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ABSTRACT
Social networks are important in our offline and online life.
In particular, networks that people form within certain communities can be critical for their engagement and growth in
those communities. In this work, we analyze the growth of
ego-networks for new employees of companies in LinkedIn,
and study how the pattern of network formation in a company affects one’s growth and engagement in the company.
We first identify some key common patterns – such as
functional group preference and triad-closing propagation –
in the network formation within the company. We find that
because of these common patterns initial connections that
people make in new organizations become crucial. To be specific, our analysis demonstrates that first few connections in
a newly joined company have great impact on characterizing future status in the company, which includes the total
number of connections, network diversity, and retention.
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1.

INTRODUCTION

Understanding the evolution of an individual’s network in
a new community is important to help grow social network
of the individual. This understanding is valuable for figuring out missing edges and link prediction [3,15,17,24] in any
online social network since any online social network is partially observed, that is, two people may know each other but
may not be connected with each other on the online social
network. Hence many online social networks recommend
other connections in order to grow network of an individual.
For example, LinkedIn, the largest professional network, exposes its connection recommendation system through “People You May Know” feature.
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Understanding growth of ego-network, connections of an
individual and network of connections between them, and
engagement in a recently joined community is another important challenge. For example, how does a new employee
in a company network or connect with other employees of
the company? Are there patterns in initial connections in
the new company that influence future retention in the company? Is there any homophily in the company network of
a new employee? These are important questions for any social community, not just a company network, such as online
groups and online school networks on a social network.
Despite the importance of the above questions, there is
a little understanding on how the ego-network of a new
member of a community evolves within the community. In
this work we aim to address those questions by analyzing
LinkedIn’s company network data, which consists of more
than 360 million members and millions of companies. To
our best knowledge, our work is the largest analysis of individuals’ networking behavior in a company, and LinkedIn’s
data is ideal to perform such a study to understand the egonetwork growth of a new member in a company.
In the first line of investigation, we find that a significant
fraction of an individual’s connections in a company form
through closing triangles from their first few connections.
This phenomenon can be modeled as propagating connections through triangle closing. For instance, when someone
joins a company, his or her manager introduces the new employee to other employees. Afterwards the new employee can
expand connections through their existing connections but
not directly through the manager. We further analyze this
propagation of triangles in a company network and find that
a large number of connections for an individual are formed
by such triangle closing propagation.
In the second line of analysis, we find that both triangle
closing and its propagation makes first connections crucial
for making a new employees grow and engage in a new company. Such first connections can help the new employee
reach more people in the company. Also, if established well
by the help of those first connections, then the new employee is able to grow quickly in the company. Therefore we
can imagine that first few connections have great impact on
life in the new company. Our analysis reveals that first few
connections influence a new employee’s later status in three
aspects: network size, network diversity, and retention.
Network Size: we find that a new employee’s network
size is affected by the number of connections that the first
few connections of the new employee have. Our analysis
shows that triangle-closing and its propagation is a primary

vehicle for a new employee to expand the network. Therefore, if the first few connections are already connected to
enough number of people, then the new employee has more
opportunities to add connections through triangle-closing or
its propagation. On the other hand, if the first few connections are not connected with enough people in the company, then ego-network growth of the new employee through
triangle-closing is limited, and as a result the new employee
is likely to have a smaller number of connections later.
Network Diversity: we discover that we can predict
diversity of a new employee’s ego-network with respect to
functional groups, which represent the roles of jobs in companies (such as engineering, product, and sales) by looking
at the first few connections. For instance, if the first few
connections of a new employee belong to diverse functional
groups, then the future ego-network of the employee is likely
to remain diverse in terms of functional groups. This phenomenon is not consistent with homophily [26], which implies that people tend to be connected with those in the
same functional group. Our analysis demonstrates that homophily is a collective behavior of people while each individual does not necessarily form connections through homophily, which is an interesting insight.
Employee Retention: we find that the first few connections also influence the retention of a new employee in the
company. Our analysis shows that a new employee having
high-degree and more senior people in the first few connections is less likely to leave the company in 1.5 years. Note
that the retention is not directly related to any networking
behavior but correlated with the composition of the first few
connections. This analysis agrees with our intuition that the
establishment of good social network in a newly joining company is important for the professional life in that company.
The rest of paper is organized as follows. Section 2 reviews previous study of ego-network analysis and companynetwork analysis. Section 3 describes the connection pattern
in a social network, and Section 4 follows with narrowing
down the focus to the ego-network growth in detail. Finally,
Section 5 discusses our main contributions about the influence of first connections on network size, network diversity,
and employee retention.

2.

