance proximity and 
distant search. Additionally, this work accounted for the moderating effect that the 
introduction of a penalty has on the decisions to explore or exploit, a condition most-
ly unexplored in the literature.  

In order to address these questions, an empirical pilot experiment, built on the 
basis of the NK model framework, was implemented. 

The results from the experiment allow the present work to make a series of con-
tributions. In line with the existing literature, agents stop their search process once 
their aspirations are met, rather than keep on searching to achieve a global optimum. 
Additionally, performance feedback determines where in the search space agents 
will look for improvements. Finally, this research enhances current understanding 
of individuals’ search behavior with respect to the introduction of a penalty. The re-
ported findings have also practical implications for both established firms and up-
coming ventures. 

 
introduction 

 
Individual search behavior represents one of the fundamental constructs to under-
stand the mechanisms of organizational learning and development which guide the 
processes of innovation and change, both in established ventures and in unfolding 
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start-ups. These structures are characterized by the presence of a series of interde-
pendencies among their constituting elements that need to be recombined on a cease-
less basis in order to guarantee a fit between internal capabilities and external cir-
cumstances. In these contexts, in fact, individual aspirations are crucial in determining 
the degree of change required to adapt to ever evolving landscapes. Nonetheless, agents 
do not act in complete autonomy, especially when considering settled companies, 
but are guided by organizational objectives, structures and incentives. Additional-
ly, these tensions between individual aspirations and settled targets take place in re-
source constrained settings, that allow firms to focus only on a limited set of objec-
tives at a time. From these contrasts, it emerges what originally March (1991) de-
fined as a dilemma between exploration efforts – connected to novelty, experimen-
tation and innovation – necessary to identify future avenues and to ensure a firm’s 
viability, and exploitation activities – linked to refinement and efficiency – required 
to leverage on current strengths.  

This dilemma practically manifests itself in two orders of decisions. On one hand 
the tradeoff is reflected in the choice on whether to search (Billinger, Srikanth, Stieglitz 
and Schumacher, 2021). This question finds an answer in the stream of research de-
veloped around the behavioral theory of the firm (Cyert and March, 1963) and prob-
lemistic search theory (Posen, Keil, Kim and Meissner, 2018; Denrell and March, 2001; 
Levinthal and March, 1981). According to the behavioral theory, organizations de-
fine and adjust their objectives in accordance with a set of reference points, which 
can either be targets or aspirational levels. Search mechanisms, in turn, depend on 
targets and aspirational levels against which a firm evaluates its actual results. In line 
with problemistic search theory, then, a firm learns from the feedback received on 
its previous performance. If the target is above actual performance this will trigger 
search for alternative courses of action, whereas performance above the target re-
stricts search (Posen et al., 2018; Billinger,Stieglitz and Schumacher, 2014; Denrell 
& March, 2001; Cyert and March, 1963; Simon, 1957, 1959).  

On the other side, the decision to explore or to exploit is equal to choose where 
to search in the space of possible alternatives available to a firm, so to opt for nar-
row or rather distant search (Billinger et al., 2021). This line of research developed 
around the conceptual framework provided by the NK model (Marengo et al., 2022; 
Baumann et al., 2019; Billinger et al., 2014, 2021; Rivkin and Siggelkow, 2003,2007; 
Gavetti, 2005; Levinthal, 1997; Kauffman, 1993). As developed by Levinthal 
(1997) in its application in economics, the model defines a fitness landscape through 
two parameters N and K. An organization is defined by N attributes and each attribute 
can assume two possible values. The variable K determines the degree to which the 
fitness of the organization depends on the interrelatedness between the attributes, 
and therefore the complexity of the task. A general result that emerges in the liter-
ature is that as the level of interactions among organizational elements increases, 
the number of local optima escalates and engaging in exploration efforts becomes 
a successful strategy in order to escape from those optima (Kauffman, 1993; 
Levinthal, 1997; Rivkin and Siggelkow, 2003). 
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An essential contribution, providing useful insights to integrate these set of de-
cisions, comes from the work of Billinger et al. (2021). According to the authors, it 
is possible to unify these views by considering these choices not as independent of 
each other but rather as interrelated. Specifically, the decision on whether to search 
comes from the aspirations-performance gap. If this gap actually exists, the subse-
quent decision will involve considerations on where to search in the space of alter-
natives available to a firm.  

Additionally, in recent years there has been a growing interest on the effect that 
individual predispositions and characteristics have on the individuals’ ability to ex-
plore and exploit. Within an organization, individuals have less autonomy on how 
to allocate their activities between exploration and exploitation. Nonetheless, a di-
rective approach could be useful to orient attention, to redirect strategy and support 
individuals in balancing search efforts (Bidmon and Boe -Lillegraven, 2020; Tem-
pelaar and Rosenkranz, 2019; Blettner, He,Hu and Bettis, 2015; Laureiro-Martìnez, 
Brusoni, Canessa and Zollo, 2015).  

In line with these new developments, this research work addresses the literature 
gap identified by Billinger et al. (2021) regarding how organizations’ structures, in-
centives and rewards, through the effect of feedback, impact on decision-makers’ 
search behavior and the research path suggested by Bidmon and Boe-Lillegraven 
(2020) on how autonomy and control structures influence individuals’ ability to bal-
ance proximity and distant search. Therefore, in the present work the following re-
search question was addressed:  

“To what extent can autonomy and control, through their effect on feedback and task 
complexity, influence individual decision-makers search behavior?” 

Additionally, this work accounted for the moderating effect that the introduc-
tion of a penalty has on the decisions to explore or exploit, a condition mostly un-
explored in the literature. Previous experiments, in fact enacted a problem of “pure 
search”, as in the case of Billinger et al. (2014) in which engaging in additional search 
efforts was not associated with a downside risk. Subsequently the following research 
question was introduced:  

“What is the effect that the introduction of a penalty has on the relationship between 
feedback and search breadth?” 

In order to address these questions, an empirical pilot experiment was imple-
mented. This choice addresses the lack of experimental studies considering how de-
cision-makers search across a complex problem landscape (Baumann et al., 2019). 
As also evidenced by Billinger et al. (2021), in fact, experimental studies investigating 
how individuals maintain an equilibrium between local and more remote search strate-
gies are limited.  Additionally, as already evidenced by Gupta et al. (2006), exper-
iments investigating on the micro-foundations of exploration and exploitation are 
relatively scarce.  

The experiment was built on the basis of the NK Model framework. Participants 
had to develop a business model with the objective of reaching their aspirational lev-
el of performance in what was defined the autonomy setting, whereas they needed 
to update the current business model of a fictional company in order to reach a pre-

to explore or to exploit? 
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viously established target in the control setting. Additionally, throughout the 
rounds they were faced with three different levels of complexity delineating a smooth 
(K=0), complex (K=2) and maximally rugged (K=5) performance landscape. Fi-
nally they were informed that a penalty of the 10% would have been applied if, by 
chance, they exchanged a performative attribute with a non-performative one. 

The results from the experiment allow the present work to make a series of con-
tributions to the existing literature. First of all, it finds support for one of the main 
assumptions of the organizational learning literature, according to which agents stop 
their search process once their aspirations are met, rather than keep on searching 
to achieve a global optimum (Posen et al., 2018; Cyert & March, 1963; March & Si-
mon, 1958; Simon, 1955). As performance approaches individual aspirational lev-
els, agents will tend to satisfice and decrease their search breadth, relying onto ex-
ploitation. This relation is valid for both the autonomy and control settings. 

Second, it contributes to the strategy literature through finding a confirm that 
performance feedback from previous rounds determines where in the search space 
agents will look for performance improvements. Individuals tend to concentrate search 
in the neighborhood of current solutions, but in highly complex task environments 
enlarging search breadth gives more chance to improve performance (Baumann et 
al., 2019; Billinger et al., 2014). As the level of complexity in the landscape increases, 
so it does search breadth. These tendencies are even more marked in a controlled 
setting since the control imposed by organizational structures has an impact on per-
formance by directing agents’ search behavior on the landscape they confront, and 
making at the same time the result of search more effective through a clearer direction 
provided by the target (Baumann et al., 2019; Rivkin and Siggelkow, 2003). 

Finally, this research enhances current understanding of individuals search be-
havior with respect to the introduction of a penalty. According to Billinger et al. (2014) 
human agents are inclined towards over-exploration, interrupting local search too 
early and sacrificing profits from local improvements. Nonetheless, scholars agree 
that in a setting in which search has a cost agents will tend to stop their research once 
satisfying combinations are found (Billinger et al., 2021; Baillon et al., 2020; Gold-
stein et al., 2020; Hey et al., 2017). In the autonomy setting, it appears that for the 
same level of average aspirations feedback, agents sensitive to the presence of a penal-
ty focused their research in the neighborhood of known solutions, whereas those that 
were not affected by the penalty looked for alternative combinations in a wider area 
of the search landscape.  In the controlled setting, the introduction of a penalty re-
duces the average search breadth for the same level of average performance feed-
back. As also evidenced by Greve (2010) with a target to be reached, the introduc-
tion of a penalty can be used to boost exploration up to the level necessary to achieve 
the performance target and to simultaneously inhibit search from reaching hazardous 
levels.  

The reported findings have also practical implications for both established firms 
and upcoming ventures. Within established firms, providing top-down directions, 
especially in complex environments and for innovation-focused organizations, has 
a strong effect on making the research process more effective, both reducing the lev-
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el of efforts needed and in terms of reaching the desired results. Regarding upcoming 
startups, the present work highlights that for an entrepreneur it is crucial to calibrate 
his/her aspiration with a level of performance attainable in response to the envi-
ronmental contingencies faced. Entrepreneurs, in order to be successful, should rely 
on agile and modular solutions to develop business models able to adapt in accor-
dance with different landscapes.  

 
theoretical background 

 
1.1. Exploration versus Exploitation Tradeoff 

 
The discussion around the concepts of exploration and exploitation is grounded in 
March’s seminal work. Exploration is defined by the notions of “search, variation, risk 
taking, experimentation, play, flexibility, discovery, innovation”. Conversely, ex-
ploitation is captured by “refinement, choice, production, efficiency, selection, im-
plementation, execution” (March, 1991, p.71). If there has been among scholars a 
general consensus on the notion of exploration, the concept of exploitation is much 
more blurred. There is, in fact, a lack of clarity on whether exploitation refers only 
to the reliance upon past knowledge or if it also involves the development of some 
new knowledge, even though of a different kind than in exploration (Gupta et al., 
2006). One group of scholars (Baum et al., 2000; Benner and Tushman, 2002; He 
and Wong, 2004) recognizes learning and the development of new knowledge at the 
core of both exploration and exploitation. On the contrary, other studies (Rosenkpof 
and Nerkar, 2001; Vassolo et al., 2004) establish a connection between learning and 
innovation exclusively with exploration, while relating the concept of exploitation 
to processes relying on past knowledge (Gupta et al., 2006).  

