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Management research has alluded to organizational and environmental conditions that
drive firms’ tendencies to explore versus exploit. We complement this research by de-
veloping theory on vicarious learning to explain how a firm adjusts its own exploration
level based on the exploration levels of its alliance partners and competitors. Using
panel data on 180 electronics firms publicly traded in the United States, we reveal an
inverted U-shaped association between a firm’s exploration tendency and the explora-
tion levels of its partners and competitors. Convergence is explained by imitation and
legitimation, while divergence is associated with risk perception and specialization in
the knowledge domain. We further show how the convergence of the exploration ten-
dency becomes stronger under firm-specific uncertainty but weaker when the explo-
ration patterns exhibited by the firm’s partners and competitors are incoherent. Finally,
counter to expectations, we show that this convergence is weakened by the technological
proximity of the firm’s competitors. Our findings inform research on vicarious learning
and the antecedents of exploration by underscoring the role of interdependence in firms’
exploration tendencies.

The exploration–exploitation framework has gained
much scholarly attention in recent years, with its im-
pact extending even beyond the management disci-
pline (Wilden, Hohberger, Devinney, & Lavie, 2018).
Nevertheless, “there has been little attempt to uncover
why some organizations emphasize exploration
while others mostly pursue exploitation” (Lavie,

Stettner, & Tushman, 2010: 118). Specifically, what
drives a firm’s tendency to explore in its knowl-
edge domains? According to research on organi-
zational learning, exploration involves developing
knowledge elements that are new to a firm, whereas
exploitation entails leveraging and refining the
firm’s existing knowledge (Levinthal & March,
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1993). By exploring, the firm can avoid obsolescence
and remain competitive, while exploitation is es-
sential for its efficiency and for securing its market
position (March, 1991). The need to allocate limited
resources to these distinct learning activities, which
involve conflicting routines, creates inherent trade-
offs between them. Accordingly, some scholars have
conceptualized these activities as lying on a contin-
uum that ranges from exploitation to exploration
(Lavie et al., 2010). Firms vary in their tendencies to
explore versus exploit, and adjust these tendencies
over time (e.g., Lavie & Rosenkopf, 2006). Still, prior
research has mostly focused on the consequences of
exploration and on the means by which firms bal-
ance exploration and exploitation rather than on the
factors that drive these tendencies.

Research on the antecedents of exploration al-
ludes to environmental conditions that can facili-
tate it, such as resourcemunificence, technological
andmarket uncertainty, environmental dynamism,
and the intensity of competition (Jansen, Volberda,
& Van Den Bosch, 2005; Kim & Rhee, 2009; Sidhu,
Volberda,&Commandeur, 2004; Voss, Sirdeshmukh,
& Voss, 2008). These exogenous factors uniformly
shape firms’ tendencies to explore in a particular
industry, and thus cannot explain heterogeneity
in their tendencies. However, some studies have
shown that organizational characteristics such as
age, size, organizational structure, and culture can
explain deviation from the typical exploration ten-
dency in an industry (Jansen, Van Den Bosch, &
Volberda, 2006; Sorensen & Stuart, 2000; Voss et al.,
2008). Other studies have identified managerial
antecedents such as managers’ attention to innova-
tion, advice seeking, leadership style, sociopsycho-
logical aspects, and adoption of open innovation,
which can influence a firm’s tendency to explore
(Alexiev, Jansen, Van Den Bosch, & Volberda, 2010;
Jansen, Kostopoulos, Mihalache, & Papalexandris,
2016; Jansen, Vera, and Crossan, 2009; Khanagha,
Volberda, & Oshri, 2017; Li, Maggitti, Smith, Tesluk, &
Katila, 2013). But, even though prior research has
made progress in understanding heterogeneity in
firms’ tendencies to explore, it has implied that
firms’ tendencies are independent or are collec-
tively shaped by industry conditions.

In the current study, we argue and demonstrate
that firms’ tendencies to explore are in fact interde-
pendent and associated with the corresponding ex-
ploration levels of other firms in theirmain reference
groups. Specifically,we consider how the patterns of
exploration exhibited by alters with whom a firm
maintains cooperative and competitive ties shape

the firm’s inclination to explore.1 By focusing on the
firm’s motivation to converge or diverge from the
exploration levels of these alters, we complement
research on organizational learning that alludes to
conditions that uniformly shape firms’ exploration
tendencies in a particular industry.

Convergence with the exploration tendencies in a
reference group is far from trivial, because each firm
has an idiosyncratic exploration level that is con-
sidered desirable (Levinthal & March, 1993) and
because the frequency of a behavior does not clearly
indicate its efficiency, and thus may be insufficient
to encourage firms to follow suit (Gupta & Misangyi,
2018). This is especially the case with exploration,
for which the outcomes are unforeseen in the short
term (March, 1991). Research on vicarious learning
suggests that firms tend to imitate successful be-
haviors (Greve, 2011), but this learning may be
hampered when the success of the behavior is un-
certain (Terlaak & Gong, 2008). In turn, our theory
suggests that imitation and legitimation facilitate
convergence between a firm’s tendency to explore
and the level of exploration exhibited by its partners
and competitors; nevertheless, convergence in-
creases exploration only up to a point, beyondwhich
it ismitigated as a result of aversion of perceived risk.
We further propose that, as the exploration level of
partners and competitors becomes excessive, the
firm diverges from it and shifts to exploitation. Such
divergence is explained by efforts to specialize in the
knowledge domain. We also expect convergence to
intensify when the firm faces increasing uncertainty
and becomes more technologically proximate to its
partners and competitors. Finally, we suggest that
variation in the exploration levels of the firm’s part-
ners and competitors weakens convergence.

We test our predictions with panel data on 180
electronics firms publicly traded in the United
States. Our findings support our conjectures—with
the exception of technological proximity, which
does not affect convergence with partners and
weakens convergence with competitors as a result of
firms’ differentiation efforts. Hence, although each

1 We study the extent of exploration (how much a firm
explores) rather than the knowledge domains in which
exploration is pursued (where a firm explores). Hence,
convergence with the exploration tendencies of the refer-
ence group does not necessarily entail entering the same
knowledge domains. When the firm’s partners and com-
petitors enter new knowledge domains, the firm may in-
vest in exploration that extends its own knowledge
domains.
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firm is expected to have an idiosyncratic level of
exploration that serves its needs, we show that a firm
aligns its exploration tendency with the exploration
levels of its unique set of partners and primary
competitors, at least to an extent.We also reveal that
this convergence is subject to boundary conditions,
and eventually, as exploration levels become ex-
cessive, gives way to divergence of exploration
tendencies (see Figure 1).

Our study contributes to research on the anteced-
ents of exploration by explaining some previously
unobserved heterogeneity and by uncovering an
important antecedent that underscores interdepen-
dence in firms’ exploration tendencies. We reveal
that a firm’s tendency to explore is related not only to
exogenous industry conditions (e.g., Jansen et al.,
2005; Sidhu et al., 2004) and organizational factors
(e.g., Greve, 2007; Jansen et al., 2006), but also to the
typical exploration levels prevalent in the firm’s
unique reference groups. This association varies
from convergence to divergence, depending on the
observed exploration levels. We conclude that firms
do not operate in isolation, nor do they uniformly
react to changing industry conditions. Rather, their
tendencies to explore are interactively constructed
in a network wherein firms observe the exploratory
behavior of their unique partners and primary com-
petitors and position themselves accordingly. We
thus offer a novel explanation for the heterogeneity
in exploration tendencies.

Finally, we advance research on vicarious learn-
ing,whichhasunderscored the roles of imitation and
legitimation in driving convergence of behaviors
(e.g., Haunschild &Miner, 1997; Lieberman&Asaba,
2006), but has paid less attention to boundary con-
ditions that lead to divergent behaviors. We show
that imitation and legitimation are offset by risk
aversion and efforts to specialize in the knowledge
domain when the outcomes of alters’ behaviors be-
come unpredictable, thus leading to divergence of
behaviors. We further identify firm-specific uncer-
tainty, variance in behaviors, and proximity as im-
portant boundary conditions for vicarious learning.
Hence, we offer a nuanced perspective on the con-
vergence and divergence of behaviors in reference
groups.

THEORY AND HYPOTHESES

Convergence and Divergence of
Exploration Tendencies

A firm’s exploration tendency is a typical corporate
behavior that evolves via experiential and vicarious
learning (Baum, Li, & Usher, 2000). In vicarious
learning, firms adjust their corporate behavior in re-
sponse to behaviors prevalent in their reference
groups (Srinivasan,Haunschild,&Grewal, 2007).One
important reference group that promotes vicarious
learning is alliance partners, which directly interact

FIGURE 1
Conceptual Model for Convergence and Divergence of Exploration Levels
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with the firm (Powell, Koput, & Smith-Doerr, 1996)
and often serve as trendsetters and role models for
the firm (Abrahamson, 1996). Besides its partners,
the firm’s competitors are another important refer-
ence group (Fiegenbaum & Thomas, 1995; Porac,
Thomas, & Baden-Fuller, 1989). Firms track their
competitors’ actions and position themselves vis-
à-vis competitors (Chen, 1996). They pay most at-
tention to their primary competitors (Clark &
Montgomery, 1999) in order to closely monitor
them and learn from their behavior (Haunschild &
Miner, 1997; Hsieh, Tsai, & Chen, 2015). Hence,
vicarious learning from primary competitors com-
plements learning via direct interaction with part-
ners (Baum et al., 2000).

