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Abstract—Every organization has organizational networks for exchange of ideas and information. It is believed that organizational
network analysis (ONA) can help the business be more effective. While considerable research efforts have been made for visualizing
and analyzing relationships in organizational networks, it lacks a holistic way to model the complex social structures and rich semantic
information of these networks. Indeed, employee behaviors can occur across different communication platforms, such as email and
instant messaging systems, which naturally lead to the multiplex structure of organizational social networks. Meanwhile, it is also a
challenge to model the impact of semantic information, such as employee attributes and organization charts, and the collaboration
relationships of employees. To this end, in this paper, we propose a Multiplex Attentive Network Embedding (MANE) approach for
modeling organizational social networks in a holistic way. Specifically, we first develop a multiple attributed random walk approach to
jointly model multiple networks, with the integration of external work information. Then, we preserve the network structure by
maximizing the probability of predicting the central node based on the surrounding context nodes. In particular, we introduce an
attention mechanism to assign a weight to each context node in the training process, according to its attributed relation and structural
relation with the central node by utilizing the k-core algorithm and the shortest path algorithm. In this way, the embedding results can
be kept consistent with their structural relationships. Furthermore, to solve some department-level tasks, we introduce an attentive
relational transition method to learn the representation of departments in the organizational networks. Finally, we evaluate the
performance of MANE with extensive experiments on real-world data for three important talent management tasks, namely employee
performance prediction, employee turnover prediction and department performance prediction. We also conduct a link prediction task
to validate the effectiveness of employee embedding. Experimental results clearly show the effectiveness and interpretability of MANE
for organizational network analysis.

Index Terms—organizational network analysis, network embedding, human resource management

✦

1 INTRODUCTION

IN modern organizations, people always build infor-
mal “go-to” teams for facilitating business collaborations

beyond organizational structures. These spontaneously-
formed communication and socio-technical connections are
usually referred as organizational social networks. Indeed,
organizational network analysis (ONA) can help under-
stand the importance of critical connections and flows in
organizations, and thus makes those leaders aware of the
importance of vibrant communities and employees to be
much more targeted and effective in business actions. There-
fore, ONA has attracted increasing research attention in
recent years, as an emerging and diverse tool for enhancing
talent management [1] [2], such as HIPO identification [3],
turnover prediction [4], and performance evaluation [5].
While considerable research efforts have been made in this
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direction, it still lacks an effective approach to model the
complex social structure and rich semantic information of
organizational social networks.

In the literature, with the development of embedding
techniques, large efforts have been made for better describ-
ing the networks as low-dimension vectors, and further
support related applications, such as node classification [6],
[7] and link prediction [8], [9]. However, these techniques
cannot be well-adapted to model organizational social net-
works. Indeed, different from ordinary social networks,
the organizational social network is consisted of multiple
individual networks with greatly different structure, since
employee behaviors are always scattered across different
work platforms. For instance, employees are usually mu-
tually connected via multiple ways, such as the instant
message network for group discussion, and the email net-
work for official notification. In this case, the multiple
networks should be carefully integrated with consideration
of their own characteristics. Therefore, traditional network
embedding techniques which focus on the single network
representation could not fully describe the multiplex struc-
ture of organizational social network, or even lead to bias.
Meanwhile, how to model the impact of external work-
related semantic information (e.g., employee attributes and
organization charts) is also challenging. Furthermore, due
to the characteristic of our organizational network modeling
problem, solely learning the embedding of nodes (i.e., em-
ployees) cannot satisfy some tasks in ONA such as depart-
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ment modeling because obtaining subgraph embedding by
some simple operations (e.g., average) would lead to a poor
performance. Thus, to better modeling the organizational
network, we need to explore subgraph modeling problem
in this work.

To this end, in this paper, we propose a Multiplex Atten-
tive Network Embedding (MANE) approach to comprehen-
sively describe the collaborative behaviors within organiza-
tional social networks. Specifically, we first build a bipar-
tite attributed network to connect employees and working
information, and then adopt a joint random walk [10] on
multiple networks to generate the node sequences. Then,
we preserve the network structure by maximizing the prob-
ability of central node prediction based on surrounding
context nodes, where the attention mechanism is adapted
to assign weight for each context node according to its
structural similarity relations. In particular, the k-core [11]
and approximated shortest path algorithm are utilized to
estimate the structural relation, so that the network structure
will be better preserved. Furthermore, we also extend our
MANE framework to learn the representation of department
in organizational network for some graph learning tasks. To
be specific, on the basis of MANE approach, we propose a
relational transition based approach with an attention mech-
anism to obtain the department embedding by modeling
the impact of each employee to the whole department. The
contributions of this paper can be summarized as follows:

• We study the problem of modeling organizational
social network from the perspective of multiplex
network embedding, which fills the void in previ-
ous studies and can benefit many data-driven ap-
plications of talent management, such as employee
turnover prediction and performance evaluation.

