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Abstract: Exploration and exploitation are common in entrepreneurial teams. This paper considers the rela-
tionship amongentrepreneurial teams in business incubators (BIETs) and the relationship between leaders and
members of BIETs. It also examines the e�ects of BIET learning, forgetting and exit and entry on their knowl-
edge level (KL)1 in di�erent environments and models; two general situations involving the development and
use of knowledge in BIETs and business incubators. The results indicate that in a static environment, the rate
of BIET learning from each other and BIET equilibrium KL are negatively correlated, but a moderate rate of for-
getting leads to a positive correlation. Second, in a static environment within a BIET, the combination of the
leader learning from members quickly and members learning from the leader slowly can improve BIETs’ KL.
However, with forgetting, improving BIETs’ KL requires a combination of fast learning by the leader andmoder-
ate learning by members. Third, in a dynamic environment, maintaining a moderate amount of exit and entry
and forgetting within BIETs moderately improves BIETs’ KL in the long run. This e�ect is even more significant
with BIETs’ exit and entry.

Keywords: Entrepreneurial Team, Exploration, Exploitation, Business Incubator, Environmental Changes, For-
getting

Introduction

1.1 Economic growth is highly correlated with an abundance of small, entrepreneurial firms (Bagley 2017; Glaeser
et al. 2010). Increasing importance has been attached to incubators as mechanisms to enhance the economic
and technological development of countries by promoting promising entrepreneurial ideas and encouraging
the growth of newly established companies (Grimaldi & Grandi 2005). Increasing attention has been paid to
incubators because of their important function in cultivating business enterprises (Chen 2007; Tran et al. 2014).
Incubators provide crucial elements to entrepreneurial firms, including not only funds, equipment and other
external support, but also management, technology and knowledge (Albort-Morant & Oghazi 2016; Lasrado
et al. 2016; Pena 2004). Knowledge is one of the most important resources for entrepreneurial enterprises to
gain competitive advantage (Rothaermel & Thursby 2005). Knowledge learning of entrepreneurial teams in
business incubators (BIETs) also plays an important part in improving their knowledge level (KL). Generally
speaking, BIETs acquire knowledge in threemainways: by creating it themselves, byobtaining it from incubator
managersandby learning, sharinganddi�using it amongentrepreneurial teams. Upuntil now, the researchhas
mainly focused on how incubators provide knowledge to entrepreneurial teams (e.g., Aerts et al. 2007; Bergek
& Norrman 2008) but has focused less on studying knowledge learning among BIETs.

1.2 With the rapiddevelopmentof the global economy, competitionbetweenorganizationshas turned into compe-
tition with regard to organizations’ ability to create, acquire and transfer knowledge. For firms, organizational
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learningenables themtoaccess themanagerial capabilities and technological know-hownecessary tocompete
in a global economy. Consequently, they must update their knowledge base to respond to uncertainties and
adapt to external changes at a faster rate than rivals to maintain a long-term competitive advantage (Harrison
& Leitch 2005; Kowalska-Styczeń et al. 2018; Slater & Narver 1995). Previous research has suggested that orga-
nizational learning plays a crucial role in improving the KL of organizations (e.g., Berends & Antonacopoulou
2014; Chae et al. 2015; Saki et al. 2013). Therefore, a large number of organizations hope to improve their KL by
organizational learning, which can enhance their competitiveness.

1.3 At the same time, to improve its competitive strength, an organization must not only learn but also forget
(de Holan & Phillips 2011; Wong & Lam 2012). Forgetting is as important as organizational learning in the devel-
opment of organizations, so that newknowledge canbeexplored to adapt to environmental changes. However,
prior research has focused less on knowledge forgetting. Given the constant changes in the external environ-
ment, a portion of organizations’ original knowledge is unable to adapt (Martínez-Plumed et al. 2015). Forget-
ting can promote innovation in organizational knowledge and enhance the ability of organizations to adapt
to external environment changes, which can improve their KL and competitiveness (Miller & Martignoni 2016).
Thus, organizations have to not only learn newknowledgebut also forget someold knowledge that cannot help
them adapt to environmental changes. Otherwise, the old knowledge will hinder organizations’ competitive-
ness.

1.4 In addition, personnel turnover plays an important role in the innovation of organizational knowledge within
the process of organizational learning (Fang et al. 2010; March 1991; Miller et al. 2006). When the external en-
vironment changes, maintaining appropriate personnel turnover contributes to the continuous updating of
knowledge in organizations, which can improve the ability of organizations to adapt to changes in the external
environment, thereby enhancing the competitiveness of organizations.

1.5 Similar to organizational learning, knowledge learning is very important for BIETs to improve their KL. However,
knowledge learning is di�erent from organizational learning. Organizational learning considers the mutual
learningbetween thecodeand individualsandbetween individuals inanorganization (Blaschke&Schoeneborn
2006; March 1991; Miller et al. 2006), while BIETs’ knowledge learning refers to the multilevel learning between
BIETs and between the leader and members within BIETs. Moreover, forgetting is also considered a part of
multilevel learning, given its important impact on KL. In addition, similar to updating knowledge in organiza-
tional learning, updating knowledge in incubators is also very important for these incubators’ hatching level,
especially in the face of external environmental changes. Personnel turnover is important for the innovation of
organizational knowledge in organizational learning; however, BIETs exit from and enter incubators as a whole
team. Therefore, we should consider the e�ects of BIETs’ exit and entry on teams’ KL.

1.6 Therefore, this paper constructs a simulationmodel from the exploration and exploitation perspective to study
the e�ect of entrepreneurial team learning, forgetting and the exit and entry of BIETs on teams’ KL in di�erent
environments and provides appropriate references and suggestions for BIETs’ knowledge learning and man-
agement. This study has three contributions. First, it discusses multilevel learning among BIETs and between
the leader andmembersofBIETs. Second, it studies thee�ectofBIETs’ exit andentryon teams’KLwithenviron-
mental changes. Third, it adds BIETs’ forgetting to their knowledge learning and then compares their learning
process with and without forgetting.

1.7 In thenext section,we review the related literature. Then,wedescribe theconstructionof the simulationmodel.
The simulation results are shown in the fourth section. Finally, we discuss our conclusions as well as implica-
tions and research directions.

