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Abstract

Turnover is costly for organizations. While
existing research identifies the antecedents and effects
of turnover, little research exists on how to identify
individuals intending to leave an organization. We
hypothesize that individuals with high turnover
intention will participate in fewer communication
relationships than average, and that individuals prefer
communicating with others of similar levels of
turnover intention. We use exponential random graph
modeling (ERGM) to test our hypotheses on the email
and advice networks of a technology company. ERGM
allows us to simultaneously examine the effect of
individual and dyadic level attributes on network
formation. The results support our hypotheses in the
email network, but not in the advice network. Our
findings imply that organizations should examine their
email networks to identify individuals with high
turnover intention, and intervene with incentives if
they wish to retain the employees.

1. Introduction

It is increasingly difficult for companies to retain
their top talent, particularly in the IT industry.
According to a recent LinkedIn report, the software
industry exhibits the highest rate of turnover among all
industries even above traditionally high turnover
industries like restaurants, retail, and hospitality [24].
Turnover of employees often proves costly for
organizations. When employees leave companies, they
leave with valuable firm- and job-specific knowledge,
and also disrupt production processes, delivery of
company products, and existing mentor-mentee
relationships [12, 30, 31]. Companies not only have to
spend resources to hire and train replacements, but
they also incur costs from the reduced productivity of
replacements relative to established employees. In
fact, turnover could cost a company as much as 4% of
its pre-tax annual income [30].

To date, the primary stream of turnover research
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investigates the factors influencing individual turnover
intention. Job satisfaction is the strongest factor
influencing turnover intention; the two are negatively
related [31, 34]. Other factors include favorable job
market, lack of organizational commitment,
workplace stress, burnout, and lack of interest in one’s
job [3, 8, 14]. Extant models of turnover agree that a
time lag exists between when an individual first
develops high turnover intention to when they actually
leave the organization [31]. During this time lag, the
individual routinely engages in withdrawal behaviors
such as lateness, absenteeism, and withholding effort
at work [30]. In this study, we draw on social network
theory to argue that social network analysis should
reveal individuals engaged in such withdrawal
behaviors. Specifically, we argue that individuals with
high turnover intention alter their social networking
behavior by participating in fewer workplace
communication relationships than individuals with
low turnover intention. Given that turnover is
expensive, companies would benefit if there was a
method to identify employees with high turnover
intention and potentially intervene before they left.
Our study proposes such a method.

Existing research shows that multiple advantages
accrue to individuals occupying highly central
positions in organizational networks. Such advantages
include high job satisfaction, high perceived job
security, and better job performance [37, 39]. Some
advantages are associated with online networks, others
with offline networks, and others with both [1, 33, 37,
39]. To date, however, little to no research has been
done to examine whether co-occurring online and
offline networks wield disparate influences on
individual work outcomes. This study addresses that
shortcoming within the literature on organizational
social networks.

As a burgeoning field, research in social networks
offers many possibilities for understanding the
interconnected nature of human interactions. One
prominent feature of existing research is the focus on
the relationship between individual centrality and
various important outcomes. Centrality primarily
varies because individuals have varying numbers of
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connections, i.e. some people are more popular than
others, and because individuals occupy varying
positions in the network, i.e. some are deeply
embedded in the middle of the network, while others
occupy the fringes. Techniques for calculating such
centralities have existed for decades; thus, it has been
fairly easy for researchers to investigate the effects of
centrality on many variables using frequentist
techniques such as multiple regression, ANOVA, and
structural equation modeling [37, 39]. The use of
centrality to underscore the importance of networks is
thus understandable.

However, emphasizing centrality in social network
research leaves out a key part of what networks entail.
Centrality is an individual level construct, to the extent
that each individual in a network possesses some score
that indicates their influence within the network. Yet
social networks are not only about individuals (nodes),
but are also about relationships (ties or edges). Our
study is in part motivated by the observation that
research on social network relationships is rare,
relative to research on individuals. A relationship is a
link between two individuals [36]. If one considers the
relationship and the attributes of the individuals linked
by that relationship, they are concerned with the dyad.
In this study, we ask the following research question:

RQ: How does turnover intention influence tie
formation within an online organizational social
network?