When vicariously learning from partners, a firm
can observe its partners’ corporate behavior irre-
spective of the scope and content of its alliances
with them (Khanna, Gulati, & Nohria, 1998; Lavie,
2009). Similarly, vicarious learning from primary
competitors may encompass corporate behaviors
(Miner & Mezias, 1996), as in learning from the
failures of competitors, which helps the firm reflect
on causal processes and develop its own practices
(Kim & Miner, 2007). According to research on vi-
carious learning from reference groups, a firm is
inclined to compare and adopt behavioral patterns
that are typical of the population average, which
indicates a widely adopted behavior (Hu, Blettner,
& Bettis, 2011). Although some firms may rely on a
small reference group of leaders that exhibit supe-
rior performance (Massini, Lewin, & Greve, 2005),
this is unlikely in the case of exploration, for which
performance outcomes are unforeseen in the short
term.

Firms learn a range of corporate behaviors from
their reference groups, such as alters’ innovation
strategies (e.g., Semadeni & Anderson, 2010), prod-
uct introductions (e.g., Giachetti & Lanzolla, 2016),
international expansion (e.g., Henisz&Delios, 2001),
and market entry (e.g., Haveman, 1993), but there is
heterogeneity in the extent to which these behaviors
are followed (Gupta & Misangyi, 2018). A firm is
more likely to track and adopt the corporate behavior
of its partners and primary competitors when such
behavior is visible (Baum et al., 2000) and entails
uncertainty (O’Neill, Pouder, & Buchholtz, 1998;
Srinivasan et al., 2007). By definition, exploration
is observable yet inherently uncertain, forcing the
firm to confront outcomes that cannot be foreseen
in the short term (March, 1991). As a result, we ex-
pect a firm to engage in vicarious learning that is
drivenby imitation and legitimationand that leads to

convergencewith the typical exploration level of the
firm’s partners and primary competitors.2

Specifically, vicarious learning of exploratory
behavior is driven by imitation that enables firms
to seek adaptive responses to common challenges
(Kraatz, 1998). By acquiring knowhow from alliance
partners or by scanning their competitive environ-
ment, firms are prompted to imitate the observed
behavior of alters (Huber, 1991). Imitation is invoked
by the perception that the information that is avail-
able to alters and that guides their exploration efforts
is more valuable than one’s own information. As-
suming that alters possess superior information or
expertise facilitates imitation of their exploration
level. As information is revealed about firms that
adopt this level of exploration, imitation is further
reinforced in the reference group.Aligning the firm’s
exploration tendency with the exploration level
exhibited by alters is thus driven by the desire to
overcome information asymmetry (Kraatz, 1998;
Lieberman & Asaba, 2006), capitalize on opportuni-
ties for expanding the firm’s own knowledge do-
mains (Anand, Mesquita, & Vassolo, 2009), and
imitate an effective practice that has been tested by
others (Greve, 1996, 1998).

Besides vicariously learning proven practices,
convergence of exploration tendencies may result
from imitation of common practices in a search for
legitimacy (Suddaby, Bitektine, & Haack, 2017),
which is essential when a corporate behavior entails
risk and uncertainty (Lieberman & Asaba, 2006). In-
deed, scholars have argued that “legitimacy-based
reference groups guide firms in their mimetic be-
havior” (Barreto & Baden-Fuller, 2006: 1559). Ex-
ploration can be considered legitimate when there is
a shared perception of its appropriateness. Adopting
a behavior that is deemed appropriate and desirable
in a social context contributes to the adopter’s legiti-
macy in the eyes of external stakeholders (DiMaggio
& Powell, 1983; Suchman, 1995). Firms need to en-
sure that their exploration tendencies are sufficiently
similar to those of alters in their reference groups—for
example, primary competitors—in order to signal
to their stakeholders that they conform to industry
norms. Firms conform to these expectations because

2 We study the extent of exploration (how much a firm
explores) rather than the practice of exploration (how a
firm explores). Adjusting a firm’s tendency to explore
based on its alters’ level of exploration is more straight-
forward than learning the practice, which involves tacit
routines for knowledge creation (Brix, 2017; Rosenkopf &
Nerkar, 2001).
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the external endorsement obtained via legitimacy
helps in gaining access to resources and carry-
ing out the firms’ exploration efforts. Thus, a firm
that adheres to the exploration level of role mod-
els can enhance its legitimacy beyond the expected
performance gain associated with exploration
(Deephouse, 1996; Haunschild & Miner, 1997;
Lieberman & Asaba, 2006). In sum, convergence
with the exploration level of partners and primary
competitors may be driven by vicarious learning
in which the firm imitates a popular behavior in
a search for legitimacy (Henisz & Delios, 2001;
Suchman, 1995).

A remaining question is whether firms engage in
frequency imitation of common practices or, rather,
outcome imitation (Haunschild & Miner, 1997). Be-
cause the outcomes of exploration cannot be fore-
seen in the short term, it is unlikely that exploration
merely reflects the firm’s intention to do the right
thing. Rather, imitation reflects unconscious cogni-
tive processes such as herding in addition to more
consciously deliberate processes (Gupta &Misangyi,
2018). Regardless of its underlying cause, imitation
facilitates convergence with the typical exploration
level exhibited bypartners andprimary competitors.
For both reference groups, imitation is driven by the
perceived value and available information. How-
ever, for partners with which the firm maintains co-
operative relations, information on their exploration
level is more readily accessible than for competi-
tors, which may limit the firm’s access to informa-
tion. In turn, information on the exploration level of
competitors ismore relevant and valuable to the firm
that operates in similar domains.

Nevertheless, we expect the convergence between
a firm’s tendency to explore and theexploration level
exhibited by its partners and primary competitors to
increase onlyup to a certainpoint, beyondwhich it is
mitigated. Operating at high levels of exploration
entails exorbitant risk, given that it involves entering
several new knowledge domains. Thus, the firmmay
be unable to support extensive exploration (Uotila,
Maula, Keil, & Zahra, 2009). Because the likelihood
of successful exploration is lower than that of ex-
ploitation (Levinthal & March, 1993), the firm
may avoid aligning its exploration level with the
excessive exploration levels of its partners and
competitors in order to minimize losses from failed
exploration. Hence, the firm’s aversion to the per-
ceived risk of excessive exploration exhibited by
its partners or primary competitors is likely to miti-
gate the convergence associated with imitation and
legitimation.

Whereas perceived risk restricts convergence
with the exploration levels of partners and primary
competitors, specialization in the firm’s knowl-
edge domain prompts divergence from their exces-
sive exploration levels, and thus a tendency to revert
to exploitation. Specialization in the knowledge
domain fosters experiential learning that counters
vicarious learning and deters imitation (Reed &
DeFilippi, 1990). Although, for both reference groups,
specialization drives divergence, it is ascribed to
division of labor with partners, as opposed to dif-
ferentiation vis-à-vis competitors. Specifically, at
high levels of partner exploration, the firm can di-
vide labor with its partners that engage in extensive
exploration, while it reverts to internal exploitation
in a narrow knowledge domain (Stettner & Lavie,
2014). Whereas, at low levels of partner exploration,
the firm must rely on its internal exploration efforts,
at high levels of partner exploration, the firm can rely
on partners for externally extending its knowledge
domains (Rosenkopf & Almeida, 2003). As it in-
creases its reliance on partners for exploration, it can
specialize in exploiting the knowledge that it has
accumulated internally. Hence, when partners en-
gage in excessive exploration, the firm can rely on
their complementary expertise in new knowledge
domains. Because of such division of labor, some
partners are prone to further increase their explora-
tion level while the firm gravitates toward exploita-
tion (Hess & Rothaermel, 2011). Hence, as partners
explore more, the firm can capitalize on their
boundary spanning, which, in turn, further restricts
its own exploration tendency.

Finally, at high levels of competitor exploration,
the firm is likely to diverge from the exploration
tendency of its primary competitors and revert to
exploitation. This specialization in its existing
knowledge domains is due to the firm’s intent to
differentiate itself from competitors while avoiding
increased investments in innovation that can esca-
late technology races (Deephouse, 1999). When the
firm diverges from its competitors’ excessive explo-
ration level and concentrates instead on its estab-
lished knowledge domains, it can reinforce its
corporate identity, rely on existing skills and capa-
bilities, enhance its unique value proposition to
customers, and defend its industry position. Differ-
entiation explains the firm’s reversion to exploita-
tion once its primary competitors turn to excessive
exploration. In sum, at high levels of exploration by
both partners and primary competitors, specializa-
tion in the knowledge domain offsets the vicarious
learning associated with imitation and legitimation.
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The firm is likely to adjust its tendency to explore per
the exploration levels of these alters up to a thresh-
old, beyond which the firm is expected to revert to
exploitation.

Hypothesis 1. A firm’s tendency to explore exhibits

an inverted U-shaped association with the explora-

tion levels of (a) its alliance partners and (b) its pri-

mary competitors.

Uncertainty, Variation, and Technological
Proximity as Boundary Conditions

Firms varywith respect to the extent towhich their
exploration tendencies converge with those of their
partners and primary competitors. Convergence is
contingent on conditions that can influence the
firm’s motivation and ability to engage in vicarious
learning (e.g., Baum et al., 2000; Gioia &Manz, 1985;
Haunschild & Miner, 1997) and thus align its explo-
ration tendency with those of alters. These condi-
tions include firm-specific uncertainty, variation in
the exploration levels of partners and primary com-
petitors, and technological proximity to these alters.