Given the contrasting but nonetheless complementary nature of the notions, or-
ganizations need to maintain an adequate balance between the two, since these are 
competing for scarce resources (March, 1991). The basic challenge faced by an or-
ganization, in fact, is to engage in sufficient exploitation to ensure its current viability 
and to devote enough efforts to exploration, in order to guarantee its future survival 
(Levinthal and March, 1993). Hence, the conceptualization of the relationship among 
the two views as a “tradeoff” or “dilemma”. The scarcer the resources needed to pur-
sue both exploration and exploitation, the greater the extent to which the two will 
be mutually exclusive (Gupta et al., 2006).  

Recently, Billinger et al. (2021) observed that the tradeoff between exploration 
and exploitation applies differently to two separated but interconnected decisions: 
on one hand the dilemma can be seen as the decision to search (exploring) versus 
not searching (exploiting), which can be formulated as the decision on whether to 
search. On the other hand, the tradeoff can be theorized as the choice of undertak-
ing radical change (exploring) or rather incremental change (exploiting). The de-
cision in this case will be focused on where to search, in the neighborhood of current 
activities or in more remote spaces (Billinger et al., 2021). The major contribution 
given by Billinger et al. (2021) is reconciling these two perspectives as interrelated 

to explore or to exploit? 
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decisions in which the decision on whether to search precedes the decision of where 
to search.  

 
1.2. Problemistic Search Theory and the Role of Feedback 

 
Problemistic search theory defines a behavioral process through which a firm 
learns from the feedback received on its previous performance. The fundamental idea 
is that the process of decision-making within organizations cannot be represented by 
the selection of an optimal course of action among a set of known alternatives, but 
rather as a process of sequential sampling to identify alternative actions (Denrell and 
March, 2001; Posen et al., 2018; Billinger et al., 2021). As explained by Simon in his 
work on bounded rationality (1957) the set of alternatives considered is not given but 
is developed through searching processes. In bounded rationality search models, an 
organization responds to success or failure through varying the intensity of search, 
the level of organizational slack and the aspiration level for performance (Cyert and 
March, 1963).  Success lowers search and stimulates slack and targets, whereas fail-
ure triggers search and lowers slack and targets in order to restore the aspiration/per-
formance equilibrium (Levinthal and March, 1993). Individuals then stop their search 
process when they meet their aspirations rather than keeping on searching to achieve 
a global optimum (Posen et al., 2018; Cyert & March, 1963; March & Simon, 1958; 
Simon, 1955). This performance assessment is realized in relation to an aspiration 
level, which in turn is influenced by past performance (Cyert and March, 1963; Lant, 
1992). A key point is represented by understanding how a decision maker establishes 
expectations about what outcome can be classified as satisfactory. In the absence of 
previous knowledge or social comparison, an agent forms its aspirations based on the 
feedback received on its own actions (Lant, 1992; Billinger et al., 2021). Search is 
sparkled when a firm recognizes performance to be below its aspiration levels and 
it ends when a satisfactory solution is found, bringing back performance to the as-
pired values. Organizations initially concentrate their efforts in proximity of current 
practices and possibilities. Only when this process has proven unfruitful, they start 
looking for solutions in more distant domains (Cyert and March, 1963; Posen et al. 
2018).   

According to the behavioral theory of the firm organizations determine and adapt 
their aspirations in accordance with a set of reference points (Cyert and March, 1963). 
According to March’s model (1988), a decision maker moves among two reference 
points – a lower point that ensures survival and a success point which depends on 
aspirational levels. The following steps in the search landscape are represented by 
efforts to close the gap between aspirations and performance. Organizational 
changes are, in fact, evaluated on their ability to restore performance levels (Simon 
1955; Greve, 2003; Posen et al., 2018). The most robust description of aspiration 
formation is based on an elementary decision rule of adjustment to performance feed-
back (Lant, 1992). Feedback has a central role in Billinger et al. (2021) model, since 
immediate and historical assessment on performance has an influence both on the 
decision to stop searching, once an agent is pleased with his/her performance, and 
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if not, on the decision of search breadth, through recombining attributes to test al-
ternatives, enlarging the search domain (Billinger et al., 2021). 

 
1.3. Individual versus Organizational Ambidexterity 

 
According to Simon (1959) at the individual level, within organizations when per-
formance falls below aspirations, this triggers search for alternative courses of ac-
tion. Within an organization, due to standardized procedures and behavioral ex-
pectations, individuals have less autonomy on how to allocate their activities be-
tween exploration and exploitation (Bidmon & Boe-Lillegraven, 2020). Nonethe-
less, a directive approach could be useful to determine when an individual should 
explore or exploit within teams and business units. Individuals, in fact, have nat-
urally different inclinations towards ambidexterity, with someone requiring more 
support to balance search efforts (Bidmon & Boe-Lillegraven, 2020; Tempelaar and 
Rosenkranz, 2019; Laureiro-Martìnez et al., 2015). Individuals manifest a strong 
tendency towards adaptive search, meaning that failures activate exploration where-
as successes trigger exploitation. Moreover successes curb search for new alterna-
tives in the neighborhood of existing ones, while failure prompts more distant and 
exploratory search. Individuals, in order to respond to feedback, tend to interrupt 
neighborhood search too early, overlooking the possibility to achieve local im-
provements (Billinger et al., 2014). Additionally, within organizations individual 
behavior is influenced by the use of incentives. When performance-based incentives 
are reduced, individuals, especially high-performing ones, engage in more exploratory 
activities. Furthermore, lowering performance-based incentives leads to a higher 
exploration performance obtained through experiential learning (Lee and Meyer-
Doyle, 2017).   

The ability to balance exploration and exploitation within organizations partially 
depends on the afore mentioned attention shifts in adaptive aspirations. Managers 
can deviate reference points to purposely orient attention throughout companies to 
adjust or redirect strategy (Blettner et al., 2015). Especially in more complex envi-
ronments, with extensive interdependencies among organizational elements, or-
ganizations will need to lean more on organizational features promoting a more ex-
tensive search (Rivkin and Siggelkow, 2003). Within organizations, performance feed-
back can be used to boost employees’ efforts and to activate search for improvements 
in work tasks. Additionally, establishing goals at a central level allows to align goals 
with firm strategy and for aspiration levels to be concrete and high enough to trig-
ger efforts to augment performance (Greve, 2010). 

 
hypotheses 

 
In order to investigate the research questions, a series of hypotheses has been de-
veloped, addressing the dimensions of feedback, search breadth and task complexity. 
The hypotheses will account for possible differences in these mechanisms with re-
spect to the autonomy of a decision maker, establishing his/her own reference points, 

to explore or to exploit? 
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or control imposed to an agent, represented by the settling of a target serving as the 
conditions of a survival point and of an aspirational level. 

 
Feedback 
 
Autonomy Setting – It is necessary to start from feedback since search behavior crit-
ically depends on it. Search mechanisms at the individual level, in fact, progressively 
readjust to performance feedback (Billinger et al., 2014). Performance assessment, 
in relation to an aspiration level, in the absence of previous knowledge is, in fact, based 
on the feedback received on an agent’s own actions (Billinger et al., 2021; Lant, 1992; 
Cyert and March, 1963).  

In line with previous literature, the main idea behind this research project is that 
individuals perceive performance feedback as a success or failure on the basis of a 
reference point (Billinger et al., 2014; Bromiley, 1991; March, 1988; Markowitz, 
1952). In an autonomous setting, without a previous benchmark to hang on or di-
rections regarding targets provided, feedback received in the early stages of the search 
process has a strong influence in setting expectations in the absence of prior as-
sumptions on possible performances (Billinger et al., 2021). The aspiration formation 
process is, then, based on a rule of adjustment to performance feedback. Aspiration 
will adjust upwards in response to positive feedback, whereas these will settle down-
wards in response to negative feedback (Lant, 1992). Nonetheless, it needs to be 
taken into account that responsiveness to feedback may depend on whether per-
formance is evaluated with reference to own previous performance or to peer per-
formance. Performance feedback at the individual level is, therefore, subject to mul-
tiple interpretations (Joseph and Gaba, 2015).  Subsequently, aspiration levels act 
as a guide to encode performance. Through feedback, aspirations respond to past 
performance and consequently adjust behavior, which becomes less sensitive to per-
formance outcomes. Direct experience is, in fact, the main driver of aspirations change 
that is realized as a consequence of successful outcomes (March, 1988). In partic-
ular, agents receiving a positive feedback at the end of the first trial may gain con-
fidence and become less likely to stop search early (Billinger et al., 2021). On the 
contrary, a general conclusion in the literature prescribes that individuals will stop 
their search process once their aspirations are met, rather than keep on searching 
to achieve a global optimum (Posen et al., 2018; Cyert & March, 1963; March & Si-
mon, 1958; Simon, 1955). In line with Billinger et al. (2014), as a reference point 
it is possible to consider the highest-performing combination, the one that obtained 
the highest payoff, found by an individual in prior trials. Individuals’ reference points 
are reciprocally influenced through dynamic tradeoffs based on how easily individual 
aspiration levels can be reached and on how much benefit they bring. The search 
landscape, in fact, depends on agents’ attributes, determining their aspiration and 
survival levels and to the state of the population, since through feedback individ-
uals compare their results in relation to the performance of all the other agents 
(Marengo et al., 2022). Connected to the work of Billinger et al. (2021), the aspi-
ration level is linked to the decision on whether to search. In fact, once a satisfy-
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ing choice is identified in relation to this point, an individual will cease looking for 
performance improvements. Decision-makers, in fact, rather than pursuing a 
global optimum, are mainly responsive to whether they encounter a reference point 
during their search activity (Marengo et al., 2022). The most difficult challenge for 
an individual is, then, to stabilize around the good choices, while at the same time 
keeping on searching for further improvements (Rivkin and Siggelkow, 2003; Bau-
mann et al., 2019). Individuals search behavior, in fact, is not uniform but rather 
mixed, alternating elements of local and more distant search (Billinger et al., 2014). 
A positive performance feedback decreases search breadth and focuses search in 
proximity of the areas in which an agent has experienced a performance increase 
(Billinger et al., 2014). Positive local feedback generates a strong path dependence 
and it may tie agents to suboptimal equilibria (March, 1991). Additionally, in a se-
quential search process what is learned at a particular point in time affects what can 
be learned at a later point in the research. (Rivkin and Siggelkow, 2003; Baumann 
et al., 2019). From previous studies, in fact, it emerges that performance substan-
tially increases in the number of search trials (Billinger et al., 2014). 