To answer our research question, we explore
whether individuals with similar levels of turnover
intention tend to have relationships within
organizations, and whether this effect is consistent
across offline and online networks. We also examine
whether the number of relationships an individual
participates in varies according to their turnover
intention. We employ email network and advice
network data collected during the same period from
employees in a technology organization and analyze it
using exponential random graph modeling (ERGM)
[28]. Our method of choice is particularly useful
because it allows for the examination of complex
models of tie formation that include multiple factors at
multiple levels of analysis while controlling for
confounds. To the best of our knowledge, ours is the
first study to examine how individuals engage in
networking behavior based on their turnover intention.
In the next section, we describe related research and
identify where our study fits in the ecosystem of social
network research.

2. Related Research

2.1. Social networks

A social network is a set of entities and their
relationships [36]. Entities are social actors or their
groupings, i.e. individuals, teams, organizations, and
communities; in social network lexicon they are
referred to as nodes. Relationships between nodes are
referred to as ties or edges. Sometimes network
relationships are directional, sometimes not. For
example, on Twitter person A may follow person B
while B does not follow A. Other times relationships
do not have direction as is the case with Facebook
friendship ties.

2.1.1. Antecedents of tie formation in social
networks. Tie formation in social networks has been
theorized to depend on two broad categories of factors
— structural and demographic. Structural factors are
endogenous network mechanisms that guide the
creation of new ties and the maintenance of existing
ties; in other words, the current state of the network is
dependent on the previous state of the network [6].
Demographic factors capture the influences of
exogenous attributes and are not influenced by
network structure [19].

The differences among structural and demographic
factors can be understood by reviewing how they are
calculated. To calculate whether a structural factor is
significant in tie formation, one does not need extra
information about the nodes except their identities and
ties among them. Hence, to calculate the structural
preference for isolation in the network for example,
one would count the number of nodes with at least one
tie and the number of nodes with zero ties; if these
numbers deviate from what should be expected from
chance, the network will display a positive or negative
tendency towards tie formation. On the other hand, to
calculate the effect of demographic factors, one
requires knowledge of exogenous attributes like age,
gender, turnover intention, etc. and these are
independent of network structure.

To date, most social network research focuses on
the effects of social network centrality on various
outcomes — most of them positive. For example, high
betweenness centrality is associated with greater work
performance and higher compensation [9, 37].
Research on network formation is relatively rare [7,
38]. Where it has been done, such research emphasizes
individual, single-item attributes such as gender, age,
and income and their influence on tie formation. Our
study examines how homophily according to turnover
intention  influences  tie  formation  within
organizational social networks, and whether the
strength and direction of those influences vary across
online vs. offline networks. In the process, our
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analyses help identify whether individuals with high
turnover intention exhibit different networking
behavior in online and offline contexts.

2.2. Turnover intention

Turnover intention — defined as “a conscious and
deliberate willingness to leave the organization”
[12:286] — is the strongest predictor of actual turnover
in organizations. It is negatively related with job
satisfaction and organizational commitment [3, 31].
Turnover can be functional or dysfunctional; while
functional turnover is considered desirable and occurs
when poor job performers leave the organization,
dysfunctional turnover is undesirable because it occurs
when high performers leave [29]. This imposes
various costs on the organization including financial
cost and disruption of production and delivery
processes [5, 12]. Existing research also identifies
various mechanisms for reducing dysfunctional
turnover, including increased compensation for high-
performing employees and the availability of channels
for employees to air their grievances [29, 32]. Thus,
there is extensive literature on the effects of turnover
and how to potentially reduce it. What is lacking in the
research are mechanisms to identify employees with
high turnover intention, and below we present a
theoretical explanation for the link between an
individual’s social networking behavior and her
turnover intention.