Theoretical Background

Organizational learning

2.1 As alreadymentioned, organizational learning can enable firms to access themanagerial capabilities and tech-
nological know-how necessary to compete in a global economy (Harrison & Leitch 2005; Slater & Narver 1995).
Firms with high levels of learning are associated with greater innovations, and there is a positive and signifi-
cant relationship between all the elements of organizational learning and organizational innovation (Hurley &
Hult 1998; Saki et al. 2013). E�ective organizational learning activities can help firms reduce uncertainty and
findmarket opportunitiesmore quickly in order to competemore e�ectively (Wall 2018; Zhao et al. 2011). Many
studies have discussed the relationship between organizational learning and knowledge performance by con-
structing simulation models. Miller et al. (2006) assume that organizational members are situated in a grid
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without edges in which each member has four neighbors and members learn through engaging in local and
distant search. They found that the intermediate rate of learning from local search produces the highest knowl-
edge, while learning fromdistant search has little e�ect on equilibrium knowledge. Fang et al. (2010) examined
the impact of three interpersonal networks on organizational-level performance and found that dividing an
organization into semi-isolated subgroups increases organizational-level performance.

2.2 In addition, studies on organizational learning provide us with empirical evidence. Keh et al. (2007) surveyed
2239 small businesses with fewer than 100 employees, and argue that proactive firms exchange, acquire and
utilize knowledgemore intensively. Grant & Baden-Fuller (2004) demonstrated that experimental learning (EL)
takesprecedenceover acquisitive learning (AL) because integrating and internalizing knowledgewithin a firm is
easier andmore e�icient. Zhaoet al. (2011) survey 607 firms inChina and found that entrepreneurial orientation
(EO) is positively related to EL but has an inverse U-shaped relationship with AL. Both EL and AL enhance firm
performance (FP), although the e�ects of AL are weaker and become non-significant when external knowledge
is embedded into the firm’s internal private knowledge.

2.3 Prior studies on exploration and exploitation in organizational learning generally show that organizations that
exhibit better learning are more competitive. However, knowledge in organizations may be out of date, and
innovative activities o�en have a significant impact on the current stock of organizational knowledge (Greve &
Taylor 2000). Moreover, organizations’ memory is limited. Hence, competitiveness is not just about learning, it
is alsoabout forgetting the right thingsat the right times (Derbinsky&Laird2013; deHolan&Phillips 2011). Orga-
nizational forgetting and organizational learning are important for organizations and organizational forgetting
also plays a critical role in business (Aydin & Gormus 2015; Bettis & Prahalad 1995; Martínez-Plumed et al. 2015).
Skeptics argue that organizational learning should be facilitated by unlearning – a process of discarding obso-
lete beliefs and routines. By employing SEM,Wong&Lam (2012) investigate the e�ect of organizational learning
and unlearning on the performance of construction organizations. Their results imply that if construction or-
ganizations unlearn, they may be better able to enhance performance. De Holan & Phillips (2004) indicated
that unneeded stocks of knowledge require expensivemanagement and can consume critical management at-
tention, leading to a loss of competitiveness. They classify forgetting along two distinct dimensions and argue
for four types of organizational forgetting. Moreover, they discussed three strategies of forgetting, including
discarding unneeded knowledge, abandoning unwanted innovations and unlearning knowledge, which make
organizational change di�icult or impossible.

2.4 Blaschke & Schoeneborn (2006) add forgetting to March’s exploration-exploitation model and study how dif-
ferent rates of the code and individuals’ forgetting a�ect organizational knowledge. Their findings show that
higher levels of individual forgetting result in increasingly lower equilibrium knowledgewhether in exploration
or exploitation and that increasing the organizational forgetting rate leads to even higher levels of knowledge.
Based on their own simulationmodel, Miller &Martignoni (2016) showed that knowledge and diversity are pos-
itively correlated across organizations. They also argue that, to a point, knowledge can increase with the rate
of organizational learning, and it is quite possible that rapid learning produces higher long-run knowledge than
slow learningwith forgetting. DeHolan&Phillips (2004) drawonanexploratory,multiple-case studyof learning
in international strategic alliances toexplorehowandwhyorganizations forget anddiscuss the roleof forgetting
in the dynamics of organizational knowledge.

Learning and acquiring knowledge in business incubators

2.5 Business incubators (BIs) have become popular worldwide as a way to foster and accelerate the process of
creating successful firms and entrepreneurs. BIs provide an ideal environment for entrepreneurial companies
(Adegbite 2001; Perdomo et al. 2014; Porter & Kramer 2011; Tran et al. 2014; Zhang et al. 2016). Current BIs are
entrepreneurial centers that o�er training, mentoring and technical assistance to startups, and incubators’ ser-
vices vary (Albort-Morant & Oghazi 2016; Bruneel et al. 2012; Ford 2015; Lasrado et al. 2016; Sherman 1999).
Grimaldi & Grandi (2005) map BIs into four categories and argue that the variety of incubating organizations is
driven by the evolution of companies’ requirements and needs. Von Zedtwitz & Grimaldi (2006) propose a clas-
sification of five di�erent incubators: regional BIs, university incubators, virtual incubators, independent com-
mercial incubators, and company-internal incubators. The National Business Incubation Association (NBIA)
(2014) defines a BI as an organization that supports businesses with business planning, counseling, financial
assistance and facilities concentrating on startups (Lai & Lin 2015). Incubators are considered to be important
policy tools for supporting innovation and entrepreneurial growth (Chen 2009; Mian et al. 2016).

2.6 Knowledge is recognized as a critical resource to gain andmaintain a competitive advantage in business and it
becomes very important in obtaining knowledge from others, especially for entrepreneurs in incubators (Tem-

JASSS, 22(1) 10, 2019 http://jasss.soc.surrey.ac.uk/22/1/10.html Doi: 10.18564/jasss.3932



perli & Siebert 2012). Therefore, learning and acquiring knowledge in incubators has also received a lot of atten-
tion. Warren et al. (2009) note that knowledge acquisition can be described as a two-stage process where first,
knowledge about business planning is gained from the Director, then firm and industry specific connections
provide a unique set of knowledge flows that support the firm through the incubation process toward exit.