Performance feedback received at the end of the first trials shapes agents’ aspi-
rations. Agents receiving a positive feedback will, then, gain confidence and indulge 
in subsequent exploration, enlarging their search space. Once agents’ aspirations are 
fulfilled, they will cease looking for improvements and will stick to the combinations 
found. It is then, possible to hypothesize that:  

  
H1a: “Positive feedback, relative to an agent’s aspirations, will lead to an increase of search 
breadth in the initial trials.” 
H1b: “Positive feedback aligned to an agent’s aspirations will result in a reduction of search 
breadth.” 

 
Nonetheless, decision-makers evaluate their performance on the basis of two reference 
points: an aspiration level and a survival point (Marengo et al., 2022). As explained, 
the degree of search depends on the individual perception of how well an agent is 
doing. On this basis individuals categorize results into success and failure. As a con-
sequence, decision makers move among two reference points, a lower point ensur-
ing survival and a success point that depends on the previously analyzed aspiration 
levels (March, 1988). The following steps in the search landscape are represented 
by efforts to close the gap between aspirations and performance. The survival point 
determines the evaluation of discovered alternatives. If an alternative is found above 
this reference, this will be adopted despite potentially losing fitness in the current 
period. As a consequence, individuals are not affected by additional improvements 
in-between these subjective references. Agents, in fact, do not keep on searching for 
continuous improvements but rather rely on reference points as heuristics of 
search (Marengo et al., 2022). When performance feedback is below a level that is 
considered as acceptable, this will trigger explorative search in order to reach a lev-
el comprised between the aspirational and survival levels. Therefore it follows that: 

 

to explore or to exploit? 
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H1c: “Negative feedback in relation to an agent’s survival point will result in an increase 
of search breadth.” 
 
Control Setting – On the other hand, in line with the findings by Marengo et al. (2022), 
in the control setting reference points are set by firms, rather than being adaptive-
ly defined by agents, in order to match with their environment. A firm, actually, tries 
to gravitate around what Rivkin and Siggelkow (2003) define as a “sticking point” 
– “a configuration of choices from which it will not change” (p.292). In a controlled 
setting, managers can establish reference points to effectively direct attention 
throughout a company to adjust or redirect strategy (Blettner et al., 2015). Additionally, 
establishing goals through a central authority allows to align goals with firm strat-
egy and for aspiration levels to be concrete and high enough to trigger efforts to in-
crease performance (Greve, 2010). Within organizations, reference points filter both 
whether and how agents search. Establishing a target equals for individuals to search 
on a subjective landscape that is reduced and much smoother than the underlying 
performance landscape. This reduced landscape is made of peaks, satisfying aspirations, 
connected by ridges to survival points and separated by performance holes (Maren-
go et al., 2022). As explained by March (1988), establishing a target has a strong in-
fluence in directing attention, defining the subjective reference points for success in 
search behavior. The subsequent level of search depends on the individual percep-
tion of how well the agent is doing. Additionally, through this perception a decision 
maker classifies results into the categories of success and failure (March, 1988). 

Consequently, individuals will search on a ridge between a preferable and un-
desirable performance, combined with performance holes - combinations leading 
to performance below the survival point - and peaks - combinations above aspira-
tions (Marengo et al., 2022). In line with the findings of Simon (1959) individuals 
will look for alternative courses of action when performance falls below aspirations 
within organizations. As already mentioned, problemistic search is affected by a heuris-
tic rule of searching in the neighborhood of current activities. Establishing a target 
to be reached could made the search process more successful through the identifi-
cation of where the problem resides within the organization (Greve, 2010).   

In a controlled setting, the aspirational level and survival point are not individ-
ually defined by agents but externally provided. Therefore feedback will not shape 
individuals’ aspirations but it will reflect if an agent performance is in line with the 
established target. Therefore it follows that: l reflect if an agent performance is in 
line with the established target. Therefore it follows that:  

 
H2a: “Positive feedback in relation to the established target will result in a reduction of 
the search breadth.” 
H2b: “Negative feedback in relation to the established target will result in an increase 
of search breadth.” 
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Complexity 
 

Autonomy Setting – According to Billinger et al. (2014) complexity of the search land-
scape does not directly influence search behavior, but rather indirectly through per-
formance feedback. Individuals behavior adapts to task complexity, since as task dif-
ficulty increases so it does search breadth (Billinger et al., 2014). Local search can 
be seen as a sequence of trials that involve changing only one attribute at a time and 
learning from the resulting performance feedback. In rugged landscapes, as long as 
experimentation is local and fails to consider interdependencies, it will only lead to 
a low local peak (Baumann et al., 2019). Performance feedback from previous tri-
als has a crucial role in determining where in the search space individuals will look 
for higher-performing configurations (Billinger et al., 2014). As represented by the 
NK model, the fact that superior solutions are often far from the starting point, since 
they require a change in more than one choice, poses a challenge to the sequential 
search process. Boundedly rational individuals, in fact, cannot identify on their own 
higher-performing solutions that are deeply different from the solutions they know. 
On the contrary, individuals tend to search in the neighborhood of current solutions, 
by changing one dimension at time (Baumann et al., 2019). In highly complex task 
environments local search can easily get stuck on local optima and undertaking more 
distant search gives more chances to improve performance (Billinger et al., 2014). 
One effective way to search is to simultaneously change several choices, which has 
been identified as executing “long jumps” (Baumann et al., 2019; Levinthal, 1997). 
A more trustworthy alternative could be to detect superior solutions by collecting avail-
able insights, as learning from the observation of others’ solutions (Baumann et al., 
2019; Rivkin, 2000). Reference points, in fact, are subjective, depending on the in-
dividual performance in previous rounds, and therefore can change over time and 
across individuals in the same setting (Billinger et al., 2014). High complexity in the 
landscape and changes in the strategy rewards tend to penalize agents with high as-
piration levels (Marengo et al., 2022). Problem representations can change through-
out the search process. A shift in representations can be considered as an higher-lev-
el experimentation, broadening search but without relying on any superior insight 
(Baumann et al., 2019). Agents’ search behavior responds to task complexity, even 
though not in a straightforward manner. Complexity, in fact, induces agents to mix 
local and distant search, not to opt exclusively for one of the two. Performance in-
creases with the number of trials, whereas task complexity negatively affects the recog-
nition of improvements, negatively influencing performance in turn (Billinger et al., 
2014). If the new combination found delivers a superior performance it will be im-
plemented, otherwise it will be discarded (Baumann et al., 2019). Complexity of the 
search landscape will be reflected in the performance feedback received that will im-
pact on the aspirations of decision-makers. Agents will, then, need to engage in a more 
explorative research on the performance landscape, as interdependencies among at-
tributes increase, in order to reach their aspirational level and satisfice. It follows that:  
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H3a: “As complexity - represented by the interdependencies among attributes – increases, 
agents will engage in a more explorative search.” 

 
At the same time, a negative performance feedback may result in a downwards up-
date of individuals’ aspirations and it may lead agents to satisfice on a lower point 
and subsequently stop search earlier. So, it is possible to additionally hypothesize that:  
 
H3b: “As complexity – represented by the interdependencies among attributes – increases, 
agents will satisfice on a lower payoff and reduce their search breadth.” 

 
Control Setting – In a controlled environment, cognitive representations of the prob-
lem space can, indeed, improve the effectiveness of search by providing intuitions 
into potentially superior solutions and by suggesting an understanding of the struc-
tural characteristics of the problem (Baumann et al., 2019).  Representations can 
be defined as coarse, since these are approximations of the real problem structure 
(Baumann et al., 2019; Gavetti and Levinthal, 2000). Search breadth is not, in fact, 
influenced exclusively by feedback but it also depends on the features of the envi-
ronment that an organization faces, since these influence their reference points. Es-
tablishing aspiration levels influences the extent of feasible options and opportunities 
for development available for an organization. Reference points, indeed, influence 
individuals’ perceptions and evaluation of performance and guide the search pro-
cess. As recalled, agents, in a controlled setting, do not face the entire performance 
landscape but what they see are peaks – points above the aspiration level –, valleys 
– combinations below the survival point –  and ridges, connecting aspirations and 
survival levels (Marengo et al., 2022). Organizational design determines the num-
ber of these points and their associated payoffs. Additionally, it also affects the prob-
ability that a firm will actually attain such equilibrium. Organizations, especially those 
facing complex environments, need to achieve a balance between elements that sup-
port search and elements supporting stability. In the presence of extensive interde-
pendencies among organizational attributes, organizations will need to rely more 
on features supporting a more extensive search (Rivkin and Siggelkow, 2003).  

The risks connected with a disequilibrium between aspiration levels and survival 
points is not symmetrical. In fact, decision makers with high aspiration points and low 
survival point may search in a too wide area of the landscape and consequently not 
reach their desired performance. On the contrary, agents with high survival points 
but low aspirations experience only a small portion of the performance landscape and 
may settle on mediocre solutions, threatening their long term survival (Marengo et 
al., 2022). The control imposed by organizational structures impacts a firm’s per-
formance by directing agents’ search behavior on the landscape they confront. De-
sign features affect the degree to which a firm searches in its environment to find suc-
cessful combinations of coordinated choices and if the organization is able to stabi-
lize around those combinations once identified (Rivkin and Siggelkow, 2003).  

Representations are effective since they allow for a cognitive or “offline” evalu-
ation of possible solutions, so that superior combinations can be found without test-
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ing them with experimentation (Baumann et al., 2019; Gavetti and Levinthal, 2000). 
Coarse representations  restrict the search space to choices that have higher expected 
performance, since these establish a higher starting point for subsequent experiential 
search efforts (Baumann et al., 2019; Gavetti and Levinthal, 2000). Additionally, coarse 
insights are particularly useful when a complex problem cannot be divided in small-
er modules, so when there are high interdependencies within the problem attributes 
(Baumann et al., 2019; Gavetti et al., 2005). Moreover, representations of the un-
derlying problem structure facilitate problem decomposition (Baumann et al., 2019). 

Therefore, when an organization is facing a complex problem, the presence of 
a central coordinator or “strategist” providing insights into the problem structure, 
allows for a more effective search (Baumann et al., 2019).  