3. Theoretical Model

Employees with high turnover intention engage in
withdrawal behaviors such as absenteeism, lateness,
and withholding work effort [30]. It is feasible that
such withdrawal behaviors imply changes in social
networking behaviors. Employees intending to leave
the organization are less motivated to work towards
achieving organizational goals than those willing to
stay [5]. We expect that individuals wishing to leave
the organization may also weaken or dissolve their
existing ties with their workmates. In an email
network, these changes are likely to manifest as
reduced outgoing communication with others both
from ignoring emails and from not initiating email
conversations with others.

Moreover, because each employee is embedded
within formal and informal social networks at work, it
is possible that turnover intention may also be a
function of their ties with others [31]. In other words,
we are likely to observe homophily according to
turnover intention for two reasons, dubbed selection
and socialization. In the selection mechanism, because
“birds of a feather flock together,” individuals select

others with similar levels of turnover intention to form
ties with [11, 26]. In the socialization mechanism,
individuals are likely to be influenced by the attitudes
held by their close connections; thus, one’s level of
turnover intention may influence the turnover
intention of close work colleagues [22]. Although
selection and socialization are difficult to disentangle
with cross-sectional studies, they both result in
observable homophily. In this study, we examine a
model of network formation that includes () variation
in tie forming behavior and (1) homophily according
to turnover intention. Figure 1 portrays this model.

Individual A’s

Turnover Intention \
Probability of Tie
from A to B
Similarity between
Individual A’s +

Turnover Intention
and Individual B’s
Turnover Intention

Figure 1: Model of tie formation according to
turnover intention

We present evidence that employees with high
turnover intention exhibit different networking
behavior than employees with low turnover intention,
and these behaviors vary across online and offline
networks.

4. Method
4.1. Data Collection

We collected our data from TechCo (a
pseudonym), a technology firm based in Singapore
which employs 50 people. We used metadata from
TechCo’s email logs to construct its internal email
network. The metadata for an email includes the
identities of the sender and receiver(s) of the email.
The email data is pseudonymized to protect employee
privacy. An outgoing tie exists from node Ato B if A
sends a number of emails exceeding the mean number
of emails sent from each individual in the relevant
period. Dichotomizing ties in this way is necessary for
our model assessment technique, and is common in
studies utilizing the social networks perspective [17,
33].

To assess levels of turnover intention, we
administered an anonymous survey to TechCo
employees with the following questions and
statements drawn from [25]:
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1. 1 will be with this company five years from
now.

2. How likely is it that you will be working with
your current company this time next year?

3. | will probably look for a job at a different
company in the next year.

4. How likely is it that you will take steps during
the next year to secure a job at a different
company?

We surveyed the employees on the people they
most seek work-related advice from, to build the
offline advice network. We presented the following
statement — drawn from [10] — to solicit information
on advice ties:

Indicate the extent to which you turn to each of
the following people for expert advice about
work-related activities.

We had 42 respondents out of 50 potential
respondents, for a response rate of 84% which exceeds
the threshold of 80% required for empirical social
networks research [39]. The responses from the survey
were not shared with the organization, to protect
employee privacy. Data collection took place during
the month of August 2017.

Estimating the parameters capturing the
relationships in the model is not possible using
generalized linear regression, because social network
data violates the required independence of
observations assumption. What is needed is a
technique that also models the various dependencies
among nodes in the network, e.g., the homophily
effect of turnover intention outlined above. A
technique called exponential random graph modeling
(ERGM) has such capabilities, and is outlined in detail
next.

4.2. Exponential random graph modeling
(ERGM).

While social networks exhibit some randomness in
the formation of ties, they also exhibit certain non-
random tendencies. The overall goal of ERGM is to
describe, with statistical confidence, both the
significance and relative strengths of these forces that
shape a given social network [28]. Such forces may be
structural or endogenous, meaning that they are
properties of the overall network, or demographic or
exogenous, meaning that they are derived from the
influences of node attributes. Structural forces include
the propensity for tie formation, measured by density,
and exogenous forces include homophily and
heterophily.