A firm’s inclination to follow the exploration
level of alters depends in part on the uncertainty
that it encounters. Firms experience distinctive
challenges in predicting future outcomes. They often
face market uncertainty (Srinivasan et al., 2007), but
some uncertainty remains firm specific (Beckman,
Haunschild, & Phillips, 2004). Firm-specific uncer-
tainty refers to a “lack of assurance about the prob-
ability and outcomes of corporate decisions” (Gulati,
Lavie, & Singh, 2009: 1220). It indicates the difficulty
that managers face in predicting environmental
trends in light of idiosyncratic internal factors
(Beckman et al., 2004), such as the firm’s decisions,
capabilities, and strategies. Firm-specific uncer-
tainty can be only partially resolved by the firm’s
actions (Cuypers & Martin, 2010). Although firm-
specific uncertainty is defined from the standpoint of
managers, it also exposes the firm to potential spec-
ulation by external stakeholders (Beckman et al.,
2004).

Vicarious learning is likely under conditions of
uncertainty, which prompts managers to seek ex-
ternal guidance (Srinivasan et al., 2007). This sug-
gests that convergence increases with firm-specific
uncertainty. Convergence with the exploration
levels of partners and primary competitors is espe-
cially likely under uncertainty, given the nature of
exploration. In reaction to thechallengeof predicting
the outcomes of its exploration efforts, the firm is

likely to seek more guidance as firm-specific uncer-
tainty increases. When uncertainty increases, man-
agers become doubtful about the prevalence of
opportunities for exploration, the possibility of pur-
suing these opportunities, and the opportunities’
prospects (McMullen & Shepherd, 2006). Firm-
specific uncertainty restricts the firm’s ability to
recognize, assess, and pursue exploration opportu-
nities. As a result, its managersmay become hesitant
about missing market opportunities or assuming the
risk of exploration. The high uncertainty about the
outcomes of exploration motivates the firm to learn
from the conduct of alters (Greve, 1996; Rosenkopf
& Abrahamson, 1999). Moreover, as uncertainty
increases, so does the belief that partners and com-
petitors possess more reliable information about ex-
ploration opportunities (Haunschild & Miner, 1997;
Lieberman & Asaba, 2006). Consequently, the firm is
more prone to imitate alters and align its exploration
efforts with their exploration level.

Firm-specific uncertainty reinforces convergence
with the exploration levels of alters not only because
it fosters imitation, but also because it increases the
need for legitimacy. As uncertainty increases, con-
vergence with the exploration levels of alters be-
comes essential for convincing stakeholders that the
firm is able to cope with environmental challenges
(Kondra & Hinings, 1998). Indeed, alignment with
alters’ behavior enhances the firm’s legitimacy in the
eyes of stakeholders (Gimeno, Hoskisson, Beal, &
Wan, 2005). Hence, uncertainty reinforces the need
for legitimacy and spurs the firm’s efforts to converge
with the exploration levels of its partners and
competitors.

Overall, firm uncertainty reinforces vicarious
learning by increasing the need for legitimacy and
the reliance on alters for information. This increases
convergence of the firm’s exploration tendency with
that of its partners and competitors at any level of
exploration pursued by them.

Hypothesis 2. Firm uncertainty increases the positive

association between a firm’s tendency to explore and

the exploration levels of (a) its alliance partners and

(b) its primary competitors.

Although a firm may learn to align its exploration
tendency with that of alters, this may not be
straightforward when the partners or competitors
exhibit varied levels of exploration. Research on vi-
carious learning suggests that “faced with such
streams of inconsistent inputs and with maneuver-
ing limited cognitive capacity, at least some man-
agers are uncertain about the underlying covariation

1430 OctoberAcademy of Management Journal



between practice value and the relevant trait”
(Terlaak & Gong, 2008: 850). Indeed, incoherent be-
havior makes it difficult for the firm to identify the
typical tendency in the reference group and to align
its exploration tendency accordingly. Convergence
entails discerning exploration levels, interpreting
them, synthesizing this input, and adjusting the
firm’s exploration tendency. Variation in the explo-
ration levels of partners or competitors inhibits these
processes.

Specifically, to learn about the desirable level of
exploration, the firm needs to monitor the behavior
of its partners and competitors. Such monitoring
requires discerning the typical tendency in these
reference groups, which becomes more challenging
themoredispersed the observed explorationpattern.
Hence, convergence of exploration tendencies is
impaired by inconsistent information and unclear
causal relationships (Gioia & Manz, 1985). Next,
convergence involves interpreting information, giv-
ing meaning to data, and synthesizing it (Maitlis &
Christianson, 2014). When the exploration of part-
ners or competitors reflects coherent tendencies,
interpretation and synthesis are straightforward.
However, when their exploration levels vary, it is
more difficult to make sense of their tendencies and
identify the desirable exploration level. As a result,
the firm’s ability to converge with the exploration
levels of its partners and competitors is compro-
mised. Moreover, convergence entails devising
organizational routines for adjusting the firm’s ex-
ploration tendency based on comprehension and
interpretation of the learned practice (Nelson &
Winter, 1982). However, variation in the explora-
tion levels of partners and competitors makes it dif-
ficult to learn a set of routines that enable the firm to
follow their exploration tendencies.

In addition, when alters in the reference group
exhibit inconsistent patterns of exploration, it be-
comes more difficult to gain legitimacy by following
their exploration tendencies (Henisz & Delios, 2001;
Suchman, 1995). Stakeholders may associate such
variation with randomness and unreliability of the
behavior, and thus perceive it as illegitimate (Rhee,
Kim, & Han, 2006). Variation in the exploration
levels of alters may preclude consensus among
stakeholders about the desirable level of exploration,
so that the firmcannot gain legitimacybyconforming
to that level (Deephouse, 1999). Indeed, when the
firm’s partners or primary competitors disagree about
the desired level of exploration, the firm’s conver-
gence with the typical exploration level does not en-
hance legitimacy and validation of its exploration

endeavors. Without a well-received reference for ex-
ploration, convergence with the typical tendency is
less likely tobedeemedappropriate (Suchman, 1995).
Overall, variation in the exploration levels of partners
and primary competitors hampers the learning and
interpretation of their tendencies, and constrains the
firm’s ability to imitate their exploration levels while
undermining their legitimacy, thus mitigating con-
vergence with the exploration levels of partners and
competitors.

Hypothesis 3a. Variation in the exploration level of a

firm’s alliance partners weakens the positive associ-

ation between the firm’s tendency to explore and the

exploration level of its partners.

Hypothesis 3b. Variation in the exploration level of a

firm’s primary competitors weakens the positive as-

sociation between the firm’s tendency to explore and

the exploration level of its competitors.

Whereas variation inexploration levels can impede
convergence, technological proximitycan facilitate it.
Research on vicarious learning suggests that, “for
another organization’s actions to influence apotential
imitator, theorganization and its contextmust be seen
as sufficiently similar to the imitator’s” (Baum et al.,
2000: 775). A key aspect of similarity is technological
proximity, which refers to the extent of overlap in
firms’ technical knowledge domains (Rosenkopf &
Almeida, 2003), or “the degree to which their tech-
nological problem-solving focuses on the same nar-
rowly defined areas of knowledge” (Makri, Hitt, &
Lane, 2010: 606). Prior research has noted that simi-
larity in knowledge domains facilitates knowledge
transfer (Mowery, Oxley, & Silverman, 1996; Phene,
Fladmoe-Lindquist, & Marsh, 2006; Rosenkopf &
Almeida, 2003), but this can also apply to imitation
of exploratory behavior. Themore proximate a firm to
alters, themore relevant their behavior, and the easier
it is for the firm to monitor and follow that behavior
(Baum et al., 2000). Thus, technological proximity
increases the firm’s motivation and ability to align its
exploration tendency with the tendencies of its part-
ners and primary competitors.

In particular, technological proximity is expected
to facilitate convergence of exploration levels because
operating in comparable environments and engaging
in similar activities affect judgment about the relevance
of alters (Greve, 2005). According to the homophily
principle, ties to similar alters are considered more
significant (McPherson, Smith-Lovin, & Cook, 2001).
Technological proximity to alliance partners and com-
petitors thus reinforces the perception that the firm can
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rely on these alters as a relevant source of information
about corporate behavior (Kilduff, Elfenbein, & Staw,
2010). Hence, technological proximity is expected to
facilitate the firm’s monitoring and learning of the ex-
ploration levels of partners and competitors. In fact,
technologically proximate firms explore in similar
knowledge domains (Phene et al., 2006; Rosenkopf &
Almeida, 2003) and thus are likely to develop similar
perceptions about opportunities and adopt common
behaviors (Giachetti & Lanzolla, 2016). Technological
proximity to partners and competitors can even foster
identification and common perceptions of opportu-
nities in theindustry,whichcreateasharedvisionabout
exploration prospects (Dobrev, 2007; Kraatz, 1998;
O’Neill et al., 1998). This leads to consensus about
competencies for entering new knowledge domains,
which further promote imitation in the reference group.
The greater the technological proximity, the more rele-
vant the expertise of partners and competitors and the
better the firm can comprehend their exploration,
which prompts it to more closely follow their explora-
tion levels. Hence, technological proximity reinforces
imitation and convergence of exploration tendencies.

Finally, the firm’s search for legitimacy may gain
from technological proximity because convergence
with the behavior of technologically proximate alters
can legitimize the firm’s decisions to enter new
knowledge domains (Deephouse, 1996). Convergence
with the exploration tendencies of technologically
proximate partners and competitors is especially im-
portant given the inherent riskiness of exploration. The
firm’s managers may become more confident about
pursuing risky exploration when the firm’s closest
partners and competitors engage in exploration, as-
suming that conformity will reduce these managers’
liability in case of failure (Schimmer & Brauer, 2012).

In sum, technological proximity to partners and
competitors increases the attention that the firmpays
to their exploration, facilitates comprehension of
exploration opportunities that those alters have
identified, and legitimizes exploration.Accordingly,
technological proximity reinforces vicarious learn-
ing and convergence with the exploration levels of
partners and competitors.