As interdependencies among organizational attributes increase, the subsequent 
complexity will be reflected in performance feedback. A positive feedback, result-
ing in a payoff belonging to the target, will lead agents to reduce search efforts. On 
the contrary, a negative feedback in the presence of an externally imposed target, 
rather than updating downwards agents aspirations, might have the effect of stim-
ulating search in order to reach the target itself. It follows that:  

 
H4a: “As complexity – represented by the interdependencies among attributes – increases, 
agents will reduce search breadth in response to a positive performance feedback.” 
H4b: “As complexity – represented by the interdependencies among attributes – increases, 
agents will increase search breadth in response to a negative performance feedback.” 

 
Introduction of a penalty 

 
Autonomy Setting – In both the autonomy and control setting, this research work will 
try to account for the possible influence that the introduction of a penalty exerts on 
the decision to stop search.  

Individuals are inclined toward over-exploration, as evidenced by Billinger et al. 
(2014) experiment, since they tend to cease neighborhood search too early. More-
over, in the initial rounds agents tend to engage in distant search, meaning that they 
will change multiple attributes altogether (Billinger et al., 2014). Local search allows 
immediate and incremental gains in proximity of existing alternatives, bearing the 
risk of localizing on a local optimum. On the contrary, distant search is riskier and 
gives agents the chance to discover better alternatives in the search landscape. In sim-
ple tasks the better option for agents would be to engage more in local search. Nonethe-
less, human decision makers interrupt local search in favor of more distant search too 
early in simple tasks, sacrificing potential gains from local improvements (Billinger 
et al., 2014).  In a setting in which additional search has a cost, in order to reduce re-
gret agents will tend to stop as soon as they meet reasonably high valued combina-
tions (Billinger et al., 2021; Baillon et al., 2020; Goldstein et al., 2020; Hey et al., 2017).  

As previously mentioned, feedback is classified as positive or negative on the ba-
sis of subjective reference points (Marengo et al., 2022; Billinger et al., 2014; March, 
1988). When taking decisions under risk the security level – the maximum of the min-
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imal outcomes for a possible choice – represents one of the most common reference 
points (Baillon et al., 2020).  

As also evidenced by Labianca et al. (2009), in competitive comparison, when 
an agent confronts its performance with its competitors and its relative outcome is 
not satisficing, he/she will engage in exploration and radical changes. At the same 
time, highly performative agents will engage in explorative and riskier changes in 
order to reach the combinations they strive to (Labianca et al. 2009). It is, then, nec-
essary to consider that aspirations change on the basis of individual experiences, with 
an impact on risk taking attitude and the subsequent decisions on search breadth. 
Success in relation to aspiration levels induces a preference for smaller risks where-
as failure induces agents to take greater risks (March, 1988).  

The tendency of agents to excessively rely on exploration in response to aspira-
tional levels and negative feedback is well documented in the literature. The intro-
duction of a penalty should reduce this tendency, however this effect is unlikely to 
completely vanish. Therefore it is possible to hypothesize that:  

 
H5a: “The introduction of a penalty moderates the relationship between aspirations and 
search breadth.” 
H5b: “The introduction of a penalty moderates the relationship between performance 
feedback and search breadth.” 

 
Control Setting – Regarding the introduction of a penalty in a controlled setting, it 
is relevant to recall that within an organization managers focus on organizational 
goals sequentially and different aspiration levels are attached to each goal. Firms, 
therefore, will tend to expand more when they find themselves below aspiration lev-
els (Greve, 2008). Therefore, even if riskier, when an agent achieves a performance 
below the established target, he/she will engage in a more exploratory search, de-
spite the increased risk in undertaking it. This is in line with previous findings by Greve 
(2010), according to which decision makers are willing to bear more risks when their 
performance results below their aspiration level.  

Within a controlled setting, in which an organization sets a target to be reached, 
risk taking attitude can be influenced through the use of a penalty up to a level nec-
essary to implement strategic changes in order to achieve the performance target and 
at the same time to inhibit search from reaching hazardous levels (Greve, 2010). As 
highlighted by the work of Lee and Meyer-Doyle (2017), incentives can be used with-
in organizations to influence individual behavior. In particular, when performance-
based incentives are reduced, individuals will engage in more exploratory search. 
On this regard, March (1991) proposed that incentives could represent a factor shap-
ing individuals’ decision to explore or exploit, but arranging them to promote indi-
vidual’s exploration is particularly difficult due to the uncertainty and remote gains 
associated with these activities.  In line with this argument, actually lowering per-
formance-based incentives has a beneficial effect on exploration performance ob-
tained through experiential learning. This effect is particularly powerful for agents 
operating in complex task environments, since these settings require higher levels 
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of exploration to attain a satisficing performance (Lee and Meyer-Doyle, 2017). As 
recalled, according to Billinger et al. (2014) individuals tend to break off neighborhood 
search too early, wasting the possibilities offered by local improvements. The in-
troduction of a penalty, within a controlled setting, could be used to discourage the 
excessive relying on exploration, in response to a negative feedback. Therefore it is 
possible to hypothesize that:  

 
H6: “The introduction of a penalty in a controlled setting, moderates the relationship 
between performance feedback and search breadth.” 

 
method 

 
The Model 
 
In order to address the research question and to test the hypotheses reported above 
an empirical experiment has been conducted. In line with previous literature 
(Gavetti and Levinthal, 2000; Gavetti,2005; Billinger et al., 2014, 2021; Marengo 
et al., 2022) an implementation of the NK model (Kauffman, 1993) has been used.  

As developed by Levinthal (1997) in its application in economics, the model de-
fines a fitness landscape through two parameters N and K. A fitness landscape is a mul-
tidimensional space in which each attribute of a system is represented by a dimen-
sion of the space and a final dimension that implies the fitness level of the system 
(Levinthal, 1997).   

In a NK Model an organization is defined by N attributes and each attribute can 
assume two possible values. Therefore, the fitness space is constituted by the 2N pos-
sible combinations of attributes. The values of the N decision variables are determined 
as random draws from a uniform distribution and the overall payoff of a combina-
tion is given by the average of the values assigned to each of the N variables 
(Levinthal,1997).  

The variable K determines the degree to which the fitness of the organization de-
pends on the interrelatedness between the attributes, and therefore the complexity 
of the task. In fact, the contribution of a single attribute to the overall fitness depends 
on the other K attributes. If K=0, the contribution of each attribute is independent 
from all the other elements, whereas when K assumes the highest value of N-1, then 
the contribution of each attribute to the fitness of the organization depends on all the 
other attributes. The value of the parameter K determines the smoothness or rugged-
ness of the landscape. If K=0 each attribute contributes independently to the over-
all fitness and the resulting landscape is smooth, since a change in one attribute does 
not affect the fitness contribution of the other N-1 attributes. When K rises up to the 
maximum value of N-1, the landscape becomes more rugged and in this case a change 
in one attribute affects the value of the K other attributes. In particular, when K =N-
1 a change in just one attribute affects the fitness contribution of all the other attributes.  
Moreover the value of K affects the number of peaks in the fitness landscape. If K is 
equal to 0 the fitness space will be a single-peaked one. This means that, since attributes 
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are independent of each other, the environmental fitness can always be improved by 
shifting a single attribute. On the contrary when K is higher than 0 the fitness space 
will be characterized by multiple peaks. Given the high interdependence between the 
attributes, a change in a single attribute may actually lower the overall fitness but a 
change in multiple attributes may result in an increase of fitness (Levinthal, 1997). 

The process of adaptation allows organizations to modify their structure in or-
der to increase their fitness. The initial configuration of an organization will have an 
enduring effect on its future structure when the environment has multiple peaks, that 
is extremely complex, since the specific peak that an organization can reach is, for 
the majority, decided by the starting place in the space of alternative organization-
al forms. These effects endure as a result of the path dependence of the search pro-
cess (Levinthal, 1997). 

This landscape increases the risk that boundedly rational individuals may be dragged 
towards low-performing peaks. Managers need therefore to construct a search pro-
cess that facilitates reaching higher peaks while escaping lower ones (Baumann, 2019; 
Baumann, 2015; Siggelkow, 2002). As explained by Baumann (2019) “a peak repre-
sents a choice combination in which performance cannot be improved by changing only 
one choice” (p. 289). The greater the degree of interrelatedness among decisions, the 
more rugged will be the landscape faced by an organization. This ruggedness will serve 
as a stabilizing factor and, in order to counterbalance this stasis, organizations will need 
to design organizational features in favor of search (Rivkin and Siggelkow, 2003). 

As discussed by Friedman (1953), adaptive search heuristics, like aspiration lev-
els and survival points, can lead to global optima when decisions to undertake are 
relatively simple, but these are not enough when decisions involve highly interde-
pendent elements (Marengo et al., 2022).  In a “smooth” landscape, as interde-
pendencies are absent, whatever the “starting point” is, an “hill-climbing” local search 
will lead to the optimum solution, the only peak in the landscape, regardless of the 
order in which dimensions are changed. On the contrary in a “rugged “landscape, 
local search from the initial starting point will lead to a suboptimal equilibrium, a 
“local” peak. In order to reach the best solution in the landscape, so the “global” peak, 
the appropriate changes will need to be undertaken in both the dimensions of the 
landscape. However, when dimensions can be changed only sequentially, it could be 
necessary to move downhill in order to reach higher peaks and the process becomes 
exponentially more difficult. In general, the effectiveness of a search process can be 
improved by systematically enlarging search. A search process that explores a larg-
er part of the space allows to recognize superior solutions that could have not been 
reached through a local “hill climbing” process (Baumann et al., 2019).  

Searching for good combinations is complicated in rugged performance landscapes 
as managers do not know in advance which ones are better. It is, therefore, impossi-
ble to immediately direct efforts towards a high performing peak (Baumann et al., 2019). 
On the contrary, better combinations in the performance landscape must be found, 
as explained by the literature, through a sequential search process. Managers start with 
an initial combination of attributes and look for better solutions by modifying their cur-
rent selection over time (Baumann et al., 2019; Nelson and Winter, 1982; Simon, 1955).
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Figure 1. Representation of a Fitness Landscape  
Source:  Baumann et al. (2019) 

 
Experimental Setting  
 
Following the works of Billinger et al. (2014, 2021) a field experiment has been im-
plemented. Adopting an experiment to study search processes in a complex combi-
natorial task is particularly appropriate. Experimental settings allow to control and 
to modify factors like task complexity or information available to decision makers 
(Billinger et al., 2014; Sterman, 1987). Additionally, empirical experiments allow 
to gain valuable insights into human behavior in a controlled environment (Billinger 
et al., 2014; Sterman; 1987). Decision rules in simulation models of human behavior 
attempt to describe decision making aptitudes as they are rather than how they should 
be. Direct experiments can be used to corroborate or contradict decision rules in sim-
ulated settings. In empirical experiments, the use of an interactive game allows in-
dividuals to have a role in the framework being modeled. Participants play the game 
in a controlled environment adapted to the model being tested, and are given the 
same information set, but they can take decisions as they want. Human behavior can, 
therefore, be immediately confronted with the expected decision-making behavior 
from the model (Sterman, 1987).  