4.2.1. ERGM parameter estimation procedure. To
arrive at a statistical determination of the significances
of both structural and exogenous effects, a series of
derivations must be outlined. First, consider a network
with a given size or number of nodes, n. There is an
exponential number, with respect to n, of possible
networks. Specifically, an observed network of size n
is one of 2n possible networks with the same size.
Given the set of all these random networks, what is the
probability of the observed network?

Theoretical and empirical evidence from past
research shows that not all networks in the set of
random networks are equally likely. For example, real
world networks typically show homophily, i.e. nodes
in a social network typically prefer forming ties with
similar others [4, 26], and bi-directed networks
typically show reciprocity, i.e., if a tie exists from node
Ato B, itis highly likely that the reverse tie exists [13].
As such, a network is likely to include several non-
random effects that have varying degrees of strength.
ERGM expresses the conditional probability of the
observed network given the random set of networks as
the value of all the relevant weighted effects divided
by the summed value of all the possible networks:

exp{0'z(y)}

P Gy

yEY

where Y is the random variable of all possible
networks of the same size of the observed network, y
is the observed network. The numerator is an exponent

of z(y) — the set of model effects for the observed
network y—multiplied by the vector of their associated
weights 67. The denominator is the summed value of
all possible networks, multiplied by a normalizing
constant to ensure that the total probability equals 1
[28]. For very small networks, the denominator can be
easily calculated. However, as the number of nodes in
the network rises, the number of possible networks
increases exponentially. Hence, calculating the values
for all possible networks becomes infeasible.

To estimate the denominator, Markov Chain
Monte Carlo (MCMC) methods are employed.
MCMC extracts a sample of networks that follows the
probability distribution of all the possible networks.
The algorithm generates a sequence of networks by
adding or removing a single tie, such that each network
in the sequence depends only on the previous network
i.e. a Markov Chain [35]. At each step, the probability
of the generated network is calculated; the new
network is retained only if its probability exceeds that
of the previous network i.e. a Monte Carlo method
because the procedure uses randomization to perform
a computation in fixed time, but with uncertain output
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[20].

For practical utility, instead of obtaining the
probability of the network, it is more useful to re-
express the equation so that we obtain the probability
of a tie, conditional on the network. This is analogous
to binary logistic regression, in that we obtain the
probability of a tie, given the structural and node
properties of the participating nodes. The goal is to
find the thetas, or parameter estimates that would
maximize the probability of the observed network. Re-
expressed, the conditional log-odds of a tie are as
follows:

K
logit(P(Y;=1 |n, )= Z 0,62k (y)
k=1

where Y;; = 1 indicates the presence of a tie from
node /to node j Y are all the other dyads in the
network, the expression &8z (y) is the amount by
which z,(y) changes as a result of switching Y;; from
0 to 1. Because tie formation between any two nodes
may not be independent, the probability of any tie is
conditional on the configuration of other ties in the
network, hence the inclusion of the Y term.

We used the R statnet package to fit ERGMs onto
our email and advice networks [20, 21]. The algorithm
proceeds as follows: first guess & using maximum
pseudolikelihood estimation (MPLE). Using MPLE
assumes that dyads are independent, hence it is only
used to obtain an initial guess of the vector of thetas,
which is likely to be inaccurate. Second, simulate a set
of random networks using the guess from step 1.
Third, use the simulated sample to find a better &
using maximum likelihood estimation. Fourth, iterate
steps 2 and 3 until the simulated network is similar to
the observed network — at this point the algorithm
would have converged and reliable estimates of 6k
would have been obtained.

4.2.2. Model specification. We compare the relative
strengths of the forces shaping tie formation in
TechCo’s email and advice networks. These forces
are: the tendency for tie formation, reciprocity of ties,
the homophily effect according to turnover intention,
and the covariate effect of turnover intention. While
the homophily effect of turnover intention captures the
extent to which individuals with similar levels of
turnover intention prefer to form ties with each other,
the covariate effect of turnover intention captures the
relationship between turnover intention and the
number of ties possessed by an individual in the
network. We control for the covariate effect of the
importance of email in conducting work.