RELATED WORK

As social networks are regarded critical in many places,
research about the networking behavior of an individual
has been extensively performed. Triangle-closing [20, 22,
30], homophily [19, 26, 32], structural diversity [16, 29], and
other network topological structure [2, 14] have been studied as main mechanisms in the formation of connections.
Such mechanisms have been used in many applications, including recommendation of new connections [3], prediction
of network properties [17], and inference of user properties [18]. In this work, we extend triangle-closing to its
propagation, which means that one triangle-closing opens
up an opportunity of another triangle-closing that would not
happen without the former triangle-closing. We also show
that homophily can behave differently if it is combined with
triangle-closing. Given the extended analysis on the network formation mechanisms, we demonstrate that first few
connections of a new employee in a company influence his
or her later status – such as network size and engagement.
On importance of social networks, previous studies have
revealed that social networks in organizations influence an

individual’s performance [4, 27, 31], personal regard [5], and
turnover [10]. In particular, structural diversity [4, 6, 27],
culture [28], relationships with supervisor [8], and strong
ties [13,25] have been shown as key factors for better performance and engagement in the organizations. However, most
of this previous study has been performed by surveying subjects in certain organizations; hence, the number and the
diversity of subjects is inevitably limited. To our best knowledge, our work on LinkedIn dataset is the largest analysis
that uses the most number of subjects and organizations.
Moreover our work envisions the predictive power of initial
connections in an organization, while the previous work typically shows the correlation between a certain characteristic
of a person – such as performance – and some measurements
like structural diversity [4] in the final network.

3.

CONNECTION PATTERNS

Social networks in the real-world are known to be formed
by some common patterns. In particular, triangle-closing [20,
22,30] and homophily [15,26] are well-studied and key mechanisms in the formation of network connections. Triangleclosing indicates that employees are likely to connect to their
second-degree connections (i.e., friends-of-friends). Homophily
implies that employees tend to form connections with others
who are similar to themselves – such as being in the same
organization and having the same hobby.
In this section, we use within-company networks of large
technology companies in LinkedIn dataset, and aim to investigate the patterns of forming network connections within
companies. We introduce the concept of propagation in
the triangle-closing and examine structural patterns in such
propagations. Also, while showing homophily on functional
groups in companies, we combine homophily and triangleclosing to see the joint patterns between the two phenomena.

3.1

Triangle Closing and its Propagation

Triangle-closing, the formation of new connections with
one’s second degree network, plays a strong role in determining the structure of social networks. Furthermore the
closing of one triangle can lead to the creation of more potential triangles, which may then also lead to the creation of
other potential triangles. This can be viewed as the propagation of connection through triangle-closing, as the creation
of a connection closing one triangle influences the creation of
another creation closing another triangle. This phenomenon
would then have the potential to create cascades, similar to
those of information or invitation diffusion [1, 12, 23].
To study this propagation thoroughly, we define a new
representation of a network, named an E-Graph. In an EGraph, each node corresponds to each single connection in
the original network. To avoid confusion, we denote the
node in the E-Graph by E-Node. A directed edge in the
E-Graph, called an E-Edge, is then formed when a source
and a destination E-Nodes (i.e., connections in the original
network) are the second and the third connections of a certain triangle in the original network, respectively. In this
way there is a one-to-one relationship between E-Edges in
the E-Graph and triangles in its original network.
Figure 1 illustrates the E-Graph representation. On the
left side, given the existing connections between B∼E (black),
the order of connections A-E (red), A-C (green), and AB (blue) is shown in the real network where the number
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Figure 1: An example of E-Graph representation. The network
on the left shows the formation of three connections A-E, AC, and A-B in this order, given the existing connections among
B∼E. This ordering translates to the E-Graph on the right as
A-E creates the triangle A-E-C which is closed by A-C. As A-C is
propagated by A-E, it is a child of A-E in the E-Graph. Similarly
A-B is a child of A-C as A-B.
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marked on each edge indicates the order among these three
connections. On the right side, we draw the partial E-Graph
representation of the left network only between these three
connections. As each connection of A-E and A-C is respectively the second and the third connection of the triangle
A-E-C, an E-Edge is drawn from E-Node A-E to E-Node
A-C. Similarly, A-C and A-B are the second and the third
connection of a triangle A-C-B, so we connect from A-C to
A-B in the E-Graph. The reason for attributing the second
connection of a triangle to the parent of the corresponding
third connection is that the third connection would not be
likely to be formed without the existence of the second one.
As an E-Graph captures the propagation pattern of triangleclosing in the original network, the structural characteristics of the E-Graph can provide insights into the role which
triangle-closing plays in forming connections, similarly to information or invitation cascade analysis [1, 7, 11, 12]. Since
many metrics in the cascade analysis – such as depth – are
defined over trees, we sample E-Nodes at random and investigate the structure of sub-components reachable by the
sampled E-Nodes. Note that the sub-component of a certain
E-Node does not allow any ancestors of the given E-Node,
while containing all the descendants. The structure of each
sub-component can be then quantified by some cascade metrics – such as maximum depth, and Wiener Index [1, 11].
For comparison, we use the following model as a baseline.
First we generate a random network by shuffling the timestamps associated with each connection in a real network.
This way preserves all the connection patterns in the final
state but changes the order of connection creation and the
triangle-closing patterns. We then obtain the E-Graph for
this random network. The different triangle-closing patterns
in the random network will result in the different structural
patterns in its E-Graph. Hence, by comparing the structural patterns between the E-Graphs of real and random
networks, we can find unique patterns in triangle-closing
and its propagation for the real network.
Here we use three metrics to quantify the pattern of triangleclosing propagation in each sub-component. First, we define
the size of a sub-component by the number of E-Nodes in it.
Second, we measure the maximum depth by finding the maximum path length in each sub-component. While the size
implies the amount of triangles that a connection can propagate, the maximum depth indicates the length of such propagations. Last, we also measure the Wiener Index, which is
computed by the average path length between two E-Nodes
of a sub-component. Wiener Index represents the structural
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Figure 2: Structural patterns in the E-Graph of company networks. From sub-components of sampled E-Nodes, we plot the
probability density of size (top), maximum depth (middle), and
Wiener Index (bottom). We compare each pdf in the real EGraph (blue) with the corresponding pdf in the random E-Graph
(red). Each plot implies that the real network is more viral in the
triangle-closing propagation than the random network.