Only a small number of experimental studies considers how individuals or groups 
search throughout a complex problem system. Experiments are particularly useful 
since a stylized theoretical model can be translated into an empirical setting to ex-
amine the degree to which individuals or groups act as expected by the model. Sim-
ilarly to experimental game-theory studies, observed search behavior in a complex 
problem landscape may differ from the results of simulation studies (Baumann et 
al., 2019; Camerer, 2003).  

Based on this theoretical insights and in line with the works of previous schol-
ars, a model has been designed to develop the performance landscape and examine 
diverse aspects of effective search processes (Baumann et al., 2019).  Through the 
use of the NK model, it is possible to link a firm’s choices to its payoffs and build a 
landscape in the space of decisions. Organizations can be modeled as trying to reach 
and maintain a peak on this landscape, given by combinations of interrelated elements 
that together grant a high payoff (Rivkin and Siggelkow, 2003). The performance land-
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scape created through the use of the NK algorithm defines the task environments that 
agents will face through the empirical experiment (Billinger et al., 2014).  

The experiment was structured on two different setups an Autonomy Setting and 
a Control Setting, in order to address the research question on whether the auton-
omy or control in executing a certain task had an influence on the search behavior 
of an agent. According to Gavetti (2005), in an Autonomy regime decision-makers 
can independently define a representation of the strategic landscape they face, re-
alize a strategy based on it and implement the strategy through local search. On the 
contrary, in a Controlled setting corporate executives determine how to frame the 
search landscape, define strategies based on their perceptions and demand on their 
subordinates to implement it (Gavetti, 2005).  

These conditions where reflected in the questionnaires provided to the experi-
ment participants. In the autonomy setting participants were asked to develop a busi-
ness model that would allow them to reach a leading position in the market – to reach 
the global peak. Agents were informed about what was the global peak in the land-
scape. Consequently they were able to autonomously settle their aspirations and de-
cide how to search for solutions through the performance landscape.  

Conversely, within the control setting participants worked in a company for which 
they needed to update the current business model in order to reach an established 
target. Decision-makers knew what was the global peak, but they were also explic-
itly provided a strategy to follow when searching, defined by the target imposed by 
the fictional company CEO.  

In the experiment, the business model is described by six factors which can as-
sume two possible dimensions. The N factors on which the experimental setting is 
built have been taken from Morris et al. (2005) six-component framework for char-
acterizing a business model. The development of a business model, in fact, requires 
coordination among functionally specialized units and the NK model represents a 
valid structure to represent complexity coming from interdependency patterns among 
alternatives (Baumann et al., 2019; Andries et al., 2013). As defined by Morris et al. 
(2005) “A business model is a concise representation of how an interrelated set of 
decision variables […] are addressed to create sustainable competitive advantage 
in defined markets” (p.727).  The development of new strategies, technologies, prod-
ucts or business models requires to address complex problems, involving a large num-
ber of highly interdependent choices. Managers are, indeed, boundedly rational in-
dividuals that need to find a high-performing combination of increasingly interde-
pendent choices. This equals to find a “peak” in a rugged performance landscape that 
managers can explore only through sequential search (Baumann et al., 2019). Ad-
ditionally, it is suitable to study a business model since through experimentation with 
a specific configuration and the respective feedback from the environment, decision 
makers can actively learn from the environment. If feedback received is negative, the 
initial business model is reshaped and a new configuration is implemented. Enter-
prises will therefore change their initial configurations as they learn about and in-
corporate information throughout the experimental process (Andries et al., 2013; 
Gruber et al., 2008; Minniti and Bygrave, 2008).  
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In the experiment, the business model is described by six factors which can as-
sume two possible dimensions. For each factor, participants were asked to choose 
among two options, accounting for a total of 6 binary choices.  Each dimension could 
assume two possible values 0 or 1. Participants did not know the payoff of the sin-
gle options. Therefore, the entire search landscape is made of 26 = 64 possible al-
ternatives. The number of search trials, for each scenario, is limited to 6. Participants 
were provided with the same initial combination. In each round, in response to the 
feedback received from the previous one, agents could decide on whether to 
change none, some or all the attributes from their previous combination.  

Additionally, in line with the description of the NK model, complexity was in-
troduced through the use of the parameter K. In line with previous literature (Maren-
go, 2022; Billinger et al., 2021, 2014; Csaszar and Levinthal, 2016; Gavetti, 2005; 
Gavetti & Levinthal, 2000), three different levels of complexity are considered. In 
the first two trials, the level of complexity was at 0 (K=0), meaning that there were 
no interactions among the different attributes. In the third and fourth round a more 
complex landscape was developed with some degree of interrelatedness among at-
tributes (K=2). In the last two rounds, a maximally rugged and highly complex land-
scape was built (K=5).  

Finally, this research work will try to account for a condition mostly unexplored 
in the literature. As explained by Billinger et al. (2021), the previous work of Billinger 
et al. (2014) enacts a problem of “pure search” in which search is not associated to 
a downside risk. This assumption limits the extension of their results to many real-
life settings, in which the exploration of different alternatives is associated to a high-
level of risk, such as developing new products or viable business models. The work 
of Billinger et al. (2021) to account for the dimension of risk-taking proposes to adopt 
an opportunity cost of changing the current combination, since the final reward for 
participants depends on the sum of payoffs accumulated through the different rounds. 
In the setting developed, since the objective for participants is to reach the higher 
possible or established payoff in the current round, a different penalty was introduced. 
The penalty consisted in a payoff reduction of the 10% for each attribute in which 
participants accidentally changed the alternative with the higher payoff (valued at 
1) with the lower performing one (valued at 0) (-0,1 as the payoff associated with 
said attribute).  

 
Implementation 
 
The experimental setting described above has been developed to test this research 
work’s hypotheses. In order to implement it, a pilot experiment has been undertaken. 
The experiment involved 20 participants and three separate sessions were arranged 
(two sessions with 7 participants and one with 6). Each session lasted approximately 
two hours and took place online, through the platform of Google Meets. At the be-
ginning of the call, a Word copy of the Instructions, Questions and Final Question-
naire was sent via mail to each participant. The copies sent had all the same initial 
combination with a payoff equal to 0,5. In two sessions the first file was the one based 
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on the Autonomy Setting (see Appendix 1), whereas in one session I sent first the 
Control Setting one (see Appendix 2). Participants read the instructions and for each 
round answered to questions 1-6 and, as an exemplification of the aspirational lev-
els, they had to write their expected payoff at the end of the round. They had to choose 
among the same alternatives for 6 rounds.  

Regarding the issue of complexity, the first two rounds were set in a smooth land-
scape. Starting from round 3, complexity was introduced. Between rounds 3 and 4, 
agents faced the moderately complex environment (K=2) and through rounds 5 and 
6 agents faced the maximally complex rugged landscape (K=5). Agents did not know 
that they were going to face increasingly complex landscapes. This condition was re-
flected in the feedback they received for their performance.  

At the end of each round, participants communicated privately their combina-
tion and expected payoff. Once all the responses were collected, the average payoff 
was publicly announced whereas individual feedback was communicated separately 
through chat messages, so that participants could make their own evaluations on how 
to proceed in the tasks. At the end of the last round in each scenario, participants 
also answered to the final questionnaire.  

Participants were then asked to reiterate the whole procedure in the alternative 
scenario. The total observations collected in both scenarios amounts to 40. 

 
analysis and results 

 
Empirical Analysis 
 
Dependent Variable – The aim of this research work is to understand to what extent 
exogenous factors influence individuals’ search behavior, so their inclination towards 
exploitation – applying previously successful solutions in order to solve current tasks 
–, or rather exploration – relying on new mixes of choices to acquire the necessary 
knowledge to face present contingencies. Therefore, the principal construct that will 
be analyzed through this analysis is search breadth. Search breadth serves as a proxy 
to qualify an observed search behavior as exploitative or explorative. It is measured 
as the number of attributes changed between each round. This variable can assume 
a value between 0 and 6, as the number of attributes that participants in the experiment 
were allowed to change in each trial. On average, agents changed 2,10 attributes per 
trial in the autonomy setting (standard deviation: 0,21), whereas in the control set-
ting the average was 1,76 (standard deviation: 1,34). 

 
Independent Variables – In order to test this research work’s hypotheses, a series of 
variables has been developed. In the autonomy setting to test the relationship be-
tween performance feedback and search breadth, it was first of all established which 
was the reference point against which agents confronted their performance. Answering 
Question 2) from the final questionnaire, 40% of participants declared to compare 
their performance to the payoff achieved in the previous rounds, whereas the re-
maining 60% measured their results with respect to the average performance achieved 



23

by all the other participants. Therefore, a measure to codify this tendency has been 
introduced named Feedback Reference. Additionally, the variable Performance Feed-
back was construed to encode performance as a success or failure in comparison to 
the feedback reference for each agent. Finally, it was interesting to compare the pay-
off achieved at the end of each round with the aspirational level of agents, so to their 
expected payoff, through the measure of Aspirations Feedback. 

On the contrary, in the control setting 85% of participants affirmed to compare 
their performance to the payoff achieved in previous rounds, making the compari-
son with the payoff achieved by other participants much less relevant. Therefore, the 
payoff achieved by an agent at the end of each round was compared to the Target 
to be reached. In this setting, the variable Performance Feedback classified success 
when an agent’s payoff fell within or above the Target, whereas failure was encod-
ed when an agent’s payoff was below the target.  

With reference to the relationship between search breadth and complexity, in the 
autonomy setting the variable Updated Aspirations was introduced to classify whether 
aspirations adjusted upwards or downwards with respect to the previous round. 

 
Control Variables – Within the experimental setting, it was possible to control for sev-
eral factors that may have an impact on individuals’ search behavior. First of all, as 
one of the central aspects of this research, it was possible to distinguish between an 
Autonomy Setting, characterized by the absence of previously determined reference 
points, and a Control Setting, in which a target to be reached by agents was clearly 
established. Additionally, the experimental setup allowed to control for the Complexity 
of the search space. Moreover, it was possible to define the number of Rounds avail-
able for each participant. Finally, through the introduction of a Penalty it was pos-
sible to introduce an opportunity cost of exploration.  

The tables below summarize the variables used to conduct the analysis of ex-
perimental results. 

to explore or to exploit? 