Hypothesis 4a. Technological proximity of a firm’s

alliance partners strengthens the positive association

between the firm’s tendency to explore and the ex-

ploration level of its partners.

Hypothesis 4b. Technological proximity of a firm’s

primary competitors strengthens the positive associ-

ation between the firm’s tendency to explore and the

exploration level of its competitors.

RESEARCH METHODS

Sample and Data

We tested our hypotheseswith panel data on firms
that were publicly traded in the United States and
operated in sectors of the electronics industry during
the period 1990–2006. These sectors encompassed
manufacturers of electronic devices, semiconductor
components, and computer hardware, including in-
dustrial and commercial machinery and computer
equipment (Standard Industrial Classification, or
SIC, code 35); electronic and electrical equipment
and components (SIC code 36); and measurement,
analysis, and control instruments (SIC code 38). The
intensive competition and alliance formation in these
sectors (Stuart, 2000) ensured variance in firms’ pat-
ents, competitors, and partners. These sectors were
chosenbecause at least 40%of all firms in these sectors
apply for patents, which is essential for calculating
patent-based measures (Cockburn & Griliches, 1987).
To develop meaningful measures of exploration, we
limited our sample to firms with financial data that
applied for patents for at least five consecutive years
and that had a median patent application count of at
least four patents per year. We corrected potential
sampling bias with our first-stage model. The resulting
sample included 184 firms.

We relied on National Bureau of Economic Re-
search (NBER) patent data to consistently assess
firms’ exploration tendencies (Katila & Ahuja, 2002;
Rosenkopf & Nerkar, 2001), and we corrected or
supplemented incomplete data from Comets Patent
database (Griliches, 1998).3 We studied patent ap-
plications rather than granted patents because the
year in which a patent is applied for is closer to the
time of invention (Hall & Ziedonis, 2001; Jaffe,
Trajtenberg, & Henderson, 1993).4 Because patents
are often assigned to subsidiaries rather than to the
headquarters, we identified each firm’s subsidiaries
using the NBER and the Corporate Affiliations

3 The focus on U.S. patents is justified by firms’ incen-
tives to secure legal protection in the United States and the
reputationof theU.S. judicial system inproviding effective
protection of intellectual property (Gallini, 2002).We limit
our data to utility patents, while excluding design, reissue,
and plant patents (Hall, Jaffe, & Trajtenberg, 2001).

4 Thedelay between the time of invention and the patent
application does not generally exceed three months, but
the time lag between a patent application and the granting
of the patent by the U.S. Patent Office may be three to four
years. The patent application date thus better reflects the
time of knowledge creation (Griliches, 1998).
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databases, and cross-validated acquisitions in the
Securities Data Company (SDC) database. Thus, we
accounted for patents of the firm’s subsidiaries, but
discarded patents of acquired firms that were ap-
plied for prior to the acquisition (Puranam &
Srikanth, 2007). This enabled us to study explora-
tion relative to a firm’s existing knowledge domains
in a given year. We gathered data on firms’ patents
since 1985, to measure exploration experience
starting the five years preceding the study’s time-
frame. In total, the 184 sampled firms and their
subsidiaries applied for 280,080 patents during the
period 1985–2006. We aggregated patent counts to
the firm-year level. The same procedure served for
measuring the exploration tendencies of partners
and primary competitors.

To identify the firm’s alliance partners, we com-
piled alliance records from the SDC database, con-
sidering active alliances as those formed in the past
five years (e.g., Stuart, 2000). In total, 162 of the 184
sampled firms formed 6,735 alliances with 1,351
partners during 1985–2006.5 On average, a firm
formed 3.90 alliances per year and had a portfolio of
20.93 alliances during 1990–2006, with 74.50% of
alliances formed with partners outside its two-digit
SIC. To construct our measures, we pooled records
across all alliances in a firm-year.6

Next, we identified the firm’s competitors based
on resource similarity (Chen, 1996), acknowledg-
ing that firms tend to rely on supply-based (e.g.,
technologies developed) rather than demand-based
(e.g., customers served) definitions of competitors
(Clark & Montgomery, 1999) when observing ex-
ploration in knowledge domains. In the electronics
industry, resource similarity ismore important than
market communality as a result of the prolonged
R&Dprocess that precedes product introduction to a
common market. Because knowledge is the most
relevant resource in this industry (Dothan & Lavie,
2016), we relied on technological similarity cap-
tured by the overlap in firms’ patent classes (e.g.,
Grimpe & Hussinger 2014; Polidoro, Ahuja, &
Mitchell, 2011). For each of the 184 firms, we iden-
tified competitors by tracking publicly traded firms
that had at least one patent class overlapping with
those of the focal firm in the past five years. In line
with research on competitors’ reference groups and
competitor identification (Clark & Montgomery,
1999; Porac & Thomas, 1990), we selected the five
primary competitors with the largest overlap. The
overlap was computed using the Jaffe (1986: 986)
measure:
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where Pij captures the annual technological simi-
larity of firm i to competitor j based on the angular
separation between their knowledge domain vec-
tors, Fi and Fj. These knowledge domains represent
the cumulative number of patent applications across
patent classes in a five-year window. For every firm-
year, we selected the firm’s five primary competitors
with the highest Jaffe scores and pooled records
across them.7

Finally, we gathered financial data from the
Compustat and Center for Research in Security
Prices (CRSP) databases. For each firm-year, we
pooled the data across all partners and primary
competitors. After listwise deletion of 275 records
with missing data (10.53% of 2,612 records), the
remaining data for testing the effect of competitor
exploration had 2,337 firm-year observations for
180 firms during 1990–2006. Following the listwise
deletion of 255 records with missing data (14.75%
of 1,729 records), the data for testing the effect of

5 Following prior research, we excluded 633 alliances
with 236 privately held partners for which data were un-
available in theNBERdatabase (e.g., Conti, 2014; Schilling,
2015; Sears & Hoetker 2014). Excluding the 8.59% alli-
ances with private partners is consistent with our theory
because, unlike private partners, publicly traded partners
are required to disclose information about their explora-
tion endeavors, while the exploration of private partners is
less visible. Furthermore, firms are likely to benchmark
against alters with similar or higher status as role models
for imitation and legitimation (Haunschild & Miner, 1997;
Haveman, 1993; Henisz & Delios, 2001). Therefore, public
firms aremore likely to follow public partners than private
partners. We applied a similar logic when focusing on
public competitors. Because we consider only the explo-
ration levels of the primary competitors, a private com-
petitor is unlikely to serve as a benchmark. Comparisons of
the6,735 selected alliances to the7,368 alliances including
private partners reveal no significant differences, so ex-
cluding private partners has limited implications. Finally,
we account for potential selection bias due to the exclusion
of observations on private partners with our two-stage
Heckman model.

6 We identified 718 patents (0.38%) that were jointly
assigned to 28 firms (18.30%) and their 46 partners
(3.65%). Our findings remain unchanged when we ex-
clude these jointly assigned patents from our data.

7 Increasing the reference group to seven top competi-
tors did not materially affect our reported findings.
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partner exploration had 1,474 firm-year observa-
tions for 153 firms.8

Measures

Dependent variable. We measured firm explora-
tion as a continuous variable (e.g., Greve, 2007; Lavie&
Rosenkopf, 2006; Sidhu, Commandeur, & Volberda,
2007; Uotila et al., 2009),9 using the inverse of a nor-
malizedHerfindahl index that captures thediversity of
uniquepatent classes at year tbasedonpatents applied
for in the past five years. The measure took the form:
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where Sr is the share of patent class r in firm i’s patent
classes, and N is the number of distinct patent classes.
Thismeasure captures a firm’s breadthof knowledge in
a givenyear, on a rangebetween0 and1 (e.g.,Argyres&
Silverman, 2004; Trajtenberg, Henderson, & Jaffe,
2002). Increase in the breadth of knowledge across
various knowledge domains indicates the firm’s ten-
dency to explore (Ganzaroli, De Noni, Orsi, & Belussi,
2016; Gilsing, Nooteboom, Vanhaverbeke, Duysters, &
van den Oord, 2008; Guan & Liu, 2016). Thus, by
tracking patent applications in newpatent classes (e.g.,
Ahuja & Lampert, 2001)while controlling for the firm’s
exploration in thepreviousyear,wecaptured the firm’s
tendency to explore by expanding into newknowledge
domains. To ensure that the knowledge domains to
which the firm expands are indeed new to the firm, we
relied on patent classes rather than on patent sub-
classes,whichcanbepotentially related toeachother.10

To avoid an inherent bias in calculating exploration
(Lavie & Rosenkopf, 2006), we assumed that observa-
tions with fewer than two patents were balanced and
assigned them a value of 0.5 (Stettner & Lavie, 2014).11

Ourmeasurewas preferred tomore complexmeasures
based on patent citations (e.g., Eggers & Kaul, 2018;
Katila & Ahuja, 2002) that capture exploration as
knowledge that is new to the world rather than new to
the firm (e.g., Eggers & Kaul, 2018; Fleming, 2001), and
hence not fully in line with our theory on exploration
and vicarious learning. Explanatory variables were
lagged by one year relative to our dependent variable.

Independent variables. We applied a similar
procedure for measuring the two independent vari-
ables. Partner exploration was measured with an
inverse Herfindahl index capturing the annual di-
versity of patent classes of the firm’s alliance part-
ners, considering all the patents applied for by each
partner in the past five years ending at year t – 1. We
measured partner exploration by averaging this in-
dex across the firm’s partners that formed an alliance
with the firm during this five-year window. Com-
petitor exploration was measured with an inverse
Herfindahl index relating to the average annual di-
versity of patent classes of the firm’s five primary
competitors with the highest Jaffe score for patent
class overlap in year t – 1.