virality [1], the value of which is high for chain-like structure
but low for broadcasting-like structure.
Figure 2 shows probability density plots with respect to
these three metrics for sub-components of E-Nodes in an
E-Graph. Each blue area represents the density from the
E-Graphs of company networks in LinkedIn, whereas the
corresponding red area plots the density from the E-Graphs
of their random networks. In every plot we observe that the
density for the real networks is more skewed to the right than
the density for the random networks, i.e., each metric for the
real networks tends to be high compared to the random networks. The distinction between real and random networks
is the most visible in the Wiener Index. Our observations
demonstrate that the deep propagation of triangle-closing
appears in the real-networks whereas it does not necessarily
happen under the random situation. Therefore, in the realworld there exists the phenomenon that the closing of one
triangle leads to the closing of other triangles.
Our analysis on the propagation is important for two reasons. First, our results demonstrate that triangle-closing
plays a role not only in forming one connection but also in
leading to more connections later through other triangleclosing. Second, because of this propagation, initial connections become very critical for the growth of a network. In
particular, such initial connections for a person can be crucial for the growth of his or her ego-network, and we will
study the influence of triangle-closing propagation on egonetworks in Section 4.

3.2

Homophily

For another connecting behavior, homophily is a phenomenon
that people of the same characteristics – such as gender or
socio-economic background – are likely to be connected [26].
Within company networks, each employee is likely to con-
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Figure 3: Functional group preference. Left figure illustrates an
example to show that only D is connected so the preference score
of the black functional group is 4. The right plot represents a box
plot of such preference scores for all the functional groups in company networks in LinkedIn. We see significantly high preference
scores, i.e., a strong homophily in the functional group.

nect with others doing the same kind of jobs. For instance,
engineers are likely to be connected with other engineers as
they are likely to collaborate. Hence, homophily can be observed with respect to functional groups, which represent
the roles or categories of jobs in companies. Some examples
of functional groups are engineering, marketing and HR.
To verify homophily on the functional group, we use the
same company networks in LinkedIn as the previous analysis. We define a preference score of each functional group for
the notion of homophily as follows. For a functional group F ,
we compute the probability that an employee is connected
to others within the same functional group. We then divide
this probability by the portion of the given functional group
among all and refer to this value to the preference score:
Preference(F ) =

P [(x, y) ∈ E|x, y ∈ F ]
(|F | − 1)/(|N | − 1)

for a set of nodes N and edges E in the given network.
The denominator part indicates the connection probability
within a functional group under the situation without homophily. In short, the preference score normalizes the connection probability within a functional group by the size of
that functional group. For example, in the left plot of Figure 3, suppose that only D and E are connected where each
of black and white circle corresponds to a different functional group. To compute the preference score of the black
functional group, we first have P (black) = 1 for the connection probability within the functional group. Now we
need to normalize this probability by the size of functional
group. Without homophily, the probability of connecting to
D would be 41 for the given black node E. Hence, by definition, the preference score is Preference(black) = 1/ 14 = 4.
We obtain those preference scores for all functional groups
in the LinkedIn dataset and illsturate their distribution as
a box-plot on the right of Figure 3. Note that the y-axis is
presented on the log-scale. While a certain functional group
shows very strong homophily, we see that all functional
groups have preference scores higher than 1. Therefore,
this result demonstrates that functional group homophily
plays a strong role in forming the connections within a company network. This result is also intuitive with respect to
company networks, as employees are typically organized in
teams which share a common purpose and thus are likely to
connect with employees in their own functional groups.