To understand the effects of structural and node

attributes on network formation, we first create a
baseline model that calculates the probability of a tie —
the null model, which counts the number of ties in the
network. We use the statnet package in R [16, 20] to
specify our model. The number of ties of the network
forms the basis of the null model. We also add the
reciprocity — a structural attribute — to the model.
Reciprocity is the extent to which pairs of nodes form
mutual connections with each other [13], and is a
general feature of directed networks [36].

Next, we add the node attribute influences to the
model, beginning with (1) variation in number of
outgoing ties, and (ll) homophily according to
turnover intention to the model. Recall that a tie exists
from node A to node B whenever A sends B a number
of emails that exceeds the organization’s mean in the
specified time period. We measure Il as the absolute
difference between the turnover intention levels of
pairs of nodes in the network. We also add the
variation in the number of incoming ties to the model
to capture any variations in the number of incoming
ties according to turnover intention. We control for the
covariate effect of the importance of email use to an
individual’s everyday work activities. The resulting
model is compared to the baseline model to assess
whether there is an improvement using the Akaike
Information Criterion (AIC) [2, 18]. The AIC is a
method for comparing models, and the smaller its
result the better the model. Table 1 summarizes these
terms and their definitions.

Table 1: Model terms and definitions

Term Description

Density Number of ties [20]

Number of pairs of nodes with

Reciprocity bidirectional ties [20]

Sum of absolute differences of an
Homophily | attribute for every node pair with a

(heterophily) tie [20]
Covariate
effect
(continuous Sum of values of an attribute for
variable) every node pair with a tie [15]
5. Results

5.1. Descriptive results and network plots

The gender composition of the respondents to our
survey was 32% female and 68% male. The average
turnover intention was 3.04 (on a scale of 1 — 7), with
a standard deviation of 1.34. The density of the email
network was low relative to the advice networks
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(Table 2).

Table 2: Network characteristics of email vs
advice networks

Number

of Number
Network | Nodes | of Ties | Density
Email 41 258 0.16
Advice | 41 307 0.18

Figures 2 and 3 are plots of the email and advice
networks at TechCo respectively, with the color of the
node representing its level of turnover intention.
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Figure 2: Email network for TechCo, with
nodes colored by level of turnover intention
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Figure 3: Advice network for TechCo, with
nodes colored by level of turnover intention

Several observations are evident from the email
and advice plots above. It would seem that the most
central individuals by number of incoming ties i.e.,
those deeply embedded within the email network
generally have low levels of turnover intention. The
situation seems different in the advice network, which
might mean that individuals from whom advice is
most frequently solicited are likely to have high levels
of turnover intention. Next, we present our results
from modeling network formation using ERGM.

5.2. Results from exponential random graph
modeling (ERGM)

As is standard in using ERGM, we create a
baseline model of network formation using only the
density term. This model can be understood as a null
hypothesis which states that all the ties in the network
randomly arose. The results of fitting the baseline
model onto the email network are presented in Table
3. The negative edges parameter indicates that there is
a negative tendency to form ties within the network
and this is typical in real-world networks. Relative to
the maximum number of ties possible of 1640 within
a 41-node bidirectional network, the network only has
258 edges.

Table 3: Results of fitting baseline model to
observed email network

Parameter Std. p-value
Estimate Error
Edges -1.49 0.07 0.00
AIC =1342

Our hypothesized model postulates that the email
network (shown in Figure 2) arises because of
reciprocity, variations in turnover intention, and
homophily  according to turnover intention.
Individuals with low levels of turnover intention are
hypothesized to form more ties than individuals with
high levels of turnover intention. We create a model
that incorporates baseline density, reciprocity, the
main and homophily effects of turnover intention, and
the control effect of email’s importance to one’s work.
Results of fitting this model onto the email network
are shown in Table 4.