Moderating variables.Wemeasured firm-specific
uncertainty based on the volatility in the firm’s stock
price in year t – 1 (Beckman et al., 2004). We calcu-
lated this measure as the difference between the
standardized monthly volatility of the firm’s stock
price and the average standardized monthly volatil-
ity in the stock prices of all sampled firms that
year. By subtracting this market-specific uncer-
tainty component, we capture only the uncertainty
that is idiosyncratic to the firm. We divided the
standard deviation in monthly closing stock price
by its mean value (Gulati et al., 2009). Hence, the
measure took the form:
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where piT is firm i’s stock closing price at the end of
month T, which ranges from January to December.
Similarly, pmT is the average closing price of the
sampled firms’ stocks at the end of month T.

8 Missing data in Table 3a correspond to lack of patents
for partners (7.40%) and incomplete data in Compustat
(13.30%), CRSP (11.80%), and Corporate Affiliations
(11.39%)databases;missingdata inTable 3bcorrespond to
lack of patents for competitors (0.15%), and incomplete
data in Compustat (9.72%), CRSP (8.12%), and Corporate
Affiliations (7.47%) databases.

9 The transition from exploration to exploitation is
gradual, and the distinction between them is a matter of
degree rather than kind. Such transitivity and relativity
call for their conceptualizing along a continuum (Lavie
et al., 2010).

10 In auxiliary analysis, we replaced variables that were
measured at the patent class level with measures at the pat-
ent section, subclass, group, and subgroup levels. Classifi-
cation at a higher level, e.g., section, yieldedweaker support
for our hypotheses because of loss of discriminating power.
Classification at a lower level, e.g., subclass (Rosenkopf &
Nerkar, 2001; Uotila et al., 2009), furnished consistent find-
ings with the exception of Hypothesis 2a.

11 We obtained consistent findings when we dropped ob-
servations in which firms applied for fewer than two patents
per year. Consistent findings were also obtained when we
allowed the value for balance to range between 0.25 and 0.75.
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We measured the variation in exploration levels of
partners and competitors in year t – 1 by correspond-
ingly calculating the variance in the independent
variables.Thesemeasurescaptured thevariance in the
exploration tendencies of alliance partners and the
five primary competitors. We measured the techno-
logical proximity of the firm to its partners and com-
petitors using the Jaffe (1986) proximity measure.
Specifically, the technological proximity to a partner
was measured with the formula:
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where Fi and Fj are vectors representing the knowl-
edge domains of firm i and partner j based on classes
of patents applied for during a five-year window. To
compute the technological proximity to partners, we
averaged this measure across the firm’s partners in
each year. Technological proximity to competitors
was calculated using the average Jaffe (1986) prox-
imity measure corresponding to the firm’s five pri-
mary competitors.

Control variables.We included control variables
characterizing the firm, its alliance portfolio, and
competitors. In particular, we controlled for the
firm’s exploration level in year t – 1, so that our
model estimated the firm’s exploration tendency—
that is, its inclination to change its exploration level
relative to its level of exploration in the preceding
year. We also controlled for the firm’s age, size, R&D
intensity, corporate strategy function, financial sol-
vency, and performance gap. A firm’s size can affect
its innovation output by decreasing exploration
(Beckmanet al., 2004). Firmsizewasmeasuredusing
the firm’s total revenues (Tallman & Li, 1996).12 We
measured a firm’s age as elapsed years since the
firm’s incorporation. As a firm matures, it tends to
decrease its exploration level (Kang & Uhlenbruck,
2006). A firm’s R&D intensity reflects the extent to
which the firm invests in new technologies and
builds its absorptive capacity (Cohen & Levinthal,
1990), which can facilitate exploration by enabling
the firm to incorporate external knowledge (Lavie &
Rosenkopf, 2006). R&D intensity was measured by
dividing the firm’s R&D expenses by its total reve-
nue. We measured a firm’s corporate strategy func-
tion by counting its upper-echelon positions related
to strategy making, as documented in the Corporate

Affiliations database. This function may proactively
engage in developing and executing plans for ex-
ploration and exploitation (Menz & Scheef, 2014). A
firm’s solvency captures the financial resources
available to support exploration (Nohria & Gulati,
1996). We measured firm solvency with the ratio of
cash to long-term debt (Stettner & Lavie, 2014). Fi-
nally, a firm’s performance gap—that is, the differ-
ence between the firm’s actual performance and its
performance aspiration—can affect its propensity to
explore (Dothan & Lavie, 2016; Greve, 2007). Per-
formance aspiration was measured as a weighted
linear combination of the firm’s historical aspiration
(return on assets in the preceding year) and its social
aspiration (median return on assets of publicly
traded firms in the United States that operate in its
four-digit SIC that year),13 with weights determined
using grid search. We then calculated the firm’s
performance gap as the difference between its per-
formance and performance aspiration. We used a
spline function to model the firm’s reaction to per-
formance feedback, splitting the performance gap
into positive (performance above aspiration) and
negative (performance below aspiration) (Greve,
2003).

With respect to the alliance portfolio, we mea-
sured the alliance portfolio size by counting the
number of partners that formed alliances with the
firm in the preceding five years. We also measured
the strategic significance of the alliance portfolio
(Lavie, 2007), by calculating the proportion of alli-
ances that were classified as strategic in the SDC
database out of the total number of alliances that
were formed during the past five years. Because a
firm may intensify its exploration efforts when
competition becomes intensive (Jansen et al., 2005),
we controlled for the intensity of competition by
counting the number of competitors that the firm
encountered in the past five years that attained a
technological proximity score (Jaffe, 1986) higher
than 0.25. Setting this threshold at 0.25 generated a
reasonable median competitor count of 524, with a
range of 24 to 1,807.14All controlswere laggedbyone

12 Using alternativemeasures basedonassets andnumber of
employees did not affect our findings.

13 We considered alternative measures such as those
based on return on sales, revenue growth, and average
patent counts, which produced consistent results, albeit
less significant. This is in line with prior research that
identifies ROA as the most relevant and commonly used
proxy in performance feedback studies (Greve, 2003).

14 Defining competitors using 0.15, 0.5, and 0.75
Jaffe scores or four-digit SIC overlap yielded consistent
findings.
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year relative to the dependent variable.We accounted
for remaining interfirm heterogeneity by including
firm fixed effects. Inter-temporal trendswere controlled
for with the exploration level in the previous year and
the first-order autoregression AR(1) parameter.

Analysis

We tested our hypotheses with a two-stage model
specification to account for potential selection bias
in our sampling procedure and because not all firms
form alliances. We used two panel probit models to
correspondingly estimate the selection to our sample
and whether a firm had formed alliances in the past
five years (Heckman, 1979). In line with prior re-
search, we predicted the probability of being sam-
pled based on lagged measures of the firm’s
patenting experience,15 age, size, R&D intensity, fi-
nancial solvency, corporate strategy function, num-
ber of industry peers in the same four-digit SIC, and
market size proxied by the sum of industry revenues
in the firm’s primary four-digit SIC. We then esti-
mated the probability of partnering based on lagged
measures of the firm’s partnering experience, age,
size, R&D intensity, financial solvency, corporate
strategy function, number of competitors, and mar-
ket size. Market size and the firm’s experience in
patenting or partnering served as the exclusion re-
striction variables. We calculated the inverse Mills
ratios (l) based on thepredicted values from the first-
stage models and controlled for them in the second-
stage models. The lambda parameter for partnering
was included only in the second-stage model esti-
mating the effect of partners’ exploration.

The second-stage models served for testing our
hypotheses. Given the high proportion of obser-
vations with no partners (36.93%), and since we
sought to include these observations in the analysis
of competitor exploration, we split our sample:16

the analysis of competitor exploration relied on the
full sample of 180 firms with 2,337 observations,
whereas the analysis of partner exploration relied
on a subsample of 153 firms with alliances and

their 1,474 observations. We conducted panel data
analysis with firm fixed effects, since our theory
focuses on within-firm change in the level of ex-
ploration over time. Incorporating firm fixed effects
also alleviates the need to control for industry
conditions such as dynamism and resource munif-
icence. Additionally, we accounted for autocorre-
lation of errors within cross-sectionswith theAR(1)
parameter (Baltagi & Wu, 1999). We estimated the
models using maximum likelihood and evaluated
model fit with log likelihood ratio tests comparing
eachmodel to the baselinemodel. Maximumvariance
inflation factor values exceeded the threshold level
(Hair, Black, Babin, & Anderson, 2010) but can be at-
tributed to the multiple instances of the main effect,
with no symptoms of multicollinearity observed.

RESULTS

Tables 1a, 1b, and 1c report descriptive statistics.17

Table 2 reports the results of the first-stage models,
which indicate that the probability of selection in-
creases with prior patenting experience and firm
age, but declines with firm size, firm solvency, and
market size. This suggests that the propensity to
patent increases with absorptive capacity (Cohen &
Levinthal, 1990), but declines as a firm accumu-
lates assets (Hill & Rothaermel, 2003) or when the
market is sufficiently large to accommodate estab-
lished technologies (Katila&Shane, 2005). Similarly,
the propensity to partner increases with firm size,
R&D intensity (Veugelers, 1997), andprior partnering
experience (Gulati, 1999), suggesting that resource-
rich firms are attractive partners (Stuart, 2000). In
turn, a firm’s propensity to partner declines with
the number of its competitors, and its market size,
as alliance formation decreases as markets grow
(Eisenhardt & Schoonhoven, 1996).

15 Patenting experience was modeled with a memory
decay function that preserves 90% of the value from the
preceding year over a 10-year period. A similar function
served for modeling partnering experience based on alli-
ances formed.