3.3

Homophily and Triangle Closing
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Figure 4: Proportions of five types of triangles. The x-axis values of the bar graph correspond to each of the triangle categories
illustrated in the top diagram. The relative number of triangles
in each triangle type is shown on the y-axis. Type E in which
all connections is the most common as a strong homophily. However, note that Type B is 20% more common than Type D. If the
first connection is between two different functional groups, then
triangle-closing is less likely to happen.

So far we have investigated triangle-closing and functional
group homophily. However, these two phenomena can jointly
happen in the network formation. To examine this joint effect, we categorize triangles into 5 types considering functional groups and the order of connection formation as illustrated on the top of Figure 4. Each diagram represents the
functional group by color and the order of connections by a
number next to each connection. Type A indicates a triangle
among all different functional groups, where Type E means
a triangle within the same functional group. Note the difference between Type B, C, and D. All of them represent the
same composition that two connections in a triangle comes
from the same functional group while the other is from a
different one. The only difference is the order of connections in a triangle. As there is only one connection from the
same functional group in this composition, Type B, C, and
D are distinguished by whether the same functional group
connection is formed first, second, or third.
The bottom bar plot in Figure 4 draws the relative proportion of each of these 5 types. The proportions are normalized by dividing by the number of triangles in Type A (i.e.,
Type A’s value is 1). Type E, a triangle within the same
functional group, leads to the largest proportion of the total
triangles with over twice as many as triangles in Type A.
The large difference in the relative numbers between Type
A and E affirms functional group homophily as previously
discussed. As employees within the same functional group
tend to connect with one another, there is also a higher likelihood of creating triangles within the same functional group
than across functional groups.
We also note that the proportions of Type B, C, and D
are statistically significantly different. For instance, Type B
where the same functional group connection occurs first exists 20% more than Type D where the same functional group
connection comes last. The differences between Type B, C
and D illustrate a case in which functional group homophily
is hampered. The comparison between Type B and D shows
that connecting to an employee of the same functional group
through an employee of a different functional group is less
likely than connecting to employee of a different functional
group through employee from the same one. This result

4.

EGO NETWORKS

So far we have characterized the primary mechanisms of
network formation within companies. Such mechanisms can
have great effects on how each employee expands his or her
network within a company.
In this section, we draw on those findings and focus on
how they manifest within an employee ego-network in each
company. To study these ego-networks, we select top 500
companies in LinkedIn by their average degrees, and investigate the pattern of each employee’s ego-network growth
within each company. For convenience, we refer to one’s egonetwork within a company as company-centric ego-network.
Our dataset has three key properties. First, a company
organization can be regarded as one of the most explicitly defined communities. From the graph theory perspective, the
density of connections within each company is likely to be
larger than the density across companies [15]. Thus, some
findings in these company networks may be projected to
broader communities. Second, LinkedIn users from those
top 500 companies tend to be highly engaged with LinkedIn
so that they reflect their real-world company-centric egonetwork into LinkedIn connections well. Hence, the analysis
on our dataset is beyond online world and can illustrate realworld human behavior to large extent. Third, the number
of employees in the top 500 companies is still over a million and even the new employees in 2013 is in the order
of 100k. This is on a much larger scale than survey-based
studies [4, 10, 27, 28]. To our best knowledge, this study is
the largest analysis with respect to company networks. Using the LinkedIn dataset, we analyze the growth patterns
of company-centric ego-networks, particularly focusing on
triangle-closing and its propagation.

4.1

Proportion of Triangles

implies that an employee is likely to continue to connect to
those outside their own group by connecting to employees of
different functional groups. Under a company setting, those
who initially connect outside of their functional group may
be better able to leverage these connections to continue to
connect outside of their functional group.

Propagation by First Connections

In the previous section, we find that triangle-closing has
great importance with regards to the formation of connections and exhibits propagation-like behavior in company networks. Our observation on the triangle-closing can be leveraged to gain insights about smaller scale ego-network growth
within a company. For example, if triangle-closing is one of
the primary vehicles by which employees make connections,
and if it enables employees to close more triangles, then we
can imagine that an employee’s earlier connections will have
a strong influence on their later connections.
To investigate the influence of an employee’s first few connections on the formation of later connections, here we focus
on triangle-closing through the first few connections in an
employee’s company-centric ego-network. This investigation
will give us an idea about whether the growth of each individual employee in a company is independent of the others
or influenced by the others.
We quantify this influence from first connections by what
proportion of an employee’s ego-network after two years is
propagated from them. In this context, “propagated” refers
only to connections made with the employee’s first connections’ existing connections, i.e., through triangle-closing.
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Figure 5: Coverage by triangle-closing through first connections.
The number of first connections is on the x-axis and the proportion of triangles covered by those first connections is on the y-axis.
The blue curve depicts the tendency in the real network, whereas
the red line represents the random network results in which the
connection order is shuffled. Note that first few connections play
a more important role in triangle-closing in the real network than
in the random network.