Table 1.a – Descriptive Statistics for the Autonomy Setting  
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Table 1.b – Descriptive Statistics for the Control Setting  
 

Results 
 
Relationship between Search Breadth and Performance Feedback – Regarding the re-
lationship between performance feedback and search breadth, it is necessary to dis-
tinguish findings related to the autonomy setting and those related to the control set-
ting. For both scenarios, in order to test the effect that performance feedback actu-
ally had on search breadth, average performance feedback was computed between 
rounds 1 to 5 (excluding the last round, since the relative performance feedback could 
not be reflected in the number of attributes changed in subsequent rounds). For the 
same reason, average search breadth was based on the number of attributes 
changed between rounds 2 to 6 (excluding the first round, since the number of at-
tributes changed did not depend on performance feedback from the previous round). 

 
Autonomy Setting – With reference to the autonomy setting, the first step, as before 
explained in the variables section, consisted in identifying on which reference point 
agents anchored their aspirational levels. Once these were defined, the payoff re-
ceived in each round was confronted with the payoff obtained in the previous round 
(with the expected payoff and actual payoff in the first round) for agents focused 
on their previous performance, or with the average payoff at the end of the round 
for agents that were interested in their performance with respect to the other par-
ticipants. For each participant it was, then, computed the average performance feed-
back between rounds 1-5 and the average search breadth in rounds 2-6. What emerges 
it is the relationship depicted in Figure 2.a. There exists a negative relation between 
average performance feedback and average search breadth. This result is in line with 
an accepted finding in the literature, according to which agents stop their search pro-
cess once their aspirations are met, rather than keep on searching to achieve a glob-
al optimum (Posen et al., 2018; Cyert & March, 1963; March & Simon, 1958; Simon, 
1955). As performance approaches individual aspirational levels, agents will tend 
to satisfice and decrease their search breadth, relying onto exploitation. On the con-
trary, as performance feedback decreases, agents will concentrate their efforts on 
exploration in order to meet their aspirational level. 
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Table 2.a – Regression Statistics for the Autonomy Setting 
  
As shown by the value of R Square this linear correlation is true for the 47% of 

observations collected, with a confidence interval of 95%.  The multiple R value sug-
gests that this relation is strong. This result is also statistically significant, since the 
value of Significance F is less than 0.05 and the p-value for the average performance 
feedback is 0,0008 (<0,05). Nonetheless, the value of the standard error is quite high, 
possibly due to the small sample size. With this limitation, it is possible to accept H1b 
and H1c. A positive feedback with respect to an agent’s aspirations results in a re-
duction of search breadth, whereas a negative feedback leads to an enlargement of 
search breadth.  

However, it is also noteworthy to conduct an analysis focused on the relationship 
between search behavior and aspirations with reference to the agents receiving a pos-
itive performance feedback. Part of the literature, in fact, in contrast with the pre-
vious findings, suggests that a positive feedback may adjust aspirations upwards. Agents 
would then become greedy and unlikely to stop search, especially in the initial tri-
als (Billinger, 2021; Lant, 1992). In order to test this assumption, for each agent the 
payoff obtained from round 1 to 5 was compared with the expected payoff through 
the variable Aspirations Feedback. Then, for each round, the average number of 

to explore or to exploit? 
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changes made by all participants (the Average Search Breadth) receiving a positive 
Aspiration Feedback (Positive Asp. Fb.) and a negative Aspiration Feedback (Nega-
tive Asp. Fb.) were computed. The resulting relation is shown in Figure 2.b. 

*For the 1st Round, since the number of changes was not influenced by Aspirations Feedback, 
Average Search Breadth is normalized at 0. 

 
As expected, and in line with the findings for H1b and H1c, agents obtaining a 

payoff below their aspirations, on average, registered a higher average search breadth 
than those meeting their aspirations. Focusing on agents receiving a positive aspi-
rations feedback, it is possible to see that that after the first two trials average search 
breadth increases in line with an increase in expectations, with the average expected 
payoff passing from 0,59 to 0,7. But, after the third round, as also complexity increases, 
average search breadth first decreases, then it increases in round 5, to decrease again 
in  the last round, where successful agents decrease their average search breadth and 
satisfice.  If it is true that after a successful performance in the initial rounds agents 
increase their expectations, and subsequently enlarge their search breadth, it is not 
clear why after satisficing and receiving a positive aspirations feedback agents in-
crease again their search breadth. It needs to be considered that, after round 4, agents 
that achieved a payoff equal or above their expectations on average changed 2 at-
tributes with a standard deviation of 1,88, suggesting a quite varied response to as-
pirations feedback. Based on the observed data, there is not enough evidence to sup-
port H1a, which is consequently rejected. 

 
Control Setting – In order to test the relationship between performance feedback and 
search breadth in the control setting, the payoff achieved by an agent at the end of 
each round was compared with the established target. For each agent was then com-
puted the average performance feedback for rounds 1 to 5 and the number of attributes 
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changed between rounds 2 to 6. What emerges is that there exist a negative relation 
between Average Performance Feedback and Average Search Breadth, as shown in 
Figure 2.c. 

to explore or to exploit? 

Table 2.b – Regression Statistics for the Control Setting 
  
This relation is even stronger than in the autonomy scenario, as demonstrated 

by the higher value of the R square indicator. In line with previous findings, an es-
tablished target strongly influences attention, defining the reference points for suc-
cess in search behavior (March, 1988). Individuals, in organizations, will therefore 
look for alternative courses of action when performance falls below this reference 
(Simon, 1959).  Through this relationship is, in fact, possible to explain the 54% of 
observations collected, with a confidence interval of 95%. The value of the multi-
ple R indicator points that the relationship among the two variables is strong. Ad-
ditionally, this result is statistically significant as the value of the indicator of sig-
nificance F is less than the critical value (<0,05), as the p-value for the average per-
formance feedback (0,00024). However, also in this setting, the value for the stan-
dard error is high, as a possible effect due to the small sample size. With this limi-
tation, it is then possible to accept H2a and H2b. A high average performance feed-
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back in relation to the established target will result in a decrease of search breadth, 
favoring exploitation, whereas a negative performance feedback will increase 
search breadth, leading to exploration. 

 
Relationship between Search Breadth and Complexity 
 
Autonomy Setting – In order to test the relationship between complexity and search 
breadth, it is necessary to start from performance feedback. As evidenced by Billinger 
et al. (2014), in fact, complexity of the search landscape indirectly influence search 
behavior through performance feedback. Performance feedback from previous rounds 
determines where in the search space agents will look for performance improvements. 
Therefore, it was first necessary to distinguish for each level of complexity agents 
achieving positive and negative performance feedback. Subsequently, average 
search breadth for each level of complexity was computed for both clusters. The re-
lationship derived between the level of complexity – represented by the interrela-
tionships among attributes – and search breadth is shown in Figure 3.a. 

As it is possible to observe, complexity of the landscape, results in a negative per-
formance feedback, but decision-makers will nonetheless still strive to reach a high-
er aspirational level through a more explorative research on the performance land-
scape. Performance feedback from previous rounds determines where in the search 
space agents will look for performance improvements. Individuals tend to concen-
trate search in the neighborhood of current solutions, but in highly complex task en-
vironments enlarging search breadth gives more chance to improve performance (Bau-
mann et al., 2019; Billinger et al., 2014). It is therefore possible to accept H3a, since 
as the observations suggest as complexity increases, so it does search breadth.  

The impact that negative performance feedback exerts on aspirations is measured 
through the variable Updated Aspirations. For each round, the average number of 
attributes changed was computed for agents receiving a negative feedback and that 
at the same time updated downwards their aspirations. Rather than stopping search 
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early, participants, on average, tried to change a greater number of attributes, in-
creasing their search breadth rather than reducing it and satisfice in line with their 
new expectations, as shown in Figure 3.b. Participants tended to change several at-
tributes altogether, executing what has been defined as “long jumps” (Baumann et 
al., 2019; Levinthal, 1997). Based on the observations collected H3b, suggesting that 
an increase in complexity is reflected on the decision to satisfy on a lower payoff and 
reduce search breadth, is rejected. 

to explore or to exploit? 

Control Setting – Performance feedback acted as a guide also to test the relationship 
between complexity and search breadth in the Control scenario. Positive and neg-
ative performance feedback, with reference to the established target, were assessed 
for decision-makers in each round. Then, average search breadth was computed for 
each level of complexity, distinguishing between agents receiving positive and neg-
ative performance feedback. As in the autonomy scenario, as complexity increases 
and this condition is reflected on performance feedback, a positive feedback ,resulting 
in a payoff belonging to the target, will lead agents to reduce search breadth. Neg-
ative performance feedback in relation to an established target, on the contrary will 
spur search efforts in order to reach the same target. Organizations, in the presence 
of extensive interdependencies among their attributes need to rely on features sup-
porting a more extensive search and establishing a target, indeed, influences indi-
viduals’ understanding and evaluation of feedback and guides the search process 
(Marengo et al., 2022; Rivkin and Siggelkow, 2003).  

Based on the trend observed through the data collected, it is possible to accept 
H4a and H4b, according to which as complexity increases, agents will reduce search 
breadth in response to a positive performance feedback and will enlarge their search 
space in response to a negative feedback.  

It is possible to notice that these tendencies are even more marked in a controlled 
setting. In line with extant literature, the control imposed by organizational struc-
tures has an impact on performance by directing agents’ search behavior on the land-
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scape they confront and making at the same time the result of search more effective 
through a clearer direction provided by the target (Baumann et al., 2019; Rivkin and 
Siggelkow, 2003). 

Effect of Introducing a Penalty 
 
In order to account for the effect that a penalty has on the relationship between feed-
back and search in both the autonomy and control scenarios, it is first necessary to 
distinguish between agents that were or not affected by the presence of a penalty. 
From the answers collected in response to Question 5) in the final questionnaire, it 
emerges that the introduction of a penalty inhibited 65% of participants in the au-
tonomy setting and 70% in the control setting from changing a greater number of 
attributes in between rounds. 
Autonomy Setting – One of the main findings from the work of Billinger et al. (2014) 
is that human agents are inclined towards over-exploration, interrupting local search 
too early and sacrificing profits from local progresses. Nonetheless, according to the 
literature, in a setting in which search has a cost agents will tend to stop their research 
for better combinations once satisfying combinations are found (Billinger et al., 2021; 
Baillon et al., 2020; Goldstein et al., 2020; Hey et al., 2017). This research work tried 
to verify if the introduction of a penalty reduced the tendency of decision makers to-
wards relying on over-exploration with reference to aspirational levels and perfor-
mance feedback. To study the impact on aspirations, after distinguishing between 
agents affected or not by the penalty, we observed for the two clusters of agents what 
was the average level of search breadth for the same level of aspirations feedback. 
What emerges is the relationship presented in Figure 4.a. 
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The different length of the lines is due to the fact that a larger portion of par-
ticipants were affected by the penalty, and therefore their aspirations feedback fluc-
tuates among a larger range. Nonetheless, it appears clearly that for the same lev-
el of average aspirations feedback, agents sensitive to the presence of a penalty on 
average focused their research in the neighborhood of solutions known, whereas those 
that were not affected by the penalty looked for alternative solutions on a wider area 
of the search landscape. It is therefore possible to accept H5a.  