2.7 Anantatmula & Kanungo (2010) presented approaches to identify important strategies for implementing KM
successfullyandnote that theknowledge factorhasbecome increasingly important inBIsdue to theknowledge-
intensive nature of new-technology-based firms. Rubin et al. (2015) provide evidence fromAustralian and Israeli
incubators and found that collaborations between incubatees, graduated incubatees and incubator manage-
ment increase incubatees’ knowledge of technology andof themarket in both countries. Inkpen&Tsang (2005)
examined how social capital dimensions of networks a�ect the transfer of knowledge between network mem-
bers. Their results indicate that proximity to other members of an incubator in the network increases the like-
lihood that tacit knowledge will be transferred. Studdard (2006) explored how the entrepreneurial firm’s ac-
quisition of business processes’ knowledge from interactions with incubator management positively impacts
performance and finds that, by interacting with incubator management, entrepreneurial firms can improve
their performance. Becker & Gassmann (2006) analyzed the kind of knowledge that facilitates the hatching and
leveraging of technologies through the incubation process and distinguish four modes of mainly tacit knowl-
edge according to di�erent incubator types: entrepreneurial knowledge, organizational knowledge, technolog-
ical knowledge, andcomplementarymarket knowledge. Theyargue that knowledge strategies includeboth the
leveraging of internal knowledge and the in-sourcing of external knowledge for the firm through the corporate
incubator. Ioana & Maria (2008) presented knowledge management as a new type of management for incuba-
tors, innovation indicators andmodern innovative structures. Karapetyan &Otieno (2011) provide a conceptual
model to explore, examined and illustrated both knowledgemanagement and projectmanagement in the con-
text of incubators.

Environmental changes

2.8 Nearly all business environments are in a state of ongoing change and global competition, rapid information
transfer, economic challenge and advanced technologiesmay be advantageous or disadvantageous for organi-
zations (Jovanović 2015; Namwong et al. 2015; Pansuppawatt & Ussahawanitchakit 2011). Organizational inno-
vations, decisionmaking, characteristics and structures are all a�ected by the environment (Flynn 2016; Huang
et al. 2014). Bielinska-Kwapisz (2014) argued that environmental changes can also influence the probability
that the rules will be updated or changed. Current problems cannot be resolved with yesterday’s solutions,
and environmental conditions are so complicated, dynamic, and uncertain that, without innovation, organiza-
tions cannot guarantee longevity (Saki et al. 2013). Environmental changes lead organizations to continuously
pursue better solutions and approaches in order to accommodate to the environment and thus, attain a com-
petitive advantage (Ahmadi et al. 2014).

2.9 Lessons learned from past experience can o�en result in learning traps when the environment changes (Lant &
Mezias 1990). Organizations should update their knowledge to adapt to the environment; personnel turnover is
oneway todo this. March (1991) examinesbotha closed systemandanopen system inhismodel. He studied the
e�ects of environmental turbulence with and without personnel turnover on the average code knowledge and
finds that turnover is useful in the context of the environment turbulence because it brings new knowledge into
anorganization. Personnel turnover serves a functional role bypreserving knowledgediversity in organizations
(Fang et al. 2010; Miller et al. 2006).

2.10 To sum up, most attention in the literature on organizational learning investigates exploration and exploita-
tion in organizational knowledge performance. However, the literature focuses less on investigating knowl-
edge learning among BIETs from the perspective of exploration and exploitation. Secondly, forgetting is also
discussedwidely in the literature on organizational learning. However, few studies discuss the learning process
of BIETs, particularly themultilevel learning between BIETs and between leaders andmembers of a BIET. Third,
many studies in organizational learning focus on the e�ect of organizations’ personnel turnover on their KL in
the context of environmental changes. However, there is little work on the e�ects of the exit and entry of BI-
ETs on teams’ KL, given environmental changes. Therefore, the purpose of this paper is to contribute to these
streams of literature.

The Model

3.1 In this paper, we have constructed a computer simulation model to study the e�ect of entrepreneurial team
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learning, forgetting and the exit and entry of BIETs on teams’ KL in di�erent environments. We aim to discuss
the e�ect of learning between entrepreneurial team leaders, learning between entrepreneurial team leaders
and entrepreneurial teammembers and the periodic exit and entry of BIETs on the KL of organizationswith and
without forgetting in static and dynamic complex task environments. These problems refer to the relationship
between individuals and the relationship between teams, especially BIETs’ entry and exit. Traditional research
methods, such as questionnaires, can rarely solve the problem of multilevel dynamic evolution. Therefore, we
constructed an agent computer simulation that uses this simulation to carry out a series of experiments. Based
onMarch’s classicalmodel (1991) andon lessons fromMiller’s description of forgetting (2016), we fully considers
the BIETs’ network structure and their periodic exit and entry in the following simulation model.

Model specification

3.2 (1) External environment. In March’s model (1991), the external environment is modeled as anm-dimensional
vector with each element randomly assigned a value of 1 or -1 with equal probability. Similarly to March, we
assumed that the external environment hasmdimensions, eachofwhich is assigneda valueof 1 or -1with equal
probability of 0.5. This external environment vector forms the basis formeasuring the level of teamknowledge.

3.3 (2) BIETs. We assumed that there are t BIETs, each of which consists of a leader and five members. The knowl-
edge vector of the leader andmembers in each teamcorresponds to the external environment vector, and it has
m dimensions, each of which has a value of 1, 0 or -1 with equal probability. At the same time, we assume that
the leader is connectedwith eachmember and eachmember is connectedwith othermembers in each team. In
di�erent teams, a team’s leader is connected to other teams’ leaders, but a team’smembers are not connected
with other teams’ members. Figure 1 shows the simplified network structure of entrepreneurial teams.

Figure 1: The social network structure of entrepreneurial teams.

3.4 (3) Knowledge learning. March’smodel (1991) emphasized that all individuals learnedknowledge from theorga-
nization codebut didnot allow for direct person-to-person learning. Miller et al. (2006) addedperson-to-person
learning to his model. Miller highlighted knowledge learning among individuals. Considering March’s model
andMiller’smodel synthetically, we assumed that entrepreneurial team learning includes the learningwithin a
BIET and the learning between di�erent BIETs. Specifically, within a BIET, the team leader and members learn
knowledge from each other. That is, the team leader learns from teammembers and teammembers learn from
the leader. Moreover, team members learn from each other. Across di�erent BIETs, a team leader learns from
other team leaders, but team members do not learn from other teams’ members and leaders, so the learning
between leaders of di�erent teams represents that between di�erent BIETs.