• We propose a delicately-designed multiplex network
embedding approach MANE, where rich semantic
information can be intuitively integrated by adopting
structural and attributed attention mechanisms.

• We also extend our MANE framework to learn the
department embedding, which integrate the infor-
mation of employees in the same department by de-
signing an attention mechanism to obtain the impact
of employee to the department while preserving the
attribute of department through objective function.

• We evaluate the performance of our approach
MANE with extensive experiments on a real-world
dataset, including several important talent manage-
ment tasks, namely employee turnover, performance
prediction and department performance prediction.
Experimental results clearly validate the effective-
ness and interpretability of our approach MANE for
organizational network embedding.

Overview. The rest of this paper is organized as follows.
First, we briefly summarize the related works of this paper
in Section 2. Then, preliminaries and formal definition of
organizational network embedding will be introduced in
Section 3. Afterwards, technical details of our MANE frame-
work for employee modeling and department modeling will
be respectively explained in Section 4 and Section 5. Section
6 will be the validation part to illustrate the experiments

on a real-world dataset. Finally, we conclude this paper in
Section 7.

2 RELATED WORK

The related studies of this paper can be grouped into three
categories, i.e., network embedding, graph representation
learning and organizational network analysis.

2.1 Network Embedding

In recent years, network embedding has become a popu-
lar research subject in the field of network representation
learning. Under the inspiration of neural network, many
efficient and novel network embedding methods were pro-
posed while the traditional methods usually have high time
complexity, such as analyzing network spectral property
[12]. Some of them adopted random walk algorithm on
network and assumed the neighbor nodes which have the
similar network structure have similar network embedding.
This thought is first created by [10], which generated several
node sequences as training samples and utilized the skip-
gram algorithm proposed in Word2vec [13] on these se-
quence. On this basis, [14] conducted a biased random walk
by introducing two parameters p and q to control the pro-
cess, for exploring the homogeneity as well as the structure
information of nodes. Besides, some models aimed to ex-
plore some specific structural relation between nodes in the
network, such as LINE proposed by [15] which learned the
node representation for preserving the first-order proximity
or the second-order proximity, and Struct2vec proposed
by [16] which captures the structural identity to measure the
similarities between nodes and obtain the network embed-
dings. Meanwhile, some other network embedding meth-
ods were inspired by the rapidly evolving deep learning
techniques. For example, SDNE [17] first proposed a semi-
supervised auto-encoder to preserve both local and global
network structures. GraphGAN [18] introduced a genera-
tive adversarial network based model where the generator
learns the connectivity distribution while the discriminator
predicts the existence of edges between each two nodes.
GCN [19] defines a convolution operator on graph and up-
dates node embeddings by its neighbors. GraphSAGE [20]
learns the functions by sampling node neighborhoods with
the inductive learning ability for unseen graphs. GAT [21]
assigned different weights to different neighbors by atten-
tion mechanism with a better interpretability.

The methods we introduced above are all suitable for
single network analysis but cannot adopted for multiple
network directly. Furthermore, there are also some exist-
ing methods proposed for multiplex network embedding
problem. PMNE [22] proposed three different methods to
model a multiplex network into a unified vector space for
learning a overall embedding. MVE [23] proposed a frame-
work combine single network embedding of each view with
using an attention mechanism to learn the weight of each
view. MNE [24] proposed an unified model to jointly learn a
common embedding and several additional embeddings of
each view for each nodes, which need labels information to
learn the weight and may have different node embeddings
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since it is task dependent. HAN [25] applies a two-level at-
tention mechanism to heterogeneous graphs through meta-
path based neighbors. Besides, GATNE [26] proposes a uni-
fied framework to solve the multiplex attributed network
by considering both network structure and node attributes,
however they only generate node embedding on each view
without combining.