The AIC for the hypothesized model (1078) is
lower than that of the baseline model (1342), which
means that the hypothesized model is an improvement
on the baseline model. Each parameter estimate is the
log-odds of a tie between two nodes, conditional on
the rest of the network [18]. The parameter for edges
is non-significant, meaning that the conditional log-
odds of a tie is zero, for a tie probability of 0.5. The
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parameter for reciprocity is positive and is the
strongest, indicating that the email network is marked
by high reciprocity. Because the parameter is a
conditional log-odds, it can be converted to a
probability using 1/ (1 + e-esiimate), Which evaluates to
0.97. This means that there is a 97% probability that a
tie will be formed from B to A, if A to B exists. And if
there is a 1-unit difference between the turnover
intentions of A and B, the probability that they will
form a tie decreases by 3%. Moreover, an individual
who increases their turnover intention by one unit
decreases their probability of forming a new tie by
3.2%.

Table 4: Results of fitting structural and node
attribute model to observed email network

Parameter | Std. p-
Estimate Error | value

Edges -0.55 0.51 0.27
Reciprocity 3.60 0.27 0.00
Homophily 0.13 0.06 0.02
(Turnover
Intention)
Outgoing ties -0.13 0.07 0.07
(Turnover
Intention)
Incoming ties 0.21 0.07 0.00
(Turnover
Intention)
Outgoing Ties -0.31 0.12 0.01
(Email
Importance)
Incoming ties -0.20 0.12 0.10
(Email
Importance)

AIC = 1078

Tables 5 and 6 show the results of fitting the
baseline and hypothesized models onto the advice
network. As with the email network, the hypothesized
model better explains the observed network than the
baseline model, as shown by the decrease in AIC from
1616 to 1431 after adding structural and node attribute
terms to the model. Reciprocity is also the strongest
force shaping the advice network, meaning that
individuals are likely to seek advice from those that
seek advice from them. However, we observe no
homophily according to turnover intention, and there
is no difference in outgoing tie-forming behavior as an
individual’s turnover intention varies. A possible
explanation for high levels of turnover intention
among popular individuals in the advice network is
that they may be valued for their expertise and thus

have more favorable opportunities to move elsewhere.
Such individuals might also feel exhausted from
having to continuously give work-related advice to
their colleagues, leading them to seek other
opportunities.

Table 5: Results of fitting baseline model to
observed advice network

Parameter Std. p-value
Estimate Error
Edges -1.53 0.06 0.00
AIC = 1616

Table 6: Results of fitting structural and node
attribute model to observed advice network

Parameter | Std. p-
Estimate Error | value

Edges -2.14 0.49 | 0.00
Reciprocity 2.85 0.21 0.00
Homophily -0.03 0.05 0.52
(Turnover
Intention)
Outgoing ties -0.06 0.05 0.25
(Turnover
Intention)
Incoming ties 0.13 0.06 0.02
(Turnover
Intention)
Outgoing ties -0.19 0.10 0.07
(Email
Importance)
Incoming ties 0.07 0.10 0.51
(Email
Importance)

AIC = 1431

5.2.1. Goodness of fit for ERGM. To assess
goodness of fit, we first generate 100 networks using
the parameter estimates obtained by running ERGM
on the observed network; 100 is adequate for the test
[19]. From the simulated set of networks, we obtain
probability distributions of the terms included in the
model; the values obtained in the observed network
are then compared to the values in the simulated
networks. If there are no significant differences among
these values, it can be concluded that the model has
sufficient goodness of fit. The probability distributions
of the statistics included in the hypothesized model do
not differ between the email and advice networks and
their corresponding sets of simulated networks.
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6. Discussion

The extensive literature on turnover states that
individuals with strong turnover intentions engage in
withdrawal behaviors such as lateness, absenteeism,
and withholding effort from work [30]. Based on these
findings, we hypothesized that such individuals are
also likely to reduce their levels of participation in
organization social network relationships. We also
hypothesized that individuals prefer forming ties with
others of similar turnover intention through the
selection and socialization mechanisms that constitute
homophily [22].