3.5 (4) Forgetting: Miller’smodel (2016) assumed that converting a nonzero dimension of the individual knowledge
vector (1 or -1) to a zero (0) was forgetting. Therefore, this paper uses Miller’s definition of forgetting as a ref-
erence and studies the e�ect of entrepreneurial team leaders’ forgetting on teams’ KL in the learning between
di�erent BIETs. Specifically, we supposed that every team leader converts a non-zero dimension of his knowl-
edge vector (1 or -1) to a zero (0) with the probability f in every period.

3.6 (5) The knowledge level (KL). The equilibrium KL of organization can be used to evaluate the e�ectiveness of
organizational learning. When it reaches equilibrium, the level of organizational equilibrium knowledge is the
arithmetic average of all individual KLs in the organization. An individual’s KL depends on how many dimen-
sions on which the individual knowledge vector matches the external environment vector. March (1991) calcu-
lated the proportion of reality that was correctly represented in individual beliefs to evaluate the average KL of
individuals. March’s proposed method hypothesized that each dimension of the individual knowledge vector
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was independent of each other. However, in fact, teams’ knowledge is complex and not completely indepen-
dent (Fang et al. 2010). Therefore, this paper adopted amethod given by Fang et al. (2010) as follows:

Φ(x) = k
(

Πk
j=1δj + Π2k

j=k+1δj + · · · + Πm
j=m−k+1δj

)
3.7 In this function,m is the dimension of the external environment and the knowledge vector, k is the knowledge

complexityΦ(x), is individuals’ KL, x represents individuals (leaders and members), and the value of δj is 0 or
1. If an individual knowledge vector corresponds with the external environment vector on the corresponding
dimension, δj is 1; otherwise, δj is 0. For example, we assume that the individual knowledge vector and the ex-
ternal environment vector have 10 dimensions (m=10), and the external environment vector is 1111111111. There
are two members: A and B. The individual knowledge vector of A is 1011111111 and that of B is 1101110111. If k=2,
KL of A is 2·(1·0+1·1+1·1+1·1+1·1)=8, and B is 2·(1·1+0·1+1·1+0·1+1·1)=6; if k=5, KL of A is 5·(1·0·1·1·1+1·1·1·1·1)=5, and
B is 5·(1·1·0·1·1+1·0·1·1·1)=0; if k=10, KL of A is 10·(1·0·1·1·1·1·1·1·1·1)=0, and B is 10·(1·1·0·1·1·1·0·1·1·1)=0. Comparing
the results of di�erent values of k, we can see that with di�erent knowledge complexity, individuals’ KLs vary.

3.8 By calculating the arithmetic mean value of team leaders’ and members’ KL, we evaluated the KL of a team
and then calculated the arithmetic mean value of the KL of all teams (the average KL of all teams) to estimate
incubators’ performance.

Simulation process and parameters

3.9 (1) Learning within a BIET: The entrepreneurial team’s internal learning includes the team leader andmembers
learning from each other and team members learning from each other. Because each member is connected
with other members of a BIET, each member’s KL will be compared with other members’ KL. That is to say,
a link between two members indicates that both are sources of learning for each other. Three results were
compared: the same, high or low. If members make sure that the KLs of other members are higher, they will
update their knowledge to incorporate aspects of this higher knowledge with probability p1. If there is more
than onememberwhose KL is higher, we adopted amajority decision rule similar to that used inMarch’smodel
(1991). The majority decision rule is that members look at all of the other members with whom they connect
and identify those that are better performing than themselves. Then, the focalmember identifies the dominant
knowledge vector on each ofm dimensions of these higher-performing members’ knowledge. A�er that, the
focal member will update his own knowledge with probability p1.

3.10 While members’ knowledge learning is constant, leaders’ knowledge learning is periodical. We presume that
leaders learn knowledge from themembers of the same teamand the leaders of other teamsat everyα1 period.
In other words, at every α1 period, leaders first learn knowledge from the members of the same team. Similar
to knowledge learning amongmembers in a team, knowledge learning between a team’s leader andmembers
alsohas three compared results: the same, highor low. If a leader find that theKLof amemberof the same team
is higher, he or she will update his or her knowledge to incorporate aspects of the higher-knowledge individual
with probability p2. If there is more than one member whose KL is higher, the majority decision rule will also
be used with probability p2. A�er leaders learn knowledge, members begin to learn knowledge from their own
leaders. Becausea leader is connectedwithallmembers in aBIET, eachmember’sKLwill be compared to that of
the leader. Ifmembers find that their team leader’s KL is higher, theywill update their knowledge to incorporate
aspects of the higher-knowledge leader with probability p3.

3.11 (2) The learning between di�erent BIETs: The learning between di�erent BIETs includes team leaders learning
from each other. The process of leaders learning knowledge from other leaders is the same as that of members
of a team learning knowledge from other members. Leaders update their knowledge with probability p4.

3.12 (3) Forgetting: In this paper, we mainly studied forgetting in the learning between di�erent BIETs. Therefore,
in the previous section, we supposed that every team leader converts a non-zero dimension of his knowledge
vector (1 or -1) to a zero (0) with probability f in every period.

3.13 (4) External environment changes. We studied both a static environment and a dynamic environment. In the
dynamic environment, we allowed the external environment to change periodically. Specifically, we shi�ed
each of m dimensions of the external environment vector with probability p5 at every α2 period (from 1 to -1,
from -1 to 1). For example, we set p5=0.1 and α2=100, that is, 10% ofm dimensions change their values in every
100 periods.

3.14 (5) The exit and entry of BIETs. Entrepreneurial teams exit from incubators in three ways: graduating from
incubators successfully; leaving incubators without achieving the standard; and failing in incubators. Here, we
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studied the first two types. We assumed that the rule of the exit and entry of BIETswas as follows. We calculated
the KL of each team in incubators, and then sorted all teams from high to low according to their KL. We allowed
the first d teams and the last d teams to exit from incubators, and at the same time, we allowed 2d new teams
to enter incubators.