2.2 Graph Representation Learning
Although tremendous efforts have been paid on network
embedding, most of the existing methods in this field only
focused on node embedding learning instead of simultane-
ously considering the representation of whole graph, which
would probably result in the loss of some information for
solving some graph based tasks, such as the department
representation learning in our work. Previous graph an-
alytical approaches were mainly based on graph kernel,
which decompose the graphs into some substructures such
as graphlets while defining a similarity function over these
substructures for evaluating the similarity between this
set of graphs [27] [28] [29]. However, these graph kernel
based approaches have some limitations. First, most of
them are incapable of providing the vector embedding of
graphs so that some ML algorithms like GBDT cannot
handle graph classification problems by using the results
of these approaches. Furthermore, the similarity functions
of these methods used usually lead to a high dimension
and sparse graph embedding which would result in a poor
performance. Recently, with the increasing number of graph
learning application, some graph embedding approach were
proposed. [30] learned a graph representation vector which
composed of features that represent the distance to several
predefined prototype graphs in order to classify and clus-
ter the graphs. [31] proposed an unsupervised approach
Graph2vec which extend Doc2vec [32] to arbitrary graph
by taking the graph as a document while taking the rooted
subgraphs in this graph as words to get the graph em-
bedding through skim-gram optimization. Besides, Sub2vec
proposed by [33] focus on preserving two intuitive prop-
erties of subgraph (i.e., neighborhood and structural) while
formulating the embedding of subgraphs.

2.3 Organizational Network Analysis
Organizational network analysis (ONA) is a comprehensive
exploration of the organizational social networks built in
the interior of enterprises by using social network analysis
techniques, in order to better carry out the development
strategies and the talent management of the company. By
using ONA, the managers could have a understanding
management structure, information flows and employee in-
teractions in the company. Traditionally studies collect data
mainly from survey then apply straightforward statistical
technologies to analyze the relationships of factors like job
satisfaction and outcomes like turnover or revenue, and get
the most value from their talent [34] [35]. Many literatures
analyze talent and team behaviors through organizational
networks [36] [37] [38] since social capital exists in compa-
nies need to be invested to help team grow, as valuable as
financial and physical capital [36]. The understanding of the
progress of organizational networks formed could benefit

the personal and talent development, also help employees
or managers to improve the structure of their organizations
across companies [37] [38]. Recently, some network embed-
ding based methods have proposed to solve the human re-
source management problems such as company competitive
analysis [39] and person job fitting [40]. However, it still
lacks of a comprehensive data-driven approach to quanti-
tatively model the employees’ behaviors in organizational
social networks.

3 PRELIMINARIES

In this section, we first introduce the details of our real-
world dataset, and then formally define the problem of
organizational network embedding.

3.1 Data Description
The real-world talent data used in this work, which consist
of two datasets, were provided by a high-tech company in
China. The first is the organizational social network dataset,
including three types of networks respectively based on
informal communication, formal communication and group
collaboration network since January 2018 to December 2018.
The network dataset only contains interaction count without
textual information. Specifically each network shares the
same vertices set V where each node stands for an employee
in the company. Besides, there are some departments con-
sisting of some particular employees while employees and
departments in our network have some external working
attributes.

In the second dataset, we have some working related
records for model evaluation, including performance ap-
praisal records and employee turnover records. For the
privacy-protection purpose, all the sensitive information in
our datasets (e.g. names) has been anonymized.

3.2 Problem Formulation
Based on the talent datasets described above, we can build
the organizational networks, which reveal the relationship
between employees on forming project teams or building
alliances across groups [41], as follows.
Definition 1 (Organizational Networks). Organizational

networks consist of several networks Gk = (V,Ek)(k ∈
Z+
n ) where eijk ∈ Ek means the frequency of communica-

tion between employees vi, vj ∈ V in the corresponding
network Gk. Besides, there is a set of departments D
in the organizational networks where each employee vi
belongs to one department d ∈ D, and each employee
has a specific profession pi ∈ P which indicates the type
of their work (e.g., engineer, marketing). Meanwhile,
each employee and department has some work-related
attributes (e.g, length of service, job level).

In this paper, we aim to model the employees and
departments in the organizational social networks for solv-
ing three tasks in human resource management (i.e. em-
ployee and department performance prediction, employee
turnover prediction) through analyzing multiple communi-
cation networks by utilizing network embedding methods.
To be specific, the problem of organizational network em-
bedding can be formally defined as follows.
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Fig. 1: The framework overview of our MANE approach.