Note that the propagation does not necessarily capture all
the common connections between the employee and the first
connections. If another employee is connected with the given
employee prior to the first connections, then this common
connection is not counted as propagation.
Under this definition, the blue curve in Figure 5 plots the
percentage of propagation from first connections to an employee’s network after 2 years, as a function of the number
of first connections. We observe that approximately 40 percent of an employee’s final network is propagated from their
first 10 connections within the company.
However, the blue curve itself cannot imply whether the 40
percent of connections are propagated just because the first
connections have some homophily such as the same functional group or because the first connections have real influence. To distinguish the influence from the homophily effect,
we perform the same analysis on the random network introduced in the previous section, which shuffles the ordering of
connections in the original network. If most of this propagation is driven by homophily, the change of connection order
should not affect the level of propagation.
The red curve in Figure 5 represents the proportion of first
connections’ propagation in the random network. We note
that there is a large gap between the real network (blue)
and the random network (red) with respect to the first connections’ propagation. For example, less than 10 percent of
final connections are propagated by first 10 connections in
the random network, while the real network shows about 40
percent for the same measurement. This supports the hypothesis that an employee’s first connections have a strong
influence on his or her final company-centric ego-network.
Hence the connection preferences of an employee’s first connections affect the employee’s connection preferences.
In the real-world, when people newly join some communities, they may start by making a few initial connections and
gradually grow their networks through existing connections.
Particularly in a company, new employees meet their team
members first and they can be introduced to some other
employees in formal meetings or informal gatherings.

4.2

Influential Attributes on Propagation

Given the significant propagation of first connections on
the future ego-network, now we examine the attributes that
drive this propagation. We thus aim to identify the situation

where each E-Edge x → y. This normalized out-degree basically gives the even credit to each potential E-Node for a
given child E-Node. In other words, all the second connections of triangles that the given connection closes uniformly
share the contribution for the corresponding triangle-closing.
Therefore, high normalized out-degree of an E-Node implies
that the corresponding connection actually leads to many
triangle-closings.
To find the relationships between the attributes of an ENode (degree sum and difference) and the normalized outdegree, we first put each E-Node into 5 × 5 bins based on the
values of degree sum and degree difference. We then compute the average normalized out-degree of all the E-Nodes
in each bin. For comparison, we also use the random network that shuffles the ordering of all the connections, which
preserves the triangle patterns but does not maintain the
pattern in the E-Graph. If a certain bin in the real network
shows visibly higher average normalized out-degree than in
the random network, then this higher average indicates that
the connections (E-Nodes) falling in this bin tends to draw
more triangle-closing than expected.
Figure 6 shows the ratio of the average normalized outdegree between the real network and the random one. This
heatmap is divided by 5-by-5 bins, each of which represents
the same level of degree sum (column) and difference (row)

Degree Difference

where the propagation through triangle-closing affects the
formation of connections the most for an employee.
In order to explore such attributes, we again bring up
the concept of E-Graph and E-Node in Section 3.1. Recall
that E-Graph is the representation of triangle-closing and
its propagation. E-Node and E-Edge is a connection and a
triangle-closing in the real network, respectively. By definition, the out-degree of an E-Node in a E-Graph refers to
the number of connections that a connection corresponding
to the E-Node propagates. Hence, if we can find the relationships between some attribute of an E-Node and its out
degree, the found attribute can be a key for the propagation
through triangle-closing.
Here we focus on the following two attributes of a connection, i.e., an E-Node: the degree sum and difference of two
connectors in a connection (E-Node). Note that the combination of these two attributes contain enough information
to determine the degrees of two connectors. For instance,
the high degree sum and low degree difference means that
both connectors have high degrees.
Regarding measurement of triangle-closing propagation,
the out-degree of an E-Node may not be good for capturing the contribution of the given E-Node to triangle-closing.
For instance, suppose that an E-Node represents a connection between employees A and B, and a following connection
between A and another employee C closes a triangle A-B-C.
According to the E-Graph representation, A-C is the child
of A-B. Under this situation, the triangle A-B-C gives full
credit to the out-degree of A-B regardless of the number of
common connections between A and C. If A and C had a lot
of common connections before their connection was formed,
then it is hard to say that the connection A-B necessarily
influences the triangle-closing connection A-C.
To tackle the above issue, we use the normalized outdegree of an E-Node x in the following way.
X
1
NormOutDeg(x) =
InDeg(y)
x→y
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Figure 6: Influential triangle-closing. For each connection, we
compute its contribution to the triangle-closing by the normalized
out-degree of its corresponding E-Node in the E-Graph. Such
contributions are measured for both real and random networks,
and then this color-map visualizes the relative value of contributions in the real network to the random network, segmented by
degree sum (x-axis) and degree difference (y-axis) of two connectors. The red area along with diagonal axis shows the importance
of connections between low and high degree connectors, and thus
implies the importance of first connections to new employees.

