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Abstract. In this article, we propose a ﬁrm-growing model, and then
collect empirical data to test model validity. The simulation results agree
well with the empirical data. We next explore the eﬀect of communication
patterns on the growth and structure of ﬁrm’s social network and ﬁnd
that the extents to which employees reluctantly interact within or across
departments signiﬁcantly inﬂuence the structure of ﬁrm’s social network.
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1

Introduction

It is generally recognized that knowledge and the capability to create, learn
and transfer knowledge is the source of ﬁrms’ sustainable competitive advantage
[1][2]. And the theory of social capital advocates that the structure of ﬁrms’ social
network, e.g., density, diversity and range, have signiﬁcant eﬀects on individual
and organizational knowledge creation and transfer, as well as the performance
[3][4]. In order to identify what fators could inﬂuence the evolution of ﬁrm’s
social network and consequently the structure of social network, some researchers
obtain the snapshot of social network by using the traditional social research
method, e.g., survey, case study and experiment[5]. However the cross-sectional
data, which is observed at a single point in time, is not suﬃciently rich enough to
represent the dynamic subject, resulting in the failure to prove the cause-eﬀect
relationship between fators and structure of social networks.
The study of complex networks has recently attracted attentions across disciplines and also experienced a fast development. The application of complex
network theory in the area of human society has also proved valuable. With
progress in information technology, some researchers have investigated the structure of collaboration networks and social networks of interpersonal interactions
maintained over the Internet. Some examples of such networks are scientist collaboration networks [6], e-mail networks [7], blog networks [8], and web-based
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social networks of artiﬁcial communities [9]. Furthermore, Guimera [10] explore
the eﬀect of team assembly mechanism on the structure of collaboration network
structure and team performance. So this article also employs the complex network theory in exploring the growth of ﬁrm’s social networks in order to identify
the factors that signiﬁcantly inﬂuence the structure of those networks.
There are deﬁnitely physical and invisible boundaries among employees, e.g.
physical distance, hierarchical boundaries and organization silos, and it is these
boundaries that divide employees into groups [11][12]. These boundaries impede
the communication across groups, therefore the mechanisms of communication
within groups are diﬀerent from those across groups. Moreover, there are two
major patterns of communication inﬂuencing the formation and development
of relationships between employees: (1) formal or compulsory interactions, e.g.,
the interactions formed in regular meeting of groups, between team members
assigned to a single task, via direct reporting relationship between the subordinate and superior; (2)informal ones, e.g., chance encounters at:lunch, the water
cooler, the copier, waiting for elevator, or around the coﬀee machine, strangers
gather because of homophile or shared interest. In order to apply these features
in an understanding of the evolution of ﬁrm’s social networks, we propose, in
this article, a ﬁrm-growing model in which the communications within the single group are diﬀerent from those across the group boundaries in section 2. In
section 3, we collect the empirical data and these data are compared with the
simulation results in section 4. In section 5, we extensively explore how the organizational communication patterns aﬀect the structure of social network, which
oﬀers insight into the formation and evolution of complex social networks and
ﬁnally implications for management practice are suggested.

2

Model

In this section, we propose a ﬁrm-growing model in which the mechanisms of
communication within the single group are diﬀerent from those across the group
boundaries, and both formal and informal communications apply. We exploit
three generic features of organizational social networks: (i) a ﬁrm’s social network is not static, but rather it grows through the continuous addition of new
employees and through formal and informal interactions; (ii) employees are allocated to diﬀerent functional groups (departments), which means that the actors
in the network are not homogeneous; and (iii) concomitant with the heterogeneous characteristics of actors, the interactions between employees too are
heterogeneous.
Using the language of a ﬁrm’s growth to make the description more concrete,
our growing network model is deﬁned by the following rules:
2.1

Initialization

For simplicity, we assume that in a lattice of size L × L , each cell i represents
one position in a company and also has its coordinate (xi , yi ) , which stands for
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individuals’ physical location in the ﬁrm. So the physical distance between cell
i and cell j follows Equation (1).