Definition 2 (Organizational Network Embedding). Given a
set of multiple organizational communication networks
G = Gk = (V,Ek, D)(k ∈ Z+

n ) where V and Ek ∈ V ×V
respectively denote the set of nodes and edges in Gk,
and D is the set of departments in the organization. We
aim to learn a low-dimension vector representation uv ∈
Rd(d << |V |) for each employee v ∈ V and rd ∈ Rd

for each department d ∈ D, which not only preserves
the network structure of each single network but keeps
consistent across different types of networks as well.

4 EMPLOYEE MODELING BY MULTIPLEX ATTEN-
TIVE NETWORK EMBEDDING

In this section, we will introduce the technical details of our
proposed model MANE for employee modeling problem.
Specifically, the structure of our model is illustrated as
Figure 1, consisting of two components. We first build an
employee attribute network which connects the employee
and their work-related information, and propose a joint
random walk approach, adopted on multiple networks and
attribute network by using two parameters to control the
skip between each single network, to generate some node
paths in the networks. Then, similar with the bag-of-words
model (CBOW) model, we preserve the network structure
by maximizing the probability of predicting the central
node based on the surrounding context nodes, and fuse
the attention mechanism according to the structural rela-
tions between employees, calculated by the k-core and the
shortest path algorithms. Therefore, the representation of
employees with the similar structure and attributes would
be closer in the latent space.

4.1 Multiple Attributed Random Walk

Similar as some network embedding models proposed be-
fore, we firstly adopt random walk algorithm on the net-
work. However, as employee collaborative behaviors are
not showed in a single network but some different types

of networks and we need to consider the influence brought
by the additional information included in the attributes
of employees, the previous method cannot be utilized di-
rectly in our problem. Thus we should propose a novel
multiple attributed random walk approach. To track this
issue, we first need to consider how to incorporate the
attribute information in the random walk process. Our key
idea is to get more walk paths between the employees in
the same department and with the similar professions(i.e.,
employees who probably participate in the same project).
Hence, inspired by [42], we build a bipartite network to
extract the attributed interaction between employees, which
is described in the following subsection.

4.1.1 Bipartite Network Construction

As mentioned in Section 3.2, each employee vi ∈ V in
the multiple communication networks G belongs to a de-
partment di ∈ D and has a specific profession pi ∈ P .
Then we combine (D,P ) into W that denotes the work-
related attribute information of employees and each element
wi ∈ W equals to (di, pi), thus we can define a bipartite
network A = (V,W,EA) by taking W ∈ Rm as a set of
nodes, where exists an edge between vi and wi. By building
this network, we can get a more informative walking path
through adopting random walk method and make the path
more adaptive to our problem.

4.1.2 Random Walk Mechanism

To comprehensively incorporate all of useful information,
we propose a novel random walk mechanism on multiple
networks. We set two parameters α ∈ [0, 1] and β ∈ [0, 1] to
control the next transition in random walk process. Assume
that the current node is vi ∈ V in G = (V,E) ∈ G, we first
toss a coin which has probability α to show the obverse and
(1−α) otherwise. If the coin yields obverse, the path jumps
to the attribute network A. We aim to find a path to vj ∈ V
which also has an edge to wi by two steps of walking. Let
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Rvi→vj
denotes the walking path and this process can be

formulated in the following subsection.

Rvi→vj
= Rvi→wi

+Rwi→vj
, (1)

thus we add the path (vi, vj) to the current walking path.
On the opposite, if the coin yields reverse, the random

walk process would be continued on the communication
network. We use a random number generator β to deter-
mine whether the next transition would occur on the current
network or jump to one of other two networks. We set
a threshold TG based on the importance of each network
which is measured by the degree centrality of the high-level
employees in the whole organizations Vh in this network,
as we assume the network where these employees tend to
involve has a greater relation with work scene. Thus TG is
computed as,

TG =

∑
v∈Vh

deg(v ∈ G)∑
G∈G

∑
v∈Vh

deg(v ∈ G)
(2)

If the generated number β<TG, the random walker
would still continue on the current network. Adversely, the
random walk process would jumps to another communica-
tion network G

′ ∈ (G −G) with the probability as,

PG′ =
1− S(G,G

′
)∑

G′′∈(G−G)(1− S(G,G′′)
, (3)

where S is the similarity function of two networks. This
probability function indicates that the random walk process
has the higher probability to transit to the network which
is more dissimilar with the current network, because our
random walk mechanism tend to integrate the additional
information in different networks rather than cover the
duplicated information. To be specific, inspired by [43], the
similarity between two networks G1 and G2 which share
the node set can be calculated as,

S(G1, G2) =

∑
i min(deg(vi ∈ G1), deg(vi ∈ G2))

2 ∗max(EG1 , EG2)
(4)

The next node in the current walking path vj would be one
of the neighbor of vi in G

′
.