Regarding the moderating effect of a penalty on the relationship between per-
formance feedback and search breath, the effect is not straightforward, as represented 
in Figure 4.b. 

to explore or to exploit? 
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Also in this case, average performance feedback stretches on a larger set of val-
ues for agents sensitive to penalty because of their larger proportion on total par-
ticipants. What is interesting to notice is that agents that received a medium-high 
average performance feedback, despite being sensitive to the introduction of a penal-
ty, had an average search breadth slightly higher than agents not sensitive to the penal-
ty. This may be due to the fact that receiving on average a positive performance feed-
back made human agents greedy, overcoming the moderating effect exerted by the 
introduction of the penalty. Therefore, on the basis of the observations collected, it 
is not possible to accept H5b, according to which the introduction of a penalty mod-
erates the relationship between performance feedback and search breadth. 

 
Control Setting – In order to test the effect that the introduction of a penalty had on 
the relationship between performance feedback and search breadth, the average num-
ber of attributes changed for a determined level of average performance feedback 
was observed. Since 14 participants out of 20 admitted that the presence of a penal-
ty had an inhibiting effect on their decision to change the number of attributes in 
between rounds, the higher number of observations extended average performance 
feedback on a larger set of values. Nonetheless, considering the interval of average 
performance feedback between 0,2 and 0,6 (agents achieving on average a payoff 
above the target from the 20% to 60% of the rounds) it is possible to observe the mod-
erating effect of the introduction of a penalty as shown in Figure 4.c. 

In between this interval, agents that showed no sensitivity to the introduction 
of a penalty reached a consistently higher value of the average search breadth rel-
ative to the average performance feedback than agents sensitive to the introduction 
of a penalty. As also evidenced by Greve (2010), in a controlled setting, with a tar-
get to be reached, the introduction of a penalty can be used to boost exploration up 
to a level necessary to achieve the performance target and to simultaneously inhibit 
search from reaching hazardous levels. As shown in the graph in Figure 4.5, it was 
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possible to effectively reach the same level of average performance feedback with 
a lower level of average search breadth. It is, therefore, possible to accept H6, since 
the introduction of a penalty in a controlled setting reduces the average search breadth 
for the same level of average performance feedback. 

 
discussion & limitations 

 
The aim of this research work was to understand how autonomy and control influ-
ence human decision-makers’ search behavior. In particular, it was observed how per-
formance and aspirations feedback and different levels of complexity impacted on 
the average search breadth of agents. Subsequently, it was of interest to examine how 
the introduction of a penalty affected the relationship between feedback and 
search breadth.  

This research work draws insights from two main streams of literature. On one 
hand, it adds to the stream of literature of the behavioral theory of the firm (Cyert 
and March, 1963), according to which an organization determines and subsequently 
adapts its aspirations on the basis of a reference point, and to the connected prob-
lemistic search theory that models the behavior of a firm as learning from the feed-
back received on its previous performance in order to achieve a fit between its ca-
pabilities and the environment (Denrell and March, 2001). On the other hand, it also 
builds on the branch of strategy literature based on the NK model (Levinthal, 1997; 
Kauffman, 1993), that provides a framework to study agents’ search behavior, in terms 
of the choice between narrow versus  distant search, in complex landscapes. These 
two streams converge in and originate from March (1991) fundamental definitions 
of exploration and exploitation and the subsequent implications of what these con-
cepts entail and why their difficult balancing generates what has been defined as a 
tradeoff or dilemma.  

In order to present the results of this study, the dependent variable search breadth 
was introduced to condense the two step decision process described by Billinger et 
al. (2021). Regarding the decision of whether to search, a value of search breadth 
equal to 0 implied that the agent decided to not make any changes to the status quo 
since he/she did not recognize any discrepancy in between his/her aspirations and 
the performance feedback received. Each value of the search breadth dimensions 
from 1 onwards identifies some degree of mismatch between aspirations and feed-
back, which is reflected in the decision to engage in narrow or distant search, defined 
by the number of attributes changed in-between rounds. 

This research contributes to the extant literature in the following ways. First, with 
regards to the behavioral theory of the firm and problemistic search theory, in both 
the autonomy and control scenarios, average performance feedback and average search 
breadth are negatively correlated. Agents that throughout the experiment on aver-
age achieved a positive performance feedback - with respect to their own previous 
performance, to their peers performance or to the established target - registered low-
er levels of average search breadth. On the contrary, a negative performance feed-
back is related to a greater level of average search breadth. This result is in line with 
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the findings from other scholars, according to which agents stop their search pro-
cess once their aspirations are met, rather than keep on searching to achieve a glob-
al optimum (Posen et al., 2018; Cyert & March, 1963; March & Simon, 1958; Simon, 
1955). Search behavior depends on performance feedback, which assesses individuals’ 
reference points, demarking successes and failures. Individuals, then, manifest a strong 
tendency towards adaptive search, since success restrains search of new alternatives 
in proximity of existing ones, therefore supporting exploitation (Billinger et al., 2014).  

Second, this research contributes to the literature on the NK model with its find-
ings on the relationship between search breadth and the level of complexity. Following 
the directions provided by Billinger et al. (2014), it is necessary to consider that the 
complexity of tasks faced does not impact on search behavior, but rather on feed-
back received from searching for new alternatives. Performance feedback from pre-
vious rounds determines where in the search space agents will look for performance 
improvements. In the autonomy setting, complexity of the landscape results in a neg-
ative performance feedback which will trigger explorative research on the perfor-
mance landscape Therefore, as complexity increases, so it does search breadth. This 
result is confirmed, and it is even more clear, in the control scenario. Organizations, 
in the presence of pervasive interdependencies among their attributes need to rely 
on features supporting a more extensive search and establishing a target, indeed, in-
fluences individuals’ understanding and evaluation of feedback and guides the search 
process (Marengo et al., 2022; Rivkin and Siggelkow, 2003). The control imposed 
by organizational structures has an impact on performance by directing agents’ search 
behavior on the landscape they confront and making at the same time the result of 
search more effective through a clearer direction provided by the target (Baumann 
et al., 2019; Rivkin and Siggelkow, 2003). According to Bidmon & Boe-Lillegraven 
(2020) top-down guidance and specified behavioral expectations may improve am-
bidextrous behavior in employees. Especially in settings in which individuals are in-
hibited from deciding autonomously on how to balance proximity and distance search, 
it can be useful for agents to decrease autonomy even further in order to meet or-
ganizational expectations. In settings in which individuals are constrained from fol-
lowing their natural aptitudes, a closer control may help them conducting am-
bidextrous tasks (Bidmon & Boe-Lillegraven, 2020). 

Finally, through the experimental setup, it was possible to account for a condi-
tion not widely explored in the literature. Introducing a penalty, in fact, associates 
an opportunity cost to the decision of exploring. As Billinger et al. (2014) experiment 
evidenced, individuals are inclined toward over-exploration, as they tend to cease 
neighborhood search too early. In their setting, in fact, a problem of “pure search” 
was enacted in which search was not associated with a downside risk. 

In a setting in which additional search has a cost, in the autonomy setting, it ap-
pears clearly that for the same level of average aspirations feedback, agents sensi-
tive to the presence of a penalty on average focused their research in the neighbor-
hood of solutions known, whereas those that were not affected by the penalty looked 
for alternative solutions on a wider area of the search landscape. At the same time, 
in the control setting agents that showed no sensitivity to the introduction of a penal-
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ty reached a consistently higher value of the average search breadth relative to the 
average performance feedback than agents sensitive to the introduction of a penal-
ty. As also evidenced by Greve (2010), the introduction of a penalty, with a target 
to be reached stimulates exploration up to a level necessary to achieve the perfor-
mance target and simultaneously inhibits search from reaching hazardous levels. 
Therefore, the introduction of a penalty in a controlled setting reduces the average 
search breadth for the same level of average performance feedback. 

The findings of the present work have also practical implications for established 
firms and emerging start-ups alike. Decision-makers like entrepreneurs, managers 
or even employees must deal with two difficult challenges. They need to understand 
what level of performance can be reached and what actions and plans need to be im-
plemented in order to reach it. Receiving feedback helps in shaping expectations, 
mitigating overly optimistic or pessimistic options. Additionally, it helps decision-
makers in deciding how a current competitive position or business models needs to 
be adapted (Billinger et al., 2021). In an established firm, alongside the fundamental 
function performed by feedback, defining a target to be reached by agents allows to 
direct innovation processes in a more effective way. As shown, in the controlled set-
ting, it was possible to effectively reach the same level of average performance feed-
back with a lower level of average search breadth. This may help firms, especially 
those focused on innovative technologies and operating in complex environments 
to reach the same results with reduced efforts.  

Nonetheless, the process of aspirations’ formation in relation to the feedback re-
ceived, affected, in turn, by the conditions of the environment faced may be a use-
ful guide for entrepreneurs launching future ventures. For example, starting from 
individual aspirations, the findings of this study suggest that unfolding start-ups, should 
first understand what level of performance can realistically be expected, as result-
ing from feedback and the complexity of the landscape faced, and then on this ba-
sis develop a plan to achieve the desired results, rather than investing resources in 
testing solutions that may later result unfeasible. As an example, a successful approach 
when developing a business model may be the one based on the lean start-up method-
ology (Blank, 2013) according to which emerging businesses should test their hy-
potheses, collect frequently customers’ feedback and on this basis developing 
“minimum viable products”.  