16 In auxiliary analysis, we relied on a combined dataset
to test the associations with partner exploration and com-
petitor exploration simultaneously, obtaining consistent
results despite the severe loss of degrees of freedom.

17 Correlations betweenvariables in the first-stagemodel
(Tables 1a and 1b) were low, with the exception of the
correlation of firm sizewith partnering experience (r5 .72)
and patenting experience (r 5 .60) (Stuart, 2000). Still, no
symptoms of multicollinearity were observed (Table 2),
with the maximum variance inflation factor values reach-
ing 1.92 and 2.32 in the selection and partnering models,
below the threshold level (Hair et al., 2010). Correlations
between variables in the second-stage model (Table 1c)
were low, with the exception of the size of the alliance
portfolio and the firm’s size (r 5 .64) (Lavie, 2007; Stuart,
2000). Besides the lambda parameter for selection, which
was correlated with firm age (r 5 2.90), other high corre-
lations relate to variables that were not included in the
same model.
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TABLE 1a
First-Stage Descriptive Statistics and Correlations for Sample Selection, 1990–2006

Variables for Sample Selection Mean SD Min. Max. 1 2 3 4 5 6 7

1 Patenting Experiencet21 13.32 72.32 0 1877.52

2 Firm Aget21 15.35 19.22 0 169 .19***

3 Firm Sizet21 1.68 7.97 0 192.32 .60*** .22***

4 Firm R&D Intensityt21 2.28 22.65 0 889.50 2.02** 2.05*** 2.02***

5 Firm Solvencyt21 1.06 6.16 0 659.03 2.02*** 2.07*** 2.03*** .04***

6 Corporate Strategy Functiont21 0.01 0.09 0 4 .09*** .15*** .09*** 2.01 2.01

7 Number of Industry Peerst21 125.84 153.37 1 673 2.04*** 2.23*** 2.07*** .04*** .05*** 2.03***

8 Market Sizet21 65.84 119.17 0 1482.92 .10*** 2.02*** .38*** .03*** .00 .01 .29***

Note: n 5 30,976.

TABLE 1b
First-Stage Descriptive Statistics and Correlations for Partnering, 1990–2006

Variables for Partnering Mean SD Min. Max. 1 2 3 4 5 6 7 8

1 Partnering Experiencet21 5.92 17.48 0 209.88

2 Firm Aget21 51.09 36.76 1 168 .01

3 Firm Sizet21 3.96 10.78 0 151.80 .72*** .21***

4 Firm R&D Intensityt21 0.10 0.26 0 7.94 .00 2.21*** 2.06**

5 Firm Solvencyt21 0.38 1.24 0 28.16 2.02 2.16*** 2.06** .08***

6 Corporate Strategy

Functiont21

0.06 0.29 0 4 .14*** .09*** .19*** 2.04* 2.04*

7 NumberofCompetitorst21 556.47 344.92 0 1821 .32*** 2.14*** .24*** .10
†

2.01 .13***

8 Market Sizet21 45.06 60.72 0.01 434.84 .34*** 2.07*** .32*** .23*** .14*** .10*** .35***

9 Lambda Selectiont21 4.38 3.48 0 12.96 2.04* 2.91*** 2.21*** .28*** .23*** 2.10*** .11*** .35***

Note: n 5 2,612.

TABLE 2
First-Stage Probit Panel Model for Probabilities of Selection and Partnering

Dependent Variables (DV): Probability of Selectiont Probability of Partneringt

Partnering Experiencet21 24.37** (0.04)

Patenting Experiencet21 1.84*** (0.00)

Firm Aget21 9.03*** (0.01) 0.43 (0.00)
Firm Sizet21 21.03* (0.01) 2.06*** (0.03)

Firm R&D Intensityt21 211.90 (0.14) 0.69* (0.59)

Firm Solvencyt21 22.48*** (0.03) 20. 31 (0.08)

Corporate Strategy Functiont21 0.07 (0.36) 0.16 (0.22)
Number of Industry Peerst21 0.26 (0.00)

Number of Competitorst21 20.25† (0.00)

Market Sizet21 26.11*** (0.00) 21.03*** (0.00)

Probability of Selection 0.97† (0.07)
n firms 3,624 184

n firm-years 30,976 2,612

n firms (Selected) 184 162

n firm-years (Selected) 2,612 (8.43%) 1,729 (66.20%)
Pseudo R2 0.86 0.14

22 log likelihood 1,620.50 1794.74

Wald x2 810.25*** 262.61***

Note: Standardized beta coefficients; standard errors in parentheses.
†p , .10

*p , .05
**p , .01

***p , .001
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Tables 3a and 3b report the results of our second-
stage models for testing the effects of the exploration
levels of partners and primary competitors. The
baselinemodel (Model 1) reveals path dependence in
a firm’s tendency to explore, indicated by the effect of
the firm’s exploration in the preceding year (b5 0.56,
p , .001; b 5 0.41, p , .001) (Lavie & Rosenkopf,
2006). Exploration declines as the firm matures
(b 5 21. 41, p , .001; b 5 22.14, p , .001) (Greve,
2007) and when its performance exceeds aspiration
(b 5 20.07, p , .05) (Dothan & Lavie, 2016; Greve,
2003),18 but increaseswith the number of competitors
(b 5 0.21, p , .001) (Deeds & Hill, 1996). All effects
hold in the combined model (Table 3c).

Model 2b (Table 3a) served for testing Hypothesis
1, revealing an inverted U-shaped association be-
tween the firm’s exploration and the exploration
level of alliance partners, as evidenced by the posi-
tive main effect (b5 0.54, p, .001) and the negative
effect of the squared term of partner exploration
(b 5 20.51, p , .001). This model offers better fit to
the data thanModel 2a, which tests a linear function
(D2LL 5 19.32, p , .001). The curvilinear pattern
persists in the full model (Table 3a, Model 5) and the
combined model (Table 3c, Model 5). Figure 2a de-
picts this curvilinear function, demonstrating that
the inflection point falls within range (min. 5 0.17,
max. 5 1.000) at a partner exploration level of 0.75,
where the firm’s exploration level reaches a maxi-
mum of 0.73, with the 95% confidence interval
ranging between 0.71 and 0.76. The slopes around
the inflection point are different from zero (positive
slope 5 0.42, p , .001; negative slope 5 20.19, p ,

.01), in support of Hypothesis 1a. Using the utest pro-
cedure inStata,we confirm thepresence of an inverted
U-shaped association (p 5 .003), with a Fieller confi-
dence interval ranging between 0.70 and 0.82 (Haans,
Pieters, & He, 2016; Lind & Mehlum, 2010).

Similarly, our findings grant support to Hypothe-
sis 1b (Model 2b, Table 3b), revealing an inverted
U-shaped association between the firm’s exploration
and the exploration level of its primary competitors,
as evidenced by the positive main effect (b 5 0.24,
p, .01) and the negative effect of the squared term of
competitor exploration (b 5 20.21, p , .05). This
model offers better fit than Model 2a (D2LL5 11.69,

p , .01). This curvilinear association persists in the
full model (Table 3b, Model 5) and the combined
model (Table 3c, Model 5). Figure 2b depicts this
function, showing that the inflection point falls
within range (min. 5 0.13, max. 5 1.00) at a com-
petitor exploration level of 0.82, where the firm’s
exploration level reaches a maximum of 0.72, with
the 95% confidence interval ranging between 0.70
and 0.78. The slopes around the inflection point are
different from zero (positive slope 5 0.26, p , .01;
negative slope 5 20.07, p , .10). The Stata utest pro-
cedure confirmed the inverted U-shaped associa-
tion (p 5 .088), with a Fieller confidence interval
ranging between 0.73 and 1.11 (Haans et al., 2016;
Lind & Mehlum, 2010), thus offering marginal
support forHypothesis 1b. To ensure that the effects
of partner and competitor exploration are inverted
U-shaped, we added their cubic terms in auxiliary
analysis, which revealed no additional inflection
point within range, thus ruling out an S-shaped
association.

As predicted by Hypothesis 2a, Model 3 (Table 3a,
Figure 3a) reveals that the positive association between
a firm’s exploration and the exploration level of its
partners becomes stronger when firm-specific uncer-
tainty increases (b5 0.22,p, .01).This effectpersists in
the fullmodel (b5 0.22,p, .01) (Table3a,Model5)and
the combined model (Table 3c, Model 5). Per Model 3
(Table 3b, Figure 3b), firm-specific uncertainty rein-
forces the positive association between a firm’s explo-
rationand its competitors’exploration (b5 0.14,p, .1).
This effect persists in the full model (b 5 0.17, p, .01)
(Table 3b, Model 5) and the combined model, in line
with Hypothesis 2b.

Model 4 (Table 3a, Figure 4a) furnishes support for
Hypothesis 3a, revealing that variation in partner ex-
ploration levels weakens the positive association be-
tween firm exploration and partner exploration
(b 5 20.35 p , .001). This effect persists in the full
model (b520.34, p, .001) (Table 3a, Model 5) and
the combined model (Table 3c, Model 5). Similarly,
Model 4 (Table 3b, Figure 4b) offers support for Hy-
pothesis 3b, indicating that variation in competitors’
exploration levels weakens the positive association
between a firm’s exploration and its competitors’ ex-
ploration (b 5 20.21, p, .01). This effect persists in
the fullmodel (b520.19,p, .01) (Table3b,Model 5)
and the combined model (Table 3c, Model 5).