(1)
Dij = (xi − xj )2 + (yi − yj )2
And there are totally g functional groups or departments, for simplicity we
use the term group instead of department. As we know, at the time when a
new and small company is established, there are usually few employees in each
department. So we set the number of employees in each group to be three, with
one being the leader, the other two the subordinates. And then we connect every
pair of the three employees of a single group.
2.2

Addition

At each time step, the ﬁrm recruits one employee as a result of the ﬁrm’s expansion. This new employee i is randomly assigned to one of the current g functional
groups. Let’s assume Group m. Then in Group m, the probability to connect
the new employee i to an old one j is
P aij ∝



e−Dij K(j)
−Dij
K(j)
j∈m e

(2)

where K(j) denotes the neighbors or degrees of employee j .
2.3

Connecting within the Group

At each time step, there are two kinds of connections. One is between the leader
and subordinates. Because of the unparalleled role the leader plays in the group,
the members intend to communicate more with the leader than others, the probability for interaction between leader and subordinates follows the stochastic
rule. The other connection is between subordinates. The probability, P wij , of
two given subordinates i and j interacting depends on the number of friends i and
j each already has. We represent these factors by functions f . The possibility
becomes
P wij =f (i)f (j)
(3)
1
f (i)= eβk(i)
+1

(4)

where β is adjustable constant. It is apparently that each employee has limit
time and energy to interact with deﬁnite friends, so those who have more friends
are reluctant to acquaint with new friends; however those who have fewer friends
tend to make new friends. Equation (3) reﬂects this eﬀect, as β representing the
extents to which an individual’s apathy to communicate with others in the same
group in Equation (4).
2.4

Connecting across Groups

At each time step, we launch certain number of projects that will need a random
variable n groups (n ≤ g ) to participate, and these projects represent the formal and informal interactions across departments. For each selected group, one
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member will be chosen, and this is determined separately by two mechanisms: (i)
the ﬁrst one demands the most experienced employee to join in; (ii) the second
would randomly choose any one. The ﬁrst mechanism corresponds to the organization’s formal interactions. The second one reﬂects the organization’s informal
interactions. For the reason that a single person has ﬁnite time and attention,
he cannot participate in inﬁnite projects. So we set a limit on the number of
projects that each employee could participate. Some researches show that the
tenure can be an indicator of employees’ working experience [13], and then we
use the tenure of each employee to represent his experience. In this paper, tenure
is simply the number of time steps since the employee was recruited. For all the
members of each project, each one is connected to every other. And we employ
one parameter P to adjust the eﬀects of both mechanisms. The possibility for
the ﬁrst mechanism to take eﬀect is P , and the possibility for the second one
is (1 − P ). The parameter P also implies the degrees to which employees’ reluctance to interact across groups. When P is high, there are certain experienced
employees who participate the inter-groups communication, while the rest are
spared from the across-groups interactions. When P is low, more employees take
an active part into the informal inter-groups communication.
Finally this simulation won’t terminate until each cell has been ﬁlled with
an employee. The result of the communications is the formation of relationships
between employees, the aggregate of which is the ﬁrm’s social network.

3

Empirical Data

In order to test the validity of ﬁrm-growing model, we collected the real ﬁrm’s
social network data by survey. In fact some management scholars and sociologists
collect the data of ﬁrm’s social network mainly by survey, while tracking email
messages or repository logs are used too [14]. As a result of using survey, the
process should be done carefully and then it costs much eﬀort, which limits the
amount of employees from whom we collected information. Despite this shortage,
the method of survey helps to identify and capture the relationships between
employees accurately, and some valuable ﬁndings have been made [15].
Two main qualities of relationships between employees are often discussed
and studied by management scholars. The ﬁrst is the tie strength, which is a
concept ranging from weak ties at one extreme to strong ties at the other and
characterizes the closeness and interaction frequency of a relationship between
two actors [3][16]. The second is knowledge transfer [17]. Both types of relationships are relatively easy to identify and they are also the results of mutual
communication between employees. So we collect the information on these two
kinds of relationships between employees. If any pair of employees has either of
these qualities, there is a link connecting them.
We developed the questionnaires by adopting several questions from the Ref.
[18][19]. Then we conducted our survey in the R&D department of a SinoGerman joint venture company (denoted here as Firm A), and in the R&D
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department in a China state-owned company (denoted here as Firm B). Ninetytwo engineers in Firm A and 94 engineers in Firm B completed the questionnaire,
with the response rate being 100% and 93% respectively. Both R&D departments
have the development of new products as their mission; automobile electronics for
Firm A, and telecommunication equipment for Firm B. Both R&D departments
have been divided into several groups or teams to develop diﬀerent components.
Since their establishment both departments have experienced rapid expansion
- each originally had fewer than twenty members. The following comparison is
made based on the information collected from the questionnaires.