As with all research work, this study suffers from a series of limitations. First of 
all, as recalled, the findings are based on a pilot experiment. It would be interesting 
to replicate and adapt the same experiment to a larger sample in order to find a stronger 
evidence to support its main findings. In particular, with respect to the relationship 
between average search breadth and average performance feedback it would be in-
teresting to see if with a larger sample the standard error would decrease in order 
to have a more precise analysis and eventually generalize its findings. Moreover, re-
garding the effect of introducing a penalty, due to sample restrictions it was not pos-
sible to replicate the experimental setting with and without the penalty. A bigger sam-
ple would allow to better account for the moderating effect of the penalty by dis-
tinguishing between clusters in which the penalty was or not introduced. Additionally 
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for the control setting, it would be of the utmost interest to understand how to ef-
fectively set the reference target, by which internal and external considerations man-
agement is moved in establishing an objective rather than another and on what ba-
sis firms operating in the same landscape may decide to settle on different levels of 
performance.  

 
conclusions 

 
This research work had the objective to investigate on the effects that autonomy – 
a setup in which agents are able to independently settle and reshape their aspirations 
in accordance with the performance feedback received – and control – a setting in 
which agents need to reach an externally imposed target – exert on individual search 
behavior. Additionally, this study tried to depict some of the effects that the intro-
duction of a cost of exploration – a penalty – had on agents, under both conditions.  

The search concept indicates the degree of change with respect to the initial sta-
tus quo undertaken by an agent when confronting a complex performance landscape, 
constituted by a series of attributes and their respective intensity of interrelatedness. 
The construct represents a proxy to define if an observed behavior can be qualified 
as exploitative or explorative.  

An experiment has been implemented, in order to observe the effect that the afore 
mentioned factors had on individuals. A crucial role in the empirical setting was played 
by the feedback that agents received in between the different phases, reflecting the 
conditions of autonomy and control and the complexity of the landscape faced.  

The findings from this work contribute to the activities of scholars and practi-
tioners alike. The results on the relationship between search breadth and performance 
feedback add to the literature on the behavioral theory of the firm and problemistic 
search. Additionally, the present research enriches the literature on the NK model 
through the findings related to the relationship between search breadth and the lev-
el of complexity. Finally, the present work addresses a dimension previously neglected 
by scholars and observes how the introduction of a penalty moderates the previous 
relationships. The present work opens future research paths for authors interested 
in testing how theoretical assumptions are actually reflected in agents’ behaviors, in 
particular it would be interesting to test the moderating effect of a penalty on a larg-
er sample to get valuable insights starting from this work contributions.  

Finally, managers, especially those operating in innovative and complex contexts, 
could draw on the results of this study to implement organizational structures and 
objectives supporting a guided innovation process to reach their targets with a re-
duced deployment of resources, whereas entrepreneurs could rely on the present-
ed findings and their underlying theoretical framework to structure a successful pro-
cess of business model development. 
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appendix 1 – autonomy setting experiment narrative 

to explore or to exploit? an experimental study on the effects  
that autonomy and control exert on individual search behavior  

in complex fitness landscapes  
 
Instructions 
 
Thank you for your time in participating in today’s experiment. Please do not talk 
with other participants and do not communicate with other means.  
 
The experiment  

 
You are launching GREEN, a small company operating in the organic cosmetic in-
dustry producing sustainable face & body cleansers, creams and lotions. The 
GREEN products are targeted to high and medium earning female consumers sen-
sitive to environmental problems interested in buying effective but responsibly sourced 
and produced products. Your objective is to develop a viable and successful business 
model that will allow you to reach a leading position in your market. In order to de-
fine your business model you will need to combine the different attributes provid-
ed. Please note that attributes are not important per se but it is how you combine the 
attributes that will determine if you will succeed. Their combination is what will de-
fine your final payoff.  

 
Task 
 
Consider that the highest payoff offered by the market in each trial is equal to 1. Giv-
en the competitive nature of the market in which you are entering, your objective 
is to maximize your payoff in each round. Finally, keep in mind that changing attributes 
has a cost, therefore a penalty of the 10% will be applied if by making these adjustments 
you will accidentally substitute the higher performative alternative with the less per-
forming one.  

to explore or to exploit? 



42 to explore or to exploit? 

How does it work? 
 
In order to execute your task you will need to answer the following six questions re-
garding the business model of the company. You will be provided with an initial com-
bination that will be the same for all the experiment participants. Through a pro-
cess of trial-and-error, no economic or previous knowledge required, you will need 
to select one of the alternatives proposed in each question. During each round you 
can choose to change none, some or all the attributes with respect to the initial com-
bination or previous round. At the end of each round, please provide an answer to 
the point of what you expect your payoff to be. After all of the participants will sub-
mit their questions, you will receive feedback on your performance. The same ques-
tions will be repeated for 6 rounds. At the end of the last round, you will have to an-
swer a short questionnaire on the decision-making process followed throughout the 
experiment.  

 
Questions 

 
1) How does the company creates value? 

 
a. Focusing on the R&D efforts for its innovative products   (0) 
b. Focusing on a high customization of its products for its targeted customers 

(1) 
 

2) Who does the company create value for? 
 
c. Enlarge the potential market by extending distribution abroad (1) 
d. Keep focusing on the initial niche market (0) 
 

3) What is the company source of competence? 
 
e. Investing in marketing efforts (0) 
f. Improving the supply chain management of sustainable feedstock (1) 
 

4) How does the company competitively position itself?  
 
g. Stressing on the intrinsic quality of its products (1) 
h. Developing tight customer relationships (0) 
 

5) How does the company make money?  
 
a. Focusing on competitive pricing and volumes (0) 
l. Relying on high retail margins (1)  
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6) What are the company’s ambitions?  
 
m. Growth Model: focusing on long-term strategy to generate a capital gain for 

investors (1) 
n. Income Model: focusing on  a medium-term strategy to invests up to the point 

that the business is able to generate a stable income stream (0) 
 

Please indicate what you believe your payoff to be at the end of the round:  
 
Final Questionnaire 

 
1) How many attributes did you change on average during each round ? 

a. 0-1 
b. 2-4 
c. 5-6 
 

2) When receiving feedback on the previous rounds, did you put more weight on 
your payoff in comparison to your own past performance or in comparison to the 
average payoff relative to your own?  
a. I put more weight on my payoff in comparison to my previous performance  
b. I put more weight on my payoff in comparison to the average performance  
 

3) How many attributes did you change when your performance was below your 
expectations? 
a. 0-1 
b. 2-4 
c. 5-6 
 

4) How many attributes did you change when your performance was above your 
expectations ? 
a. 0-1 
b. 2-4 
c. 5-6 
 

5) Knowing that changing a performative attribute could heavily affect your final 
score, has this feature inhibited you from changing a greater number of attributes? 
a. Yes 
b. No 

to explore or to exploit? 
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appendix 2 – control setting experiment narrative  
to explore or to exploit? an experimental study on the effects  

that autonomy and control exert on individual search behavior  
in complex fitness landscapes  

 
Instructions 
 
Thank you for your time in participating in today’s experiment. Please do not talk 
with other participants and do not communicate with other means.  
 
The experiment  
 
You are working for GREEN, a small company operating in the organic cosmetic in-
dustry producing sustainable face & body cleansers, creams and lotions. . The GREEN 
products are targeted to high and medium earning female consumers sensitive to en-
vironmental problems interested in buying effective but responsibly sourced and pro-
duced products. Due to a loss of market share and the subsequent financial distress 
in which the enterprise finds itself, the founder and CEO Bill is asking you, his em-
ployees and collaborators, suggestions to update the current business model and in-
crease its profitability. Your objective is to update the company business model to 
reach an established target.  
In order to adjust your business model you will need to combine the different attributes 
provided. Please note that attributes are not important per se but it is how you com-
bine the attributes that will determine if you will succeed. Their combination is what 
will define your final payoff.  
 
Task 
 
Consider that the highest payoff offered by the market in each trial is equal to 1. Giv-
en the niche market in which GREEN operates, the CEO wants to maximize the prof-
its of the company in relation to its direct competitors. Therefore, your objective it 
is not to obtain the highest payoff possible, but to identify a combination of attributes 
that guarantees in each trial a payoff between 0.6 and 0.8. Given the innovative na-
ture of the company, Bill believes in the importance of fostering intrapreneurship with-
in his organization and he is asking you to propose the necessary adjustments to im-
prove its performance. Finally, keep in mind that changing attributes has a cost, there-
fore a penalty of the 10% will be applied if by making these adjustments you will ac-
cidentally substitute the higher performative alternative with the less performing one.  

 
How does it work? 
 
In order to execute your task you will need to answer the following six questions re-
garding the business model of the company. You will be provided with an initial com-
bination that will be the same for all the experiment participants. Through a pro-
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cess of trial-and-error, no economic or previous knowledge required, you will need 
to select one of the alternatives proposed in each question. During each round you 
can choose to change none, some or all the attributes with respect to the initial com-
bination or previous round. At the end of each round, please provide an answer to 
the point of what you expect your payoff to be. After all of the participants will sub-
mit their questions, you will receive feedback on your performance. The same ques-
tions will be repeated for 6 rounds. At the end of the last round, you will have to an-
swer a short questionnaire on the decision-making process followed throughout the 
experiment.  

 
Questions 

 
1) How does the company creates value? 

 
b. Focusing on the R&D efforts for its innovative products (0) 
c. Focusing on a high customization of its products for its targeted customers 

(1) 
 

3) Who does the company create value for? 
 

d. Enlarge the potential market by extending distribution abroad (1) 
e. Keep focusing on the initial niche market (0) 

 
4) What is the company source of competence? 
 

f. Investing in marketing efforts (0) 
g. Improving the supply chain management of sustainable feedstock (1) 

 
5) How does the company competitively position itself?  
 

h. Stressing on the intrinsic quality of its products (1) 
i. Developing tight customer relationships (0) 

 
6) How does the company make money?  
 

i. Focusing on competitive pricing and volumes (0) 
l. Relying on high retail margins (1)  

 
7) What are the company’s ambitions?  

 
m. Growth Model: focusing on long-term strategy to generate a capital gain for 

investors (1) 
n. Income Model: focusing on a medium-term strategy to invests up to the point 

that the business is able to generate a stable income stream (0) 
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Please indicate what you believe your payoff to be at the end of the round:  
 

Final Questionnaire 
 

1) How many attributes did you change on average during each round? 
a. 0-1 
b. 2-4 
c. 5-6 

 
2) When receiving feedback on the previous rounds, did you put more weight on 

your payoff in comparison to your own past performance or in comparison to the 
average payoff relative to your own?  
a. I put more weight on my payoff in comparison to my previous performance  
b. I put more weight on my payoff in comparison to the average performance  

 
3) How many attributes did you change, in the following round, when your per-

formance feedback was below your expectations? 
a. 0-1 
b. 2-4 
c. 5-6 

 
4) How many attributes did you change, in the following round, when your per-

formance was above your expectations? 
a. 0-1 
b. 2-4 
c. 5-6 

 
5) Knowing that changing a performative attribute could heavily affect your final 

score, has this feature inhibited you from changing a greater number of attributes? 
a. Yes 
b. No 
 
 
 