of two connectors. For a fixed row, there is a decreasing
trend of the relative value as the degree sum increases. On
the other hand, for a given column, we also observe an increasing ratio value as the degree difference increase. Note
that the existence of low degree connector results in low
degree-sum for the same degree-difference and high degreedifference for the same degree-sum. In Figure 6, the leftmost
bin in each row and the top bin in each column falls into the
case where one of two connectors has low degree. Therefore
a connection involving low degree connector is expect to lead
more triangle-closing.
In overall, E-Nodes show higher normalized out-degree
values when the degree-difference is high, and degree-sum
is low. For these conditions to be met, an E-Node needs to
consist of one connector with very low degree and the other
connector with very high degree. This would indicate that
connections with high degree employees propagates a high
number of connections in the future, especially if the other
connector is of low-degree.
From these phenomena, we have the following hypothesis.
As the degree of a new employee in a company is likely
to be low, the propagation through triangle-closing is more
critical for the new employee to form connections within
the company. Similarly, we might guess that high degree
connections are capable of more propagations. Thus whom
a new employee is connected with in the beginning can be
influential on the ego-network of the new employee later.
Anecdotally, within a company network, this situation will
typically occur when a new employee (low degree) joins a
team and a manager (high degree) introduces the new employee to the other employees. This case is an example of
a connection truly leading to triangle-closing. In this case,
if the manager is well-established within a company so that
(s)he can introduce more employees in the future, then the
new employee can form more connections through triangleclosing led by the connection with the manager. On the
other hand, if the manager is also relatively new to the company, then the manager may not be able to introduce many
other employees; that is, the connection with the manager
(low degree-sum, low degree-difference) cannot lead to lots
of triangle-closing.
Our analysis in this section demonstrates that the propa-
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Figure 7: New connections around job change. While x-axis
points to the number of month since a new employee joins, y-axis
indicates the relative number of new connections in each month
to the overall average number of new connections per month. A
spike is seen around the joining time and the growth is quickly
stabilized.

gation through triangle-closing plays a more important role
in forming later connections when a low degree employee is
involved. This analysis inspires the hypothesis about a new
employee, which provides the motivation to the next section.
In the next section, we will study what the first connections
can influence and view the first connections as a predictor
of future company-centric ego-network.

5.

INFLUENCE OF FIRST CONNECTIONS

A hypothesis we have in the previous section is that the
first connections of a new employee influence the formation
of later connections. If our hypothesis is true, then the first
connections can affect some characteristics of the new employee in the future. The characteristics may be related to
the later company-centric ego-network of the new employee,
or may be network-independent, such as employee retention.
To verify our hypothesis, we aim to find predictive information in the first connections of a new employee with
regards to the future characteristics of the new employee
. Here we focus on three kinds of characteristics: network
size, network diversity, and employee retention. While the
first two characteristics are directly related to network formation, the retention is apparently unrelated to the network
formation. Our following analysis reveals that all of these
three characteristics are influenced by the first connections
that new employees make when they join new companies.

5.1

Setup

For our analysis in this section, we use the top 500 companies LinkedIn dataset, but choose new employees who joined
these 500 companies in 2013. We observe the first 10 connections of those new employees and find the relationships
between these 10 connections and the characteristics of the
new employees after 1.5 years. We use 10 as the number
of first connections, as Figure 5 shows that a high proportion of the total company-centric ego-network overlaps with
first 10 connections’ company-centric ego-network as well as
the first 10 connections play more significant roles in the real
network than the random network. To make first 10 connections be significantly less than final number of connections,
all the employees who end up with less than 20 connections
after 1.5 years are removed in our analysis.
One benefit to using first connections as a predictive measure, is that they do not take significant time to form after
the employee joins the new company. Figure 7 shows that
there exists a spike in new connections during the first three

0.8
0.75
0.7
0.65
0.6
0.55

R-Squared: 0.7943

0.5
0

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

1

Percentile in the Avg. Degree of First 10 Conns

Figure 8: Influence of first connections on network size after
1.5 years. The plot depicts the percentile of average degree of
an individual’s first 10 connections on the x-axis and the average
percentile of an individual’s network size after 1.5 years on the
y-axis. The positive correlation implies that more degrees of first
10 connections influence the final network size.

months after joining the new company. This spike is likely
due to the burst of new people an employee meets shortly
after joining a new company. Due to this influx of new connections, a small time frame is required before predictive
value can be gained from an employee’s first connections.