4

Comparison between Empirical Data and Simulation
Results

In this section, we analyzed the complex network features of the real network
and also compare these properties with those of simulation results. Firstly, we
introduce some parameters.
According to Ref. [20], network eﬃciency measures how eﬃciently it exchange
information, and is deﬁned as:

E= N (N1−1) i=j∈G d1ij
(5)
Where dij indicates the path length of the shortest path between i and j , N is
the amount of employees of the network, G is the set of vertices in the network.
The major diﬀerence between social network and other networks, including
technological and biological network, is that social network shows assortative
mixing [21]. Newman deﬁned diﬀerent assortativity coeﬃcients according to the
discrete and scalar characteristics of vertex respectively [22]. The discrete assortativity coeﬃcient rdiscrete is deﬁned as:


rdiscrete =


eij
− i ai bi
re−e2 
= T1−e
2
1− i ai bi

i

(6)

In Equation (6), eij is the fraction of connections that link an individual of
Group i to the one of Group j. It satisﬁes the sum rules



(7)
ij eij =1
j eij =ai
i eij =bj
ai ,bi are the fractions of each group of end of a connection that is linked to
employees of Group i.
And we also calculated the scalar assortativity coeﬃcient rscalar .


rscalar =
qk =

jk

jk(eik −qj qk )
σq2

(k+1)Pk+1
z

(8)
(9)

In Equation (8), σq is the standard deviation of the distribution qk , and qk is the
excess degree of the vertex at the end of an edge which is distributed according
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Table 1. Comparison between calculations of empirical data of Firm A, Firm B and
those of the simulation results. For simulation 1, β = 0.8, P = 0.96; for simulation 2,
β = 0.8, P = 0.79;
N
Firm A
85
Simulation 1 100
Firm B
90
Simulation 2 100

<k>
4.81
5.02
4.13
4.28

C
0.4430
0.4786
0.4221
0.5465

Crand
0.0393
0.0871
0.0341
0.0852

E
0.5092
0.4013
0.2873
0.2038

Erand
0.5402
0.5181
0.3564
0.4730

rscalar
−0.2125
-0.1953
-0.2032
-0.2201

rdiscrete
0.6163
0.6163
0.8621
0.8663

to Equation (9),where 
P is the probability that a randomly chosen vertex will
have degree k and z = k kPk is the mean degree in the network.
The basic network measurements of the Firm A’s and Firm B’s social network and the corresponding simulation results are listed in Table 4. Here we
calculated the average degrees, clustering coeﬃcient C, network eﬃciency E
and assortativity coeﬃcient based on the scalar and discrete vertex properties.
We also presented the clustering coeﬃcient C and network eﬃciency E of the
random graph of Erdos and Renyi [23], in which edges are placed at random
between a ﬁxed set of vertices. The size and the possibility of the connection of
the random graph are according to Firm A and Firm B respectively.
Several values deserve closer attention. First, from the values of C and E of
both the empirical data and the random networks, we can conclude that both
Firm A and Firm B social networks show the small-world eﬀect. The results
demonstrate that E ≤ Erand but C  Crand . Second, the values of rscalar of
both social networks are negative, which is inconsistent with the ﬁndings of Ref
[24]. By contrast, the values of rdiscrete are positive, and relatively high. The
comparison shows that the ﬁrm’s social network is diﬀerent from other social
network.
4.1