Model 5 (Table 3a) offers no support for Hypoth-
esis 4a about the moderating effect of technological
proximity to partners. Counter to Hypothesis 4b,
Model 5 (Table 3b, Figure 5) reveals that techno-
logical proximity to competitors weakens the

18 Although the difference in coefficients of the perfor-
mance gapbelowversus above aspirationwas insignificant
for competitor exploration, it became significant in the
combined model, F(1, 1293) 5 8.48, p 5 .004, where the
firm’s exploration increases below aspiration (b 5 0.03,
p, .1) and declines above aspiration (b520.05, p, .05).
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positive association between a firm’s exploration
and that of its competitors (b 5 20.26, p , .01).
These findings indicate that technological proxim-
ity does not motivate a firm to more closely follow
the exploration levels of its partners and competi-
tors. One explanation for this is that we restricted
our sample to the five most proximate competitors,
which limits the range of the moderator. Another

possibility is that, as the firm operates in knowledge
domains similar to those of its competitors, it is al-
ready aware of opportunities in these domains, and
thus can rely less on its competitors for cues on the
desirable exploration level. Although this expla-
nation may apply also for partners, in the case of
competitors, the firm’s divergence may also be tied
to its effort to differentiate itself from proximate com-
petitors and maintain a distinctive industry position
vis-à-vis these competitors. Differentiation enables
the firm to avoid competitive pressure (Deephouse,
1999) and delineate uncontested markets.

Additional Robustness Tests

We considered alternative model specifications
and measures. First, we ran a Tobit model, which
produced consistent findings—with the exception
of Hypothesis 2b.We retained our reportedmodels
because they account for firm fixed effects and
correct for autocorrelation. Second, in line with
the notion of trait imitation (Haunschild & Miner,
1997), we considered whether a firm follows in-
dustry leaders rather than primary competitors
andpartners (Massini et al., 2005).We replaced our
independent variable with the lagged exploration
level of the top 10% performers in the firm’s four-
digit SIC, but found no support for this hypothesis.
Third, by controlling for both the linear and quadratic
terms of the lagged exploration variable, we ruled out
the possibility that our findings are driven by firms’
independent efforts to strive toward an intermediate
level of exploration. The desirable balance point
varies across firms and is difficult to discern, so a firm
ismore likely to follow the exploration levels of alters.
Fourth, we created a matched sample of hypothetical
partners using a Mahalanobis distance calculation
(e.g., Aguinis, Gottfredson, & Joo, 2013). Results of t
tests revealed higher differences in the explora-
tion levels of a firm and its partner relative to the
differences with the alternative matched partners,
thus ruling out selection of partners with similar ex-
ploration levels. Whenwe controlled for the absolute
difference in firm or partner exploration levels in the
prior year, its effect was insignificant, with our find-
ings remaining intact, suggesting no selection bias.

Fifth, we considered an exploration measure based
on knowledge search scope (Dothan & Lavie, 2016;
Katila & Ahuja, 2002) that captured the proportion of
new patent citations that a firm did not cite in the pre-
vious five years. The corresponding findings offer no
support for our hypotheses. This suggests that firms
follow the exploratory behavior of their partners and

FIGURE 2a
The Effect of Partner Exploration on Firm
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FIGURE 2b
The Effect of Competitor Exploration on Firm
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competitors when entering new knowledge domains
rather than when incorporating particular knowledge
elements, which in turn are more difficult to observe,
and thus do not support vicarious learning. We next
considered exploration measures based on the inverse

of Fleming’s (2001) measures of component, combina-
tion, and cumulative familiarity, which capture the
extent to which a firm relies on recent and frequently
used patent classes. Although we find support for Hy-
potheses 1 and 2 in the competitor explorationmodels,

FIGURE 3a
Firm Exploration by Partner Exploration and Firm-Specific Uncertainty
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FIGURE 3b
Firm Exploration by Competitor Exploration and Firm-Specific Uncertainty
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these alternative measures center on knowledge that is
new to the world rather than to the firm, and their
complexity does not support vicarious learning. For
similar reasons, an alternativemeasure based onEggers

and Kaul (2018) yielded no significant findings. A firm
is unlikely to observe class-to-class citation patterns.

Sixth, we tested whether firms adjust their ex-
ploration levels based on the number of partners

FIGURE 4a
Firm Exploration by Partner Exploration and Variation in Partner Exploration
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FIGURE 4b
Firm Exploration by Competitor Exploration and Variation in Competitor Exploration
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and competitors with high-level exploration rather
thanbasedon these alters’ exploration level, but these
variableshadno significant effecton firmexploration.
Seventh, we verified that convergence of exploration
levels cannot be ascribed to the pursuit of similar
technological opportunities, finding only 2.95%
overlap in thenewpatent classes enteredbya firmand
its partners. A control for this overlap was insignifi-
cant, while our reported findings remained intact.
Similar resultswere obtained for primary competitors
(9.36% overlap) and when measuring overlap with a
one-year lag. Eighth, we considered an alternative
definition of competitors based on firms’ competitor
lists in annual reports, and found consistent results
despite severe loss of degrees of freedom ascribed to
73.34% missing values, which prompted us to retain
our original definition of competitors.19

Ninth, we tested a dynamic panel model using the
Arellano–Bond model specification, which pro-
duced consistent findings—with the exception of
Hypothesis 2a. Nevertheless, our reported findings
were insensitive to the exclusion of the lagged de-
pendent variable, thus rendering the Arellano–Bond
model estimates redundant. We conclude that our
reported model is preferred because of the large
number of time points per firm (12.98 observations
on average), which restricts potential dynamic panel
bias (Roodman, 2009). The number of moment con-
ditions required by the Arellano–Bond generalized
method of moments estimator yields weak instru-
ments (Blundell & Bond, 1998), and the estimates
generated by this alternative model can be unstable
(Greene, 2012: 448).

Tenth,we testedwhether ourmoderators affected
the quadratic functions of partner and competitor
exploration; however, corresponding models exhibi-
ted symptoms of multicollinearity, so we could not
interpret their findings. We also tested the effects of
our moderators on the positive slope of the spline
function relating to the inverted U-shaped effect of
partner and competitor exploration. We found con-
sistent results, with the exception of Hypothesis 4b,
although, per our theory, the moderators apply at
any level of exploration. Eleventh, we tested for the
moderating effects of firm size, corporate strategy

FIGURE 5
Firm Exploration by Competitor Exploration and Technological Proximity
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19 The missing values occur because the EDGAR data-
base includes SEC filings only since 1994 and the SECdoes
not require firms to list competitors, while their voluntary
statements can be unsystematic, incomplete, and less re-
liable (e.g., Botosan & Stanford, 2005; Elshandidy, Fraser, &
Hussainey, 2013). Still, the alternativemeasure of competitor
exploration was correlated (r 5 .25, p , .001) with our re-
ported measure, which offers a more complete list of com-
petitors, including those thathaveyet to introducecompeting
products but operate in relevant knowledge domains.
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function, and market size, which turned out insig-
nificant without affecting our findings. For competi-
tor exploration,wealso tested themoderating effect of
the number of competitors, which weakens the effect
of competitor exploration without affecting our re-
ported findings. For partner exploration, we tested
the moderating effect of the strategic significance of
the alliance portfolio, which turned out negative but
left our reported findings virtually intact. Twelfth,
we considered a forward-looking measure of un-
certainty (Toh & Kim, 2013) capturing the implied
volatility of the firm’s one-month expiration of a
European-style, at-the-money call option on the first
trading day of the year. However, we encountered
78.86%missing values in theOptionMetricsdatabase,
which provides data only from 1996 and with many
publicly traded firms notmeeting the requirements for
options trading.

Thirteenth, we tested for reversed causality, but
the corresponding effects were insignificant and the
model fit was significantly lower for both partners
and competitors. Indeed, it is unlikely that all of
the firm’s partners and competitors follow its be-
havior unless it is the undisputable market leader.
Fourteenth,we split our sample into subsamples that
include or excludeR&Dalliances, strategic alliances,
and coopetitors, finding support for our hypotheses
in most subsamples for competitor exploration, but
weaker support for partner exploration, probably
because of the smaller subsample sizes. Fifteenth,
we replaced the five-year window with three- and
seven-year windows for identifying competitors and
partners. The analysis using the seven-year window
yielded support for Hypotheses 1a, 1b, and 3a, with
consistent findings for Hypothesis 4b. The analysis
relying on the three-yearwindowgranted support for
Hypotheses 1a, 1b, and 3b. These analyses reaffirm
our five-year window specification, which is most
suitable for the electronics industry. Sixteenth, we
considered endogeneity in the choice of exploration
alliances versus exploitation alliances by predicting
whether a firm had at least one upstream alliance
in the first-stage model, but our results remained
virtually unchanged. Finally, our findings were in-
sensitive to outliers.20 Overall, our tests reaffirmed
our measures and model specification.

DISCUSSION

Our study promotes research on the antecedents of
exploration by suggesting that firms’ tendencies to
explore are interdependent and subject to various
boundary conditions that restrict convergence with
the exploration levels of alliance partners and com-
petitors. Hence, our study goes beyondprior research
that showed how firms’ exploration tendencies are
uniformly shaped by exogenous industry conditions
or independently driven by firms’ organizational
characteristics. Unlike some prior research that re-
lates exploration to the sheer number of competitors
(e.g., Skilton & Bernardes, 2015) or alliance partners
(e.g., Lavie &Drori, 2012; Rothaermel &Deeds, 2004),
we consider these alters as reference groups for firms’
exploration efforts. We conjecture that firms seek to
learn not only from their partners’ and competitors’
knowledge (Mowery et al., 1996), but also from these
alters’ exploratory behaviors. Acknowledging this
interdependence vis-à-vis alliance partners and
competitors is essential for understanding the ante-
cedents of exploration and for explaining heteroge-
neity in firms’ exploration tendencies.