5.2

Ego-Network Size

As Section 4.2 describes, we expect that first connections
are crucial for determining the number of potential triangles
an employee will be able to close. If an employee connects
to another well-connected individual, then they have created
more potential triangles and hence have a greater potential
for triangle-closing. This finding gives us the insight that
the degree of an employee’s first connections can be critical
to growing the size of their company-centric ego-network.
In order to verify this insight, for each new employee in
2013, we measure the average degree of a new employee’s
first 10 connections and compare it to their own degree 1.5
years after joining. The degree of each connection is measured at the time of being connected.
As companies have different propensities for LinkedIn engagement and hence a high range in the number of intracompany connections, we need to normalize the degree in
some way. Also, some skewness can be caused by the heavytailed degree distribution [9]. To tackle these two issues,
we borrow the idea from Spearman’s rank correlation [21];
that is, we use the rank (percentile) of each degree value
rather than its absolute value. Figure 8 depicts the positive
Spearman’s correlation between first 10 connections’ average degree and network size after 1.5 years. We see a strong
positive correlation between the average degree of first 10
connections and network size after 1.5 years. This positive
correlation is consistent with our insight that more opportunities for triangle-closing can result in more connections.
However, while the correlation is very strong upto a certain
level, such first 10 connections’ degree effect is saturated
above that level. We believe that triangle-closing opportunities above a certain threshold level may not add more
connections due to limited time and energy of employees.

5.3

Ego-Network Diversity

The previous analysis with respect to network size verifies that triangle-closing is a primary vehicle in company-

1.4
1.2
1
0.8
0.6
0.4

R-Squared: 0.9985

0.2
0

0.2 0.4 0.6 0.8

1

1.2 1.4 1.6 1.8

2

Homophily in First 10 Conns (Normalized)

Figure 9: Consistency in functional group homophily. There
is a nearly perfect positive correlation between functional group
similarity with first ten connections (x-axis) and functional group
similarity with all the connections after 1.5 years (y-axis).

centric ego-network expansion and that an employee’s first
10 connections are important seed connections in their future company-centric ego-network. We now extend this line
of reasoning to examine the effects of homophily, in the form
of functional group preference, within company networks. If
the company-centric ego-network is formed through the first
10 connections, then the diversity of the first 10 connections
is expected to influence the diversity in the later companycentric ego-network. We study this effect as follows.
First, as a notion of homophily, we measure functional
group similarity (1 if shares; 0 otherwise) for every connection made by new employees. If functional group information is missing, then we do not use such users in the analysis.
The average of the similarity is measured with first 10 connections and then compared with all the employee’s total
network after 1.5 years. Since each company has a different
composition of functional groups, each functional group similarity score is normalized as the relative value to the average
value in each company. That is, per company, each similarity value with first 10 connections and with all connections
after 1.5 years is divided by its company-wide average value.
Figure 9 shows almost a perfect positive correlation between first 10 connections and all the connections after 1.5
years with respect to functional group homophily. This plot
can be understood in two ways. First, as interactions with
other functional groups may be consistent over time, the
level of functional group homophily may not change a lot
for 1.5 years. For instance, as some functional roles like HR
are required to make connections with the other functional
groups, they continuously form connections with various
functional groups. On the other hand, engineers might be
mostly connected with engineers since joining until leaving
companies. Second, one of our findings in Section 3 shows
that a connection between different functional groups drives
the network formation opposite to the functional group homophily. Hence, for a new employee, first connections from
different functional groups do not lead to triangle-closing in
the same functional group as the given employee. This behavior boosts the network expansion in different functional
groups while limiting the network expansion in the same
functional group, so that it contributes maintaining the level
of homophily to some extent.
This result however, can be biased by the fact that the
functional group homophily does not account for differences
in relative population proportions among the functional groups.
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Figure 10: Network diversity. Normalized network-diversity of
an individual’s first 10 connections (x-axis) is correlated with that
of the employee’s network after 1.5 years (y-axis). This demonstrates that homophily is a collective behavior of a group of people
and may not hold for each individual.