Degree Distribution

Many empirical studies have shown that the degree distribution is mostly between a power law and an exponential decay [25][26]. Here we show in Fig. 1 the
accumulative degree distribution of both real social network and the corresponding simulation results, which is a smooth function decreasing monotonously. As
discussed in Refs. [27][28], we can describe the distribution with a shifted Poisson distribution. This shows that the number of relationships varies, but most
of the values are located around the average.
4.2

Clustering

As mentioned in [21], clustering is one of the distinctive features of social networks. This is also the case of the ﬁrm’s social networks, which show a large
clustering coeﬃcient, with C = 0.443 for Firm A and C = 0.4221 for Firm B. In
Fig. 2, we plot the clustering coeﬃcient as a function of the degree,C(k) , that
is, the average clustering coeﬃcient of vertices of degree k.
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Fig. 1. Accumulative degree distribution of real networks and the corresponding simulation results with N = 100, β = 0.8, P = 0.79 and N = 100,β = 0.8, P = 0.96
respectively. The solid circles represent the empirical data. The empty squares represent the simulation result.

Fig. 2. The correlation between the local clustering coeﬃcient and the node degree for
the real social network, and their corresponding networks gained from the simulation
with N = 100, β = 0.8, P = 0.79 and N = 100, β = 0.8, P = 0.96 respectively. The
solid circles represent the data of the real network, and the empty squares represent
the simulation result.

4.3

Betweenness

The betweenness of a vertex i is the number of geodesic paths between other
vertices that run through it [29]. In Fig. 3, we also plot the relation of degreeBetweenness B(k) for Firm A and Firm B.
Based on these comparisons of some measurements between the empirical
data and simulation results in Table 1, Fig. 1, 2, 3, we may argue that the ﬁrmgrowing model introduced in this article is capable of ﬁtting the real ﬁrm’s social
network.
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Fig. 3. The correlation between the local betweenness and the node degree for the
Firm A’s and Firm B’s interpersonal relationships network, and the network gained
from the simulation with N = 100, β = 0.8, P = 0.79 and N = 100, β = 0.8, P = 0.96
respectively. The solid circles represent the data of the real network, and the empty
squares represent the simulation result.

5

Eﬀects of Communication Patterns on Firm’s Social
Network Structure

When proving the validity of the ﬁrm-growing model, we explored extensively
the evolution of the ﬁrm’s social network and the inﬂuence of communication
patterns on network structure by investigating the dependence of clustering coeﬃcient C , scalar and discrete assortativity on the model parameters β and P .
As presented in Fig. 4, C for ﬁxed β monotonously increase with P , and C for
ﬁxed P monotonously and sharply decrease with β. Generally, it can be tuned
in the range of [0.20, 0.96]. The clustering property of our model is tunable in a
broad range by varying β and P , which makes it more powerful in modeling the
real social networks.
As shown in Fig. 5, scalar assortativity coeﬃcient for ﬁxed β decreases with
P but there is exception when β = 0.01 (appears as 0 in the graph), while scalar
assortativity coeﬃcient for given P decreases with β. For the value of β less than
0.3, the model generates assortative mixing networks, meanwhile the model also
display disassortative mixing when the value of β is greater than 0.3.
Also as shown in Fig. 6, discrete assortativity coeﬃcient for ﬁxed β, increases
with P , while discrete assortativity coeﬃcient for given P decreases with β. We
can note that the value of discrete assortativity coeﬃcient is above zero, which
demonstrates that the model produce the networks of assortative mixing within
groups. And this simulation result is consistent with our general knowledge that
the social network is positive correlation.
As mentioned in Section 2, the parameters β and P respectively represent
the degrees to which individuals are reluctant to communicate within groups or
across groups. In one case of lower value of β , individuals readily initiate the
intra-group communication according to Equ. (3) and (4), which brings more
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Fig. 4. Dependence of clustering coeﬃcient on both β and P . The network size N=225.
Simulation results are obtained by averaging over 500 diﬀerent realizations.