3.15 All simulation parameters of this paper are shown in Table 1.

Parameter Meaning Parameter value

m The dimension of external environment and knowledge vector 60
t The number of entrepreneurial teams and leaders 20
k Knowledge complexity 3
p1 The rate of members learning from each other in a team 0.1, 0.3, 0.5, 0.7, 0.9
p2 The rate of the leader learning frommembers in a team 0.1, 0.3, 0.5, 0.7, 0.9
p3 The rate of members learning from the leader in a team 0.1, 0.3, 0.5, 0.7, 0.9
p4 The rate of leaders learning from each other 0.1, 0.3, 0.5, 0.7, 0.9
p5 The proportion of external environment change 0.1
f The rate of leaders forgetting 0, 0.01, 0.05, 0.1
α1 The period of leaders’ personal learning 5
α2 The period of external environment change 100
d The number of BIETs’ entry (2d) and exit (2d) 0, 1, 2, 3, 4

Table 1: Parameters for Simulation.

Analysis of the Simulation and Results

4.1 We constructed the simulation model using MATLAB. Details are available in the following sections. In order
to ensure the accuracy of the results, all results presented in this paper are averages based on 50 runs of each
simulation model.

In a static environment

Without forgetting

4.2 Here, we studied the learning process within a BIET and between BIETs in both a static environment and a
dynamic environment. First, we studied the knowledge learning process within a BIET and between BIETs in a
static environment without forgetting. Simulation results are shown in the figures below.

Figure 2: The e�ect of teammembers learning from each other on knowledge. Note: Other parameter settings:
p2=0.5, p3=0.5, p4=0.5,m=60, t=20, r=5, k=3, f=0.
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4.3 Figure 2 shows the e�ect of teammembers learning fromeach other on knowledge. In Figure 2, di�erent values
of p1 produce di�erent equilibrium KLs among teams. As shown in Figure 2, when the rate of team members
learning from each other increases from 0.1 to 0.5, the equilibrium KL of teams also increases gradually. How-
ever, the equilibrium KL of teams decreases gradually when the rate increases from 0.5 to 0.9. In other words,
an increase in the rate of teammembers learning from each other does not increase the equilibrium KL.

4.4 This result shows that although strengthening learning among teammembers can improve a team’s KL, as the
rate of team members learning from each other increases, this improvement does not necessarily increase.
Moderate rates of teammembers learning fromeach other (0.3 ≤ p1 ≤ 0.7) can produce a superior equilibrium
KL among teams, while the rates that are too high or too low have a negative e�ect on the equilibrium KL of
teams. In otherwords, if the rate of teammembers learning fromeachother is too low, the knowledgemastered
by teammembers cannot be shared and used in time, which is not conducive to improving teams’ KL. If the rate
of teammembers learning fromeach other is too high, the knowledgemastered by teammembers spreads and
converges quickly, decreasing knowledge diversity. This e�ect is not conducive to the innovation of knowledge
and has a negative e�ect on teams’ KL.

Figure 3: The e�ect of the team leader learning frommembers on knowledge. Note: Other parameter settings:
p1=0.5, p3=0.5, p4=0.5,m=60, t=20, r=5, k=3, f=0.

Figure 4: The e�ect of team members learning from the team leader on knowledge. Note: Other parameter
settings: p1=0.5, p2=0.5, p4=0.5,m=60, t=20, r=5, k=3, f=0.
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Figure 5: The joint e�ect of the team leader andmembers learning from each other on knowledge. Note: Other
parameter settings: p1=0.5, p4=0.5,m=60, t=20, r=5, k=3, f=0.

4.5 Figure 3 and Figure 4 show the results of learning between the team leader and teammembers. Figure 3 shows
that as the rate of the team leader learning frommembers increases, the equilibriumKL of teams also increases
gradually. Nevertheless, Figure 4 indicates that as the rate of team members’ learning from the team leader
increases, the equilibrium KL of teams decreases gradually. In addition, in Figure 3 and Figure 4, rapid learning
rates achieve the equilibrium quickly in the short run, while slow learning rates do so in the long run. Figure 5
shows the joint rate of the team leader learning frommembers and the rate of teammembers learning from the
team leader. As shown in Figure 5, the combinationof a high rate of the team leader learning frommembers and
a low rate of teammembers learning from the team leader can produce a superior equilibrium KL for teams.

4.6 These findings correspond with those of March (1991) and Miller et al. (2006). On one hand, rapid learning may
o�set the heterogeneity of members’ knowledge quickly, so equilibrium will be achieved in the short run, but
equilibrium KL is low, which is what March called exploitation. Slow learning, called exploration, can promote
the diversity of knowledge, which leads to equilibrium KL in the long run. On the other hand, a team leader is
the synthesizer of knowledge and needs to deliver advanced knowledge to team members. Hence, the team
leader should learn rapidly from the teammembers who own advanced knowledge and share knowledge with
teammembers in a timely fashion to improve KL of the team.

4.7 This learningprocessoccurswithin aBIET. In the following section,wewill discuss the learningprocessbetween
BIETs, that is, the learning process between team leaders.

Figure 6: The e�ect of team leaders learning from each other on knowledge. Note: Other parameter settings:
p!=0.5, p2=0.5, p3=0.5,m=60, t=20, r=5, k=3, f=0.

4.8 In the previous section, we assumed that BIETs learn from each other through the learning between team lead-
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ers. Figure 6 shows the e�ect of team leaders learning from each other on knowledge. From Figure 6, we find
that with the increase in the rate of team leaders learning from each other, the equilibrium KL of teams de-
creases gradually. While rapid learning rates achieve the equilibrium quickly in the short run, slow learning
rates do so in the long run.

4.9 Although rapid learning between BIETs improves teams’ KL in a short time (exploitation), it will make the team
absorb the knowledge of other teams passively, which is not conducive to the exploration and discovery of new
knowledgewithin a teamand results in a lowequilibriumKL for teams. WhenBIETs learn fromeachother slowly
(exploration), teams explore new knowledge and keep knowledge diversity within teams, which leads to slow
increase in teams’ KL and a high KL in the long term.

With forgetting

4.10 In the previous section, we mainly studied the knowledge learning process within a BIET and between BIETs
without forgetting. In the following section, we will add forgetting to the learning process within a BIET and
between BIETs. This section defines forgetting as every team leader converting a nonzero dimension of his
knowledge vector (1 or -1) to a zero (0) with the probability f in every period. The simulation results are as
follows.

Figure 7: The e�ect of di�erent rates of BIETs forgetting on knowledge. Note: Other parameter settings: p1=0.5,
p2=0.5, p3=0.5, p4=0.5,m=60, t=20, r=5, k=3, f=0.1.