Members of functional groups with high population proportions would have greater opportunity to connect within
their own functional group, while those in smaller functional
groups would be forced to connect to those outside their own
functional group.
To overcome this bias, we define the network diversity
by the probability that a randomly selected pair from the
company-centric ego-network do not share a functional group.
This measure does not consider the functional group of the
employee and hence would not be biased by the relative population proportion of the employee’s functional group.
Again, since the network diversity value can vary company by company, we use the normalized value by dividing measures by their corresponding company-wide average
value. Figure 10 shows that there exists a positive correlation between the network diversity of the first 10 connections
and the network diversity after 1.5 years. High R2 statistic
(0.8536) verifies that the positive correlation is strong.
A similar explanation to the previous analysis can be applied. If an employee contains low network diversity (high
homophily) in the first 10 connections, then by a combination of triangle-closing and functional group homophily,
the later connections continue to display low diversity. An
employee primarily connects to the first 10 connections’ connections, who are likely to share the same functional group
as the first 10 connections. An employee will thus continue
to connect to employees in the same functional group as their
first 10 connections. For this reason low network diversity
would last in the final ego-network of the employee.
Another explanation would be that an employee’s first
connections are a sample of that employee’s connection preferences. If a employee prefers to connect to others from
different functional groups, then that characteristic can be
determined by looking at their first 10 connections.
This phenomenon is not consistent with homophily [26],
which implies that people tend to be connected with those
in the same functional group. Our analysis here is not well
in align with homophily [26], because we would expect low
network diversity regardless of the diversity in first 10 connections if the homophily governed the primary connecting
behavior. We note that homophily is a collective behavior of people though certain individual’s may display nonhomophilic behavior.
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Figure 11: Influence of first 10 connections’ degrees on retention.
Normalized average degree of an individual’s first 10 connections
(x-axis) shows a negative correlation with the turnover rate of the
individual in 1.5 years (y-axis). Given that first 10 connections’
average degree affects the size of social network in Figure 8, this
result implies that forming enough social connections is important
in the retention.

Figure 12: Influence of seniority difference in first 10 connections
on employee retention. While the x-axis shows normalized seniority difference between an individual and first ten connections, the
y-axis shows the normalized turnover rate of the employee in 1.5
years. The result shows a strong negative correlation indicating
that employees whose first 10 connections are of a high seniority
level are less likely to leave the company.

5.4

seniority difference in first 10 connections and engagement
is very strong.
There are many potential scenarios to explain this observation. For instance, active employees might approach to
very senior employees in the beginning and establish the relationship with them. These active employees tend to be
more engaged with the companies than normal or passive
employees. Another possible explanation is that as senior
employees can mentor juniors for better motivations having
more senior employees in first 10 connections can be helpful
in the engagement with the company. At the moment, these
conjectures must be left at the level of hypothesis, and we
leave them to future work.

Employee Retention

Apart from predicting the characteristics of an employee’s
final ego-network, one’s first 10 connections can also provide
information about an employee’s future within the company.
For example, if we assume that social networking within a
company is important for staying in the company, we can
study the relationship between an new employee’s first 10
connections and the employee’s retention .
Regarding the measurement for the retention, here we use
the turnover rate of new employees in 1.5 years, which represents the probability that the new employees leave the
company in 1.5 years. Our analysis excludes all the members if company serving time is missing. Note that all the
measurements are normalized in the same way as before, as
each company has a different level of turnover.
Figure 11 illustrates the influence of average degree of
one’s first 10 connections on the turnover rate of the corresponding new employee. While variance is high, we can
find the slightly negative influence on the turnover rate. This
implies a positive correlation between the average degree in
first 10 connections and the retention. For instance, employees with first 10 connections of low degree are about
30% more likely to leave their new companies in 1.5 years.
Since the average degree of first 10 connections affects the
network size later, this correlation agrees with the intuition
that having a sound social network within a company might
be good for increasing the employee retention.
On the other hand, the employee retention can be attributed by other factors such as seniority level. For example, employees might be able to learn from more senior
employees, so having such connections can be helpful for
staying longer in a company.
We study the relationship between seniority difference and
turnover rate in 1.5 years. Figure 12 illustrates the negative impact of the average seniority difference between an
employee and their first 10 connections on the employee’s
turnover rate. In other words, there is a positive correlation between the seniority difference and retention. To be
concrete, employees who are connected with more than two
level higher status employees are approximately 40% less
likely to leave the company within 1.5 years. R2 statistic in
this analysis is very close to 1, so the correlation between the

6.

CONCLUSION

Understanding the growth of an individual’s ego-network
within a new community is valuable for common social networking problems such as link-prediction. Also, within the
context of a company, the ego-network growth of a new employee can provide insights on their current position and
future prospects within the company.
In this paper we investigated two common patterns that
influence connection behavior in social networks, triangleclosing and homophily, using company networks in LinkedIn.
the connection networks of companies on Linkedin. Based
on these patterns, we demonstrated that an employee’s first
few connections within a new company play a significant role
in forming later connections as well as even in the retention.
We found that the size of an employee’s ego-network after 1.5
years is positively related to the degree of their first few connections. Also, the diversity of an employee’s first connections is indicative of the diversity in their total ego-network
after 1.5 years. Finally, we showed that the composition of
first few connections affects the turnover rate.
This paper showed many relations between the characteristics of an employee’s first connections and the characteristics of their final network, and explained the relations
using triangle-closing and homophily. However, as such relations do not necessarily imply any causal effect, we leave
the establishment of causal relations as future work. The
development of a model that can explain our observations
also remains as future work.

7.
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