The results from fitting ERGMs on the email
network support our hypotheses. First, we find that
individuals are more likely to have email
communication ties with workmates that have similar
levels of turnover intention than with those with
dissimilar turnover intention. We cannot determine
whether this homophily arises out of selection or
socialization. Individuals might select to communicate
with others with similar levels of turnover, or they
might influence their close contacts within the
organization to develop high levels of turnover
intention. Individuals with high turnover intention
may share their negative workplace experiences with
their close contacts, or they may inform them of better
job opportunities, thus influencing their counterparts
to develop strong turnover intentions.

Second, we find that individuals with high turnover
intention participate in fewer email communication
relationships than individuals with low turnover
intention. When individuals intend to leave an
organization, they are less committed to the success of
the organization, or they may develop negative
attitudes towards the organization [29, 31]. Thus, such
individuals are less motivated to respond to emails or
to initiate new conversations with their workmates.
Indeed, we find that individuals with high turnover
intention tend to have higher numbers of incoming
email ties than average, which suggests that they may
be ignoring emails from their work colleagues.

Third, a large body of research exists on the effects
of social network centrality on outcomes like job
satisfaction, perceived job security, and organizational
commitment [e.g. 27, 39]. Our study is a rare
exception in that we examine the effect of a
psychological construct, i.e. turnover intention on
social networking behavior. Our study is also to be
contrasted with extant research because it shows that
the effect of turnover intention on networking
behavior varies across online vs. offline networks.
This variation offers potential of interesting further
research.

It is notable that we did not observe variation in tie-
forming behavior and homophily according to
turnover intention in the advice network. To generate
the advice network, we use self-reported data from
TechCo employees. Self-reported data suffers from
many limitations including inaccurate recall and
desirability bias [23]. Nevertheless, we observed that
individuals with high turnover intention tend to have
higher numbers of incoming advice ties on average.
This might suggest that the individuals valued for their
expertise may have more favorable outside job
opportunities, and may thus be motivated to move.
Such individuals might also feel that having to
continuously assist others undermines their own work,
and thus desire to seek other opportunities. Further
research is required to better understand these
findings.

Taken together, our findings imply that the email
network reveals useful information about turnover
intentions. An organization that tracks changes in its
email network may be able to identify those with high
turnover intention by looking for withdrawal
behaviors such as ignoring emails and not initiating as
many new conversations. If these high turnover
intention  individuals are high  performers,
management may intervene by offering incentives for
them to stay and save money and resources in the
process. Research on dysfunctional turnover shows
that individualized performance incentives are more
effective at retaining high performance individuals
than group incentives [32]. Examining the email
network helps the organization identify high turnover
intention individuals, which informs personalized
intervention.

Our study has limitations. One limitation is that our
data was collected in one organization that has its own
distinctive culture and characteristics. Future research
could examine organizations of different sizes and
industries. Lack of access to email content also forms
a limitation of the current study. Examining the email
content would add better understanding of the link
between social networking behavior and turnover
intention in organizations. Further, other variables
such as rank and expertise should be added to the
model to determine whether they influence tie-
forming behavior in social networks. Another
limitation is that other informal networks, e.g.,
friendship and trust networks may better capture the
influence of turnover intention on tie forming
behavior. Overcoming these limitations offers
potentially fruitful opportunities for future research.

7. Conclusion
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In this study, we examined how individuals vary their
tie-forming behaviors according to turnover intention.
We hypothesized that as turnover intention increases,
individuals will maintain fewer outgoing ties with
their work colleagues. We also hypothesized that as
the difference in turnover intentions between two
individuals decreases, the probability that they will
form a tie increases. Using exponential random graph
modeling, we found support for our hypotheses in the
email network, but not in the advice network. Our
findings suggest that the email network may indirectly
reveal information about turnover intention of an
organization’s employees. Organizations may find it
useful to use email network data to identify those
employees intending to leave, and intervene with
incentives if they so desire.
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