4.11 Figure 7 demonstrates the e�ect of di�erent rates of BIETs forgetting on knowledge. Figure 7 shows that as the
forgetting rate increases, the equilibriumKL of teams decreases gradually. This finding indicates that forgetting
has a strictly negative e�ect on teams’ KL.
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Figure 8: The e�ect of team members learning from each other on knowledge with forgetting. Note: Other
parameter settings: p2=0.5, p3=0.5, p4=0.5,m=60, t=20, r=5, k=3, f=0.1.

4.12 Figure 8 shows the e�ect of di�erent rates of teammembers learning from each other on knowledge with for-
getting (f = 0.1). As shown in Figure 8, when t is 500, rates of teammembers learning from each other that are
too low (p1=0.1) and too high (p1=0.9) produce a lower average team KL, while moderate rates (0.3 ≤ p1 ≤ 0.7)
produce a superior average team KL. Comparing Figure 8 and Figure 2 shows that when the period is the same,
the average KL of teamswith forgetting is lower than that without forgetting on the whole. However, moderate
rates (0.3 ≤ p1 ≤ 0.7) of teammembers learning fromeachother canproducea superior KLof teams regardless
of whether there is forgetting. These results suggest that the e�ect of forgetting on the relationship between
the rate of teammembers’ learning from each other and teams’ KL is not obvious.

Figure 9: The e�ect of the team leader learning from members on knowledge with forgetting. Note: Other pa-
rameter settings: p1=0.5, p3=0.5, p4=0.5,m=60, t=20, r=5, k=3, f=0.1.

4.13 Figure 9 shows the e�ect of di�erent rates of the team leader learning frommembers on knowledgewith forget-
ting (f=0.1). Figure 9 shows that, with the increase of the rate (p3) of the team leader learning from members,
the average KL of teams increases gradually when t is 500. Comparing Figure 9 and Figure 3 shows that when
the period is the same, the average KL of teams with forgetting is lower than that without forgetting on the
whole. Nevertheless, the rate of the team leader’s learning frommembers and the average KL of teams is pos-
itively correlated regardless of whether there is any forgetting. The results above indicate that forgetting does
not a�ect the relationship between the rate of the team leader learning frommembers and teams’ KL.
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Figure 10: The e�ect of teammembers learning from the team leader on knowledgewith forgetting (Note: Other
parameter settings: p1=0.5, p2=0.5, p4=0.5,m=60, t=20, r=5, k=3, f=0.1).

4.14 Figure 10 shows the e�ect of di�erent rates of teammembers learning from the team leader on knowledgewith
forgetting (f=0.1). As seen in Figure 10, with the increase in the rate (p3) of team members learning from the
team leader, the average KL of teams increases at the beginning and then decreases when t is 500. Comparing
Figure 10 and Figure 4 shows that when the period is the same, the average KL of teamswith forgetting is lower
than that for thosewithout forgetting on thewhole. At the same time, the relationship between the rate of team
members learning from the team leader and the averageKLof teamshas changed. When theperiod is the same,
the average KL of teams decreases gradually with the increase in the rate of team members learning from the
team leader without forgetting, while it increases at the beginning and then decreases with forgetting.

4.15 Here, we considered the mutual learning between the team leader and members within a BIET synthetically.
The results are shown in Figure 11.

Figure 11: The joint e�ect of the team leader andmembers learning from each other on knowledge with forget-
ting. Note: Other parameter settings: p1=0.5, p4=0.5,m=60, t=20, r=5, k=3, f=0.1.

4.16 Figure 11 shows the e�ect of the mutual learning between the team leader and members on knowledge with
forgetting (f=0.1). Comparing Figure 11 and Figure 5 shows that the relationship between the rate of team lead-
ers learning frommembers and teams’ KL does not change. However, as the rate (p3) of teammembers learning
from the team leader increases, the average KL of teams changes from declining gradually to rising at the be-
ginning and then decreasing. These results suggest that forgetting changes the relationship between the rate
of teammembers learning from the team leader and teams’ KL.

4.17 Entrepreneurial team leaders are synthesizers of team knowledge: through learning from members with high
KL within teams and other team leaders, they can master advanced knowledge. If the rate of team members
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learning fromthe leader is too low (suchasp3=0.1), teammembers cannot learnandutilize theadvancedknowl-
edgemasteredby the leader in a timely fashion,which lower theaverageKLof teams. If the rate is toohigh (such
as p3=0.9), forgetting leads team members to turn their own advanced knowledge into no knowledge, which
also lowers the average KL of teams. Moderate rates (0.3 ≤ p3 ≤ 0.7) not only ensure that teammembers learn
advanced knowledge from the leader in time but also reduce the possibility of turning these members’ own
advanced knowledge into no knowledge, producing a superior average KL of teams.

Figure 12: The e�ect of team leaders learning from each other on knowledge with forgetting. Note: Other pa-
rameter settings: p1=0.5, p2=0.5, p3=0.5,m=60, t=20, r=5, k=3, f=0.1.

4.18 Figure 12 shows thee�ect of team leaders learning fromeachother onknowledgewith forgetting. When the rate
of forgetting is 0.1 (f=0.1), as the rate of BIETs learning from each other increases, the equilibrium KL of teams
also increases gradually. Forgetting can result in a positive correlation between the rate of BIETs learning from
eachother and theequilibriumKL.ComparingFigure6andFigure 12,we find that the rateofBIETs learning from
each other and the equilibrium KL are negatively correlated. A moderate rate of BIETs forgetting will increase
teams’ KL as the rate of BIETs learning from each other increases.

4.19 According to Miller & Martignoni (2016), these results imply that when BIETs learn from each other without for-
getting, constant learning tends to make teams’ knowledge homogeneous. As the rate of BIETs learning from
eachother increases, theknowledgeof teams tends tobecomehomogeneous rapidly, and theknowledgediver-
sity of teams decreases. WhenBIETs only forget, teams’ knowledge diversitymay decrease for a distinct reason.
Forgetting turns nonzero dimensions into zeros, which tends to drive teams to no knowledge and results in the
decrease of teams’ knowledge diversity. These two are extreme cases. In reality, when BIETs learn from each
other with forgetting, the extremes can be avoided and teams’ knowledge diversity preserved, which may cre-
ate a positive correlation between the rate of BIETs learning from each other and the average equilibrium KL of
teams under a moderate rate of forgetting.