Generally we can also calculate the probability of the
walk from vi to vj on each single communication network
as follows.

P (Rvi→vj
) =

eij∑n
l=1 eil

, (5)

where eij denotes the weight of the edge between node i
and node j in the network G (0 if there does not exist an
edge between i and j).

Through this random walking mechanism, the perfor-
mance of random walk would be boosted due to that the
walking path in each single network would supply the
additional information and there would not be ignorance of
any employee communication behavior. Hence by adopting
this multiple random walk approach, we can incorporate
the useful information in all of the organizational networks
with different types.

4.2 Attentive Network Embedding

After above mentioned multiple attributed random walk,
we generate the training node sequences. In this section,
we will introduce how to learn the representation of em-
ployees. We first treat the generated random walk paths as
the training corpus where the neighbour nodes have the
similar network structure. Based on the assumption that
the employees with similar network structure and attributes
have the similar representation, in this paper we adopt
the continuous CBOW model which uses the surrounding
nodes to predict the central node while exploring some ad-
ditional structural information and attributed information
by designing an attention network. The objective function
can be formulated in the following subsections.

4.2.1 Objective Function
The context node vector is obtained by averaging the em-
beddings of each node. For each node vi in generated train-
ing sequences, the model utilize the surrounding context
nodes {vi−k, ..., vi+k} − {vi} to predict the center node vi,
and maximize the log probability to preserve the structure
of organizational networks, which is formulated as follows:

L = − log p(vi|context(vi))

= − log
expu

′T
i ucontext(i)∑

|V | expu
′T
i ucontext(i)

(6)

where u′
i is node context embedding, ucontext(i) is the

comprehensive representation of the surrounding context
nodes. Different with the previous works that obtain this
representation vector by averaging the embeddings of each
surrounding node and treat these nodes equally, in this
work we aim to assign the weight to each context node
in the CBOW model to characterize the different impor-
tance of context nodes because different neighbour nodes
(i.e., collegues) may contribute differently for a central
node (i.e., a specific employee) due to their different work-
ing relations. Thus considering one node sequence sample
{vi−b, ..., vi, ..., vi+b}, we calculate the context node vector
representation by the weighted sum of the surrounding
node embeddings as follows:

ucontext(i) =
∑

j∈[i−b,i+b]−{i}

aijuj (7)

where aij is the weight assigned to the context node embed-
ding uj and b is the window size. [44] for word embedding
has a similar idea, which explores the different influence of
the words with different positions in a sentence. However, it
has challenges in our problem since the position of nodes in
the generated random walking sequences will not hold such
many semantics. Hence, we need to propose a novel atten-
tion network to calculate the weight value of surrounding
node, which we will introduce as follows.

4.2.2 Attention Network
Since the generated random walk paths do not have enough
semantic information to judge how importantly a node
could influence another node, we aim to explore some
additional information by designing an attention network.
Compared with other models like GAT [21], we calculate the
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Fig. 2: Examples of employee collaborative graph.

attention by structural and attributes separately, then could
better know where the importance come from, i.e., two
employees play similar roles or come from the same team by
structural attention; they work on similar projects or share
similar skills by attributes attention. On the other hand, we
model the structural attention in a novel way by grouping
the nodes pair according to denseness and closeness, and
thus we could analyse the importance of group working in
employee modeling.

Structural Attention Network. For structural attention, con-
sidering an example of the organizational social network
denoted as G1 in Figure 2,
Example 1. In this example we focus on learning the em-

bedding of node v1. We can observe from the subgraph
employee v1 may collaborate more with v2 than v7 since
v1 may form a denser graph with v2 than v7. On the other
hand, employee v1 may collaborate more with v2 than v5
since the shortest path between v1 and v2 is shorter than
v1 and v5.

Thus, for assigning the different weight of node pairs during
model training, we model their relationship by the maxi-
mum k-core they can form, which can reflect the density of
the networks, and the shortest path between them. We first
introduce the definition of k-core as follows:
Definition 3 (k-core). Given a graph G and a positive

integer k, the k-core of graph G denoted as Hk is the
maximal subgraph of G, where degHk

(v) ≥ k, for each
v ∈ V (Hk).