In this study, we advance a vicarious learning
theory and identify boundary conditions that ex-
plain how partners and competitors shape a firm’s
exploration tendency. At low exploration levels, a
firm increases its tendency to explorewhen either its
partners or competitors increase their exploration
levels. Convergence at that level is ascribed to imi-
tation and legitimation (e.g., Haunschild & Miner,
1997; Lieberman & Asaba, 2006). However, as these
alters’ exploration tendencies become excessive, the
firm diverges from these tendencies and reverts to
exploitation. This divergence is ascribed to the per-
ceived risk of excessive exploration and to a firm’s
efforts to leverage external exploration efforts of
partners, while restricting its own exploration ten-
dency (Stettner & Lavie, 2014). In turn, the diver-
gence from competitors’ exploration is attributed to
the firm’s differentiation efforts. We contend that
specialization in a relatively narrow set of knowl-
edge domains provides the impetus for both division
of labor with partners and differentiation vis-
à-vis competitors. Nevertheless, a decline in a firm’s
exploration is stronger for excessive partner explo-
ration than for excessive competitor exploration.
This is in linewith research suggesting that recurrent
cycles of imitation and innovation reinforce status
quo with rivals (Giachetti, Lampel, & Pira, 2017).
Still, our findings stand in contrast to optimal dis-
tinctiveness theory that implies that firms would

20 We tested sensitivity to outliers using various ap-
proaches (Aguinis et al., 2013; Billor, Hadi, & Velleman,
2000; Upton & Cook, 1996), and, when we dropped out-
liers, the results remained virtually unchanged—and even
improved.
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strive to reconcile the tension between conformity
(convergence) and differentiation (divergence) by
reaching an intermediate level of novelty (Zhao,
Fisher, Lounsbury, &Miller, 2017) irrespective of the
observed level of exploration. Instead, we find that
firms either converge or diverge, depending on the
level of exploration exhibited by their partners and
competitors.

Our study further contributes by showing how con-
vergence with the exploration tendencies of partners
and competitors is subject to boundary conditions that
influence a firm’s motivation and ability to learn and
follow the typical exploration levels in its reference
groups. In particular, we show that, as firm-specific
uncertainty increases, the firm tends to better align its
exploration tendency with the exploration levels of its
partners and competitors.However, a firm’s abilities to
learn the typical exploration pattern, imitate it, and
gain legitimacy depend on the coherence of that pat-
tern (Rhee et al., 2006). When alters pursue diverse
exploration levels, this inconsistent pattern limits the
firm’s ability to systematically react to increases in
their exploration levels. Finally, counter to expecta-
tions, we reveal that the motivation and ability to
converge with the exploration exhibited by partners
andcompetitorsdonot increasewith theirproximity to
the firm (e.g., Rosenkopf & Almeida, 2003). The fact
that partners and competitors develop expertise in
knowledge domains similar to those of a firm suggests
that the firmhasalready learnedaboutopportunities in
related domains, so need not rely on these alters’ ex-
ploratory behavior as a cue for its desirable exploration
tendency.Rather, the firm’s efforts todifferentiate itself
from proximate competitors outweigh the ease of
convergence, and thus lead todivergence.By revealing
several boundary conditions for convergence with the
exploration levels of partners and competitors, we
complement research that has shown how environ-
mental conditions such as market concentration rein-
force interdependence in firms’ innovation strategies
(Turner, Mitchell, & Bettis, 2010). We claim that firms
donot respondmerely to uniform industry conditions,
but to idiosyncratic exploration tendencies in their
particular cooperation and competition networks.

Our main contribution is in enhancing under-
standing of the antecedents of exploration (Lavie
et al., 2010). We reveal how a firm’s exploration
tendencies converge with the typical exploration
level of alters in its main reference groups—namely,
alliance partners and competitors—depending on
the nature of the firm’s relations with them. Con-
vergence is explained by vicarious learning that is
driven by imitation and legitimation. However, the

perceived risk of excessive exploration restricts
convergence. Finally, we claim that specialization
reinforces divergence, as the firm divides labor with
partners and improves its position vis-à-vis competi-
tors. This enables the firm to leverage its partners’
complementary skills while maintaining competitive
parity with its rivals.

Our study also contributes to the literature on ex-
ploration and exploitation by identifying conditions
that shape firms’ interdependent exploration efforts.
When considering the desirable balance between
exploration and exploitation, firms observe alters
and consider adopting their behavior. A firm’s part-
ners and competitors serve as relevant reference
groups, but the extent of convergence with their ex-
ploration tendencies depends on firm-specific un-
certainty, the coherence of their behavior, and their
technological proximity to the firm. Thus,we extend
research on environmental antecedents (e.g., Sidhu
et al., 2004) by showing that exploration is shaped by
conditions that vary across firms with unique port-
folios of interfirm relations. We also complement
research on learning from performance feedback,
which shows how a firm intensifies exploration
when its performance falls below aspiration (Chen,
2008; Dothan & Lavie, 2016; Greve, 2007), by re-
vealing that the firm’s reference groups play a more
profound role, not only in shaping the firm’s per-
formance aspiration but also in offering a benchmark
for the desirable level of exploration.

Moreover, our study contributes to research on
vicarious learning, imitation, and legitimation (e.g.,
Lieberman & Asaba, 2006; Suddaby et al., 2017;
Terlaak &Gong, 2008) by demonstrating that, when a
behavior is risky and its outcomes are unforeseen,
firms deviate from the paradigm of convergence.
Specifically, they follow the population average
rather than a small group of leaders (Massini et al.,
2005) and engage in frequency imitation rather than
in trait imitation or outcome imitation (Haunschild&
Miner, 1997). Lastly, as alters’ exploration further
increases, we expect perceived risk to mitigate imi-
tation and legitimation, while specialization offsets
them and fosters divergence of behaviors. Hence,
whereas prior research has suggested that perceived
risk can lead to convergence of behaviors (e.g.,
Lieberman & Asaba, 2006), we show that it results in
divergence when the risk is inherent to the imitated
behavior as opposed to the targeted market or tech-
nology (Srinivasan et al., 2007). We further identify
boundary conditions that restrict convergence of
behaviors—namely, firm-specific uncertainty, vari-
ance in alters’ behavior, and proximity. We expect
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these conditions to influence vicarious learning irre-
spective of the type of observed behavior.

Finally, we offermanagerial implications for firms
seeking to balance exploration and exploitation. We
advise firms to consider departing from industry
conventions and adjusting their exploration ten-
dencies in line with the typical exploratory behavior
of their specific set of partners and competitors. In
particular, under uncertainty, a firm’s decision to
enter new knowledge domains should take into ac-
count the idiosyncratic competitive position and the
unique configuration of its alliance portfolio, rather
than simply be based on industry trends dictated by
environmental conditions. We found that learning
from primary competitors can complement learning
from partners, irrespective of performance feedback
that is limited in the case of exploration. Given un-
certainty about the prospects of exploration, managers
often opt for mimicking the behavior of the reference
group, expecting to gain legitimacy if not enhanced
performance. However, managers should not blindly
adopt the observed exploration level prevalent in the
firm’s reference groups, and even depart from it when
the firm’s close competitors engage in excessive ex-
ploration or their exploration pattern is incoherent. In
turn, this enables increased specialization in the firm’s
knowledge domain. Understanding the pathways of
convergence and divergence can help managers fore-
see the exploration tendencies of their partners and
competitors, which in turn can influence the firm’s
own exploration tendencies. Still, given the disparity
betweenobservedbehavioralpatternsandprescriptive
advice, future research should study the performance
implications of convergence with the exploration
levels exhibited by partners and competitors.

Although our study advances research on the an-
tecedents of exploration, it faces several limitations
that pave directions for future research. Conceptu-
ally, one may study the performance implications of
convergence with the exploration tendencies of al-
liance partners and competitors. Additionally, fu-
ture research may identify additional reference
groups based on various corporate relations such as
corporate venture capital investors, customers, and
suppliers that may influence a firm’s tendency to
explore (Sidhu et al., 2007). Furthermore, given the
implications of variation in competitors’ exploration
levels, scholars should study a firm’s ability to learn
from a reference group that exhibits incoherent ten-
dencies and decide which partner or competitor to
follow. It is possible that firms pay more attention to
partners with which they engage in more substantial
collaborative relations, or to certain types of alliances,

such as joint ventures versus non-equity alliances.
Thus, more insights can be gained by studying when,
why, how, and whom a firm follows or benchmarks
against when converging with a typical pattern of ex-
ploration. Additionally, as we furnish no direct evi-
dence of our proposed mechanisms, future research
may operationalize and test the effects of imitation, le-
gitimacy, perceived risk, balance across modes, and
differentiation. Such research can indicate, for instance,
whether convergence is driven mostly by imitation or
legitimacy (Zajac & Westphal, 2004). Moreover, since
we study exploration in the knowledge domain, future
researchmay generalize our findings to other domains,
such as business diversification and internationaliza-
tion (Wilden et al., 2018). Along the same lines, we
identified a firm’s competitors based on their knowl-
edge similarity, so future research may define compet-
itors based on other types of resource similarity,market
communality, or perceived rivalry (Chen, 1996). Fur-
thermore, our measure of exploration captures the in-
crease in thediversityof the firm’spatentclasses.Future
research may consider more complex measures of ex-
ploration (e.g., Eggers and Kaul 2018; Fleming, 2001;
Katila & Ahuja, 2002) that capture novelty to the world
rather than to the firm, and that pose challenges for vi-
carious learning. Finally, given our focus on the elec-
tronics industry, it isworth testing thegeneralizabilityof
our findings to other industries. Despite its limitations,
our study sheds new light on previously overlooked
antecedents of exploration and enhances our under-
standing of this important organizational phenomenon.
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