In a dynamic environment

Forgetting

4.20 In this subsection, we look at environmental changes, forgetting and the exit and entry of BIETs in a dynamic
environment. We assumed that the external environment vector was fixed in a static environment. However,
in a dynamic environment, we let each m dimension of the external environment vector shi� with probability
p5 at every α2 period, which represents environmental changes. First, we studied the relationship between
forgetting and teams’ KL in the context of environmental changes. Here, we assumed that the entrepreneurial
team leaders’ forgetting is on behalf of the of BIETs’ forgetting and looked into the e�ects of entrepreneurial
team leaders’ forgetting on teams’ KL. The simulation results were as follows.
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Figure 13: The e�ect of di�erent rates of BIETs forgetting on knowledge in a dynamic environment. Note: Other
parameter settings: p1=0.5, p2=0.5, p3=0.5, p4=0.5, p5=0.1,m=60, t=20, r=5, k=3, α2=100, d=2.

4.21 Figure 13 shows the e�ect of di�erent rates of forgetting on knowledge with environmental changes. From Fig-
ure 13, we can see that the average KL of teams decreased gradually when the external environment changed
constantly. Simultaneously, di�erent rates of forgetting have di�erent e�ects on the average KL of teams. As
the rate of forgetting increases, the average KL of teams decreases. However, when the rate of forgetting was
0.01, the average KL of teams rebounded in the long run. These results indicated that environmental changes
have a negative e�ect on teams’ KL and that a moderate rate of forgetting can make teams’ KL rebound in the
long run, although this rebound was not obvious.

4.22 When the external environment changes, BIETs’ original knowledge is not able to adapt to thenewenvironment
and BIETs should explore new knowledge to solve these new problems. BIETs’ ability to store knowledge is
limited. Forgetting old knowledge that cannot adapt to a new environment can provide conditions for creating
new knowledge. However, it requires a large investment and exploration over a long period of BIETs to create
new knowledge, which has a certain e�ect on the long-term KL of teams, but this e�ect is not obvious.

BIETs’ exit and entry

4.23 In this section, we studied the e�ect of the exit and entry of BIETs on teams’ KL with external environment
changes. First, we let each m dimension of the external environment vector shi� with probability p5 at every
α2 period to represent environmental changes. Second, we allowed exit and entry of BIETs to take place, a�er
sorting all teams from high to low according to the KL, we let the first d teams and the last d teams exit from
incubators. At the same time, we made 2d new teams enter incubators. When an entrepreneurial team leaves,
it was replaced by a new entrepreneurial team, which begins with a randomly assigned knowledge vector. The
simulation results are shown in Figure 14.
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Figure 14: The e�ect of environmental changes and the exit and entry of entrepreneurial teams on knowledge.
Note: Other parameter settings: p1=0.5, p2=0.5, p3=0.5, p4=0.5, p5=0.1,m=60, t=20, r=5, k=3, f=0, α2=100.

4.24 Figure 14 shows the e�ect of the exit and entry of BIETs on teams’ KL with environmental changes. As shown
in Figure 14, we can see that a�er an environmental shi�, teams’ KL su�ered an immediate drop. However,
with BIETs’ exit and entry, teams’ KL were able to recover and improve from the environmental shi�. Without
BIETs’ exit and entry, over time, entrepreneurial teams lost their ability to adapt to environmental changes.
Meanwhile, di�erent proportions of BIETs’ exit and entry had di�erent e�ects on teams’ average KL . When d
increased from 1 to 3, the averageKL of teams increased gradually, butwhen d increased from3 to 4, it declined.
These results suggest that when the external environment changes, maintaining the exit and entry of BIETs
can improve teams’ KL. However, greater amounts of exit and entry by BIETs do not necessarily imply better
outcomes; a moderate proportion of exit and entry by BIETs can increase teams’ KL.

4.25 As argued in the previous section, when the external environment changes, the original knowledge of BIETs is
not able to adapt to the new environment and BIETs should explore new knowledge to solve new problems.
With BIETs’ exit and entry, new entrepreneurial teams can bring new knowledge to the original entrepreneurial
teams. New knowledge replaces the old knowledge that cannot adapt to the environmental changes through
themutual learning between entrepreneurial teams, and this can produce newways to solve problems caused
by environmental changes, which can help BIETs adapt to a newenvironment and improve the knowledge level
of teams in the long run. In addition, the proportion of BIETs’ exit and entry has an e�ect on the rate of knowl-
edge update in incubators. If the proportion of the exit and entry of BIETs is high, although it can bring new
knowledge into incubators quickly, the BIETs’ ability to absorb and utilize new knowledge is di�erent, which
may imply that BIETs cannot absorb and utilize new knowledge fully and a�ect the promotion of teams’ KL. On
the contrary, if the proportion of the exit and entry of BIETs is low, new knowledge cannot flow into incubators
in timewhen the external environment changes, whichmaya�ect the knowledgeupdate of BIETs and, thus, the
promotion of teams’ KL. Therefore, a moderate proportion of the exit and entry of BIETs can produce a higher
team KL.

Discussion

5.1 This paper studied the e�ect of entrepreneurial team learning, forgetting and the exit and entry of BIETs on
teams’ KL in di�erent environments by using the computer simulation method. It contributes to the literature
on the knowledge learning of BIETs in three di�erent ways. First, by describing a typical network structure
between BIETs and between the leader and members of BIETs, it discusses the multilevel learning between
BIETs and between the leader and members of BIETs. Second, it studies the e�ect of BIETs’ exit and entry on
teams’ KL with environmental changes. Third, it adds BIETs’ forgetting to their knowledge learning and then
compares their learning process with forgetting and that without forgetting.

5.2 The first contribution of this study is that it discussesmultilevel learning betweenBIETs andbetween the leader
andmemberswithinBIETsbydescribinga typical network structurebetweenBIETs andbetween the leader and
members within BIETs. March (1991) emphasized that all individuals learned knowledge from the organization
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code, but he did not allow for direct person-to-person learning. Miller et al. (2006) added person-to-person
learning in his research. Considering the contact between the leader andmemberswithinBIETs and the contact
between BIETs, this paper describes a relevant network structure and studies the multilevel learning between
BIETs and between the leader and members of BIETs entirely, which includes the learning between members,
the learning between the leader andmembers (the leader learning frommembers andmembers learning from
the leader) within BIETs and the learning between BIETs.