Fig. 5. Dependence of scalar assortativity coeﬃcient on both β and P . The network
size N=225. Simulation results are obtained by averaging over 500 diﬀerent realizations.
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Fig. 6. Dependence of discrete assortativity coeﬃcient on both β and P . The network
size N=225. Simulation results are obtained by averaging over 500 diﬀerent realizations.

chances for the employees of fewer neighbors to connect to those similar to them
and results in a relatively larger value of clustering coeﬃcient, and this is consistent with the positive value of scalar assortativity coeﬃcient, which implies that
employees with more neighbors tend to connect with those of more neighbors,
and employees with fewer friends tend to connect with those of fewer friends. In
the other case of higher value of β , due to the individuals’ apathy to communicate within groups, there are few connections between those with fewer degrees,
which leads to lower value of clustering coeﬃcient, thus the value of scalar assortativity coeﬃcient is negative, which reﬂects that employees with fewer neighbors
tend to connect with those of more neighbors, and vice verse. When the value
of P is low, the employees activate the inter-groups interactions, which leads
to relatively low density of assortative mixing within groups, corresponding to
the low value of discrete assortativity coeﬃcient; while the value increases, the
intension to communicate across groups declines to one extreme that only few
employees participate the formal inter-groups communication, resulting in high
density of assortative mixing within groups, namely high value of discrete assortativity coeﬃcient. Actually in the real world of ﬁrms, especially the large
manufacturers, as a result of bureaucracy and the divisions of departments, the
inter-department communications are not advocated, and the intra-department
interactions are not encouraged, or even if encouraged there are still some factors hindering communication, such as the organization silos and the physical
distance [11][12], namely the values of β and P are relatively high, thus the scalar
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assortativity coeﬃcient is negative and the discrete assortative coeﬃcient is relatively larger, just as what we can note in Table 1. In contrast, the advantage
of communication between scientists within the same ﬁeld is relatively obvious.
Many available platforms, such as the research association, annual international
conferences, seminars, publications, personal website or blog, visiting position,
bring about opportunities for scientists of the same discipline to interact with
each other, corresponding to lower value of β and contributing to the positive
scalar assortative coeﬃcient, as demonstrated in [30].

6

Conclusion

Since the structure of ﬁrm’s social network has crucial eﬀect on the organization’s knowledge creation, learning and transfer, which have been recognized as
the source of organization’s sustainable competence advantage, some researchers
make eﬀorts to identify the factors that inﬂuence the growth and structure of
ﬁrm’s social network, in order to obtain the guideline for management practice.
However the traditional social research methods are unable to prove the causeeﬀect relationship between antecedents and structure of social network due to
the weakness of cross-sectional data. However the development of complex network study oﬀers another possibility to accomplish the task. In this article, we
proposed the ﬁrm-growing model, and compared the simulation results with empirical data. The agreement of the simulation results and empirical data justiﬁed
the validity of the model. And then we explored extensively the eﬀect of communication patterns, represented by parameters of β and P , on the growth and
structure of ﬁrm’s social network. The theoretical contributions of this article
are: ﬁrst, this article helps to bridge a gap between the social network study
and organization management practice, and ﬁnds that the extends to which
individuals’ reluctance to communicate within groups or across groups impact
signiﬁcantly the structure of ﬁrm’s social network; second, this article is just one
of few attempts to model the evolution of ﬁrm’s social network, and the agreement between the simulation results and empirical data strengthens the validity
of this model.
This research has limitations. The ﬁrst limitation is that the network growth
model only considered the addition of new employees and ignored employee’s
leaving the organization due to resignation or retirement. The second limitation
is that, in the real world there are a number of factors driving the intra-group
interactions, e.g. homophily, identity, physical proximity, and task-related; but
in this network growth model we only considered the number of neighbors one
has.
The future research can consider these two limitations and improve this ﬁrm’s
growing model. Actually there are other types of relationships, such as trust,
friendship, energy relationship, and these types of relationships also play vital
roles in the knowledge transfer and collaborations. The future study can dig more
deeply into the ﬁrm’s social network by focusing on these types of relationships.
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