5.3 The second contribution of this study is that it studied the e�ect of BIETs’ exit and entry on teams’ KL with
environmental changes. As shown in prior research, many studies have investigated the e�ect of personnel
turnover in organizations on organizations’ KL from the perspective of individual in organizations (Fang et al.
2010;March 1991; Miller et al. 2006). However, personnel turnover in BIETs is di�erent. BIETs exit fromand enter
incubators as a whole team. Therefore, we studied the e�ect of the exit and entry of BIETs on teams’ KL with
environmental changes.

5.4 The third contribution of this study is that it adds BIETs’ forgetting to their knowledge learning and then com-
pares BIETs’ learning process with forgetting and that without forgetting. As argued previously, for a long time,
enterprises only paid attention to organizational learning and ignored or even tried to avoid forgetting. In fact,
organizational learning and forgetting are mutually complementary (Blaschke & Schoeneborn 2006; de Holan
& Phillips 2011; Miller & Martignoni 2016). Similar to organizational learning, forgetting also plays a vital role in
improving organizations’ KL. Hence, we considered BIETs’ learning and forgetting equally to study the e�ect
of BIETs’ forgetting on teams’ KL and compared the learning process of BIETs with forgetting and that without
forgetting.

5.5 The results of this paper show that first, in a static environment, the rate of BIETs learning from each other and
the average equilibrium KL of teams are negatively correlated, but amoderate rate of BIETs’ forgetting can cre-
ate a positive correlation. Second, within a BIET, high rates of leader learning from members and low rates of
members’ learning from the leader can improve teams’ KL, while a high rate of leader learning frommembers
and a moderate rate of members learning from the leader can improve teams’ KL with forgetting. Third, in a
dynamic environment, external environment changes a�ect the process of BIETs’ knowledge learning. When
the external environment changes, BIETs’ original knowledge is unable to help BIETs to adapt to the new en-
vironment, which results in the gradual decline of teams’ KL. With the exit and entry of BIETs and forgetting,
however, teams’ KL can recover and improve to create new knowledge. Therefore, maintaining a moderate
amount of BIETs’ exit and entry and forgetting can help to improve teams’ KL in the long run; BIETs’ exit and
entry improves teams’ KL more significantly.

Theoretical implications

5.6 Our study contributes to research on knowledge learning of BIETs and has several theoretical implications. In
the field of organizational learning, researchers have discussed the importance of exploration and exploita-
tion for organizational learning (Blaschke & Schoeneborn 2006; Fang et al. 2010; March 1991; Miller et al. 2006).
However, there is less research discussing BIETs’ learning . Therefore, this paper adopts an exploration and ex-
ploitation perspective to study the e�ect of themultilevel learning between BIETs and between the leader and
members within BIETs (including knowledge learning and forgetting) on teams’ KL. Simultaneously, this paper
illustrates the importance ofmaintaining amoderate amount of BIETs’ exit and entry by discussing its e�ect on
teams’ KL in a dynamic environment. This study supplements the theory of BIETs’ learning to some extent and
provides theoretical references for future research.

Managerial implications

5.7 Theconclusionsof thispaperalsohaveseveralmanagerial implications for incubatormanagersandentrepreneurial
teammanagers. Forentrepreneurial teams, first,withinanentrepreneurial team, teamleaders should strengthen
their contacts with teammembers. By learning from teammembers, leaders can gather advanced knowledge
and then deliver advanced knowledge within the entrepreneurial team in a timely manner.

5.8 Team members should also strengthen their contacts with other team members. However, more contact be-
tween team members does not necessarily produce better outcomes. BIETs should aim for a moderate rate
of learning, which allows team members to explore and discover new knowledge independently. For exam-
ple, team leaders should encourage teammembers to combine learning lessons from experiencewith thinking
independently to solve problems. Second, di�erent entrepreneurial teams should learn from each other in in-
cubators.
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5.9 Learning advanced knowledge from other entrepreneurial teams can improve teams’ KL. Nevertheless, en-
trepreneurial teamsshouldnotdependonotherentrepreneurial teamsexcessively to learnknowledge. Strength-
ening the exploration and innovation of knowledge within the entrepreneurial team, as well as learning from
other entrepreneurial teams, plays a critical role in the long-term development of the team. At the same time,
team leaders’ ability to store knowledge is limited, so, they should focus not only on knowledge learning but
also on knowledge forgetting. Entrepreneurial teams should discard old, useless knowledge when they learn
newknowledge inorder toabsorbandcreatenewknowledgebetter. The joint actionof knowledge learningand
knowledge forgetting contributes to maintaining teams’ knowledge diversity, which can help entrepreneurial
teams adapt to environmental changes.

5.10 For incubatormanagers, it is very important to not only ensure the transfer and utilization of knowledge among
entrepreneurial teamsbutalsoupdateknowledge in incubators constantlyaccording toenvironmental changes.
Managers of incubators shouldmaintain amoderate amount of exit and entry among entrepreneurial teams on
the basis of their performance. Therefore, the entry of new entrepreneurial teams allows newknowledge to en-
ter incubators. Hence, original entrepreneurial teams in incubators can learn from new entrepreneurial teams
to update their own knowledge, which is helpful for entrepreneurial teams in the face of the environmental
changes and enhances the ability to adapt to environmental changes.

Limitations and research directions

5.11 In this paper, using the computer simulation method, we studied the e�ect of entrepreneurial team learning,
forgetting and the exit and entry of BIETs on teams’ KL in incubators in di�erent environments. However, our
study does have some limitations. First, the network structure of BIETs and that between the leader andmem-
berswithinBIETsdescribed in thispaper is typical, but it is not theonlynetwork structure. Future researchcould
be based on this premise and discuss the e�ect of di�erent network structures between BIETs and between the
leader andmembers within BIETs on teams’ KL.

5.12 Another limitation is that it studies mainly BIETs’ knowledge learning process by using computer simulation
methods. Because of the limitations of this research method, we only simulated BIETs’ knowledge learning.
However, BIETs’ learning includes not only knowledge but also other resources. Therefore, future research
could simulate the learning of BIETs’ other resources to discuss BIETs’ learning process entirely.

5.13 Finally, the simulationmodel constructed in this paper adoptedmainly the theoretical perspective to study the
relationship between entrepreneurial teamknowledge learning, forgetting and teams’ KL. Theoretical research
should in practice be verified. Therefore, future research can conduct a more comprehensive and deeper dis-
cussion and verification by combining theoretical and empirical research.
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