G1 in Figure 2 is 2-core since each node has at least 2
neighbors and G2 is a 3-core subgraph of G1 since each
node has at least 3 neighbors. So employee v1 form a 3-
core with v2 in G2 which is denser than the 2-core formed
with v7 in G1. To model the densest k-core subgraph node
pairs both exist in, we first need to compute the k-core
decomposition to get each node’s core value while there is a
linear algorithm [11] for k-core in O(|E|) time where |E| is
the number of edges.

K-core index construction. For the self-completeness of
our techniques and reproducibility, we apply the existing
core decomposition [11] on graph G to construct the k-core
index for nodes in graph G. The algorithm is detailedly
outlined in Algorithm 1. Particularly We implement the bulk
deletion optimization algorithm [45] to speed up. Therefore,
according to Theorem 1, we can obtain the coreness of
subgraph where node pair (vi, vj) co-exist.

Theorem 1. For two nodes pairs (vi, vj) ∈ G, the max-
imum densest s-core subgraph they co-exist in is
min(δ(vi), δ(vj)).

Proof 1. This follows the nested property of k-core, which
means k1-core of graph G must be a subgraph of k2-core
of graph G if k1 > k2.

After that, with BFS algorithm we could get the shortest
path between the node pairs from random walk sequences.
Thus for each node pair (vi, vj) in random walk paths, we
could get a relative relation (s, t), which means this node
pair form a maximum s-core, and the shortest path between
vi and vj is t.

Then we could assign different weights to each context
node based on the pre-computed coreness and shortest path
length by proposing an attention network where each node
vj is assigned an attention level representing how much im-
portant it is in predicting vi. Particularly, as coreness values
s of nodes in our organizational networks are distributed
nonuniformly as Figure 3, we separate the coreness value
into several intervals and use the median of interval m(s)
to denote s so that the dimension and sparseness of the
attention matrix would be reduced and the parameters of
attention network would be better updated.

Fig. 3: Employee Collaborative Graph Example

Hence, the attention weight a1ij given to node vj ∈ V
which has the relative relation (s, t) with the central node
vi ∈ V is computed as:

a1ij =
expKn,m(s),t + cm(s),t∑

j∈[−b,b]−{0} expKn,m(s),t + cm(s),t
(8)

where the dimension of K is |V | × ((|m| + 1) ∗ d), d is
the diameter of graph and |m| is the number of intervals.
K is a set of parameters that determines the importance of
each node in each relative network structure, c is a bias of
dimension (|m| + 1) ∗ d, which is conditioned only on the
relative relation.
Attributed Attention Network. As the assumption we men-
tioned above, we also aim to assign the weights to the
employee pairs based on the similarity of their attributes.
We indeed design the other attention network. Specifically,
the major attributes used in this part are similar as [3]. For
each numerical feature, we adopt a normalization operation,
in order to prevent the prediction being dominated by the
factor which has a large range of distribution. Meanwhile,
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Algorithm 1 Core Index Construction

Require: A graph G = (V,E).
Ensure: Coreness δ(v) for each v ∈ VG.

1: Sort all nodes in G in ascending order of their degree;
2: while G ̸= ∅ do
3: Let d be the minimum degree in G;
4: while there exists degG(v) ≤ d do
5: δ(v)← d;
6: Remove v and its incident edges from G;
7: Re-order the remaining nodes in G in ascending

order of their degree;
8: end while
9: end while

10: Store δ(v) in index for each v ∈ VG;

for the categorical features, we utilize the one-hot encoder as
representation. In addition, for the missing value, we adopt
the average pooling operation. Finally, all the features are
concatenated into a representation vector and fed into a
fully-connected embedding layer to obtain a 20-dimension
feature vector xi for each employee vi ∈ V . Then we design
an attention network to assign the attributed weights a2ij to
each context node uj as

sij = hTReLU(W [xi, xj ]), (9)

a2ij =
exp(sij)∑

(i,j)∈Rx
exp(sij)

, (10)

where W and h are parameters to be learnt and [xi, xj ]
means the concatenation of two vectors.

Hence, the final weight assigned to context node vj with
the central node vi is,

aij = γ1a
1
ij + γ2a

2
ij (11)

where γ1 and γ2 are hyper-parameters to balance the weight
of these two attention network, and γ1 + γ2 = 1.

4.3 Model Learning
By optimizing the objective function (5) we mentioned
above, which maximize the log probability, we can learn
the final representation of employee collaborative behavior.
However, it is computationally expensive to directly opti-
mize the function (5), because we need to traverse all nodes
in the network when computing the conditional probability
p(vi|context(i)) and there are usually very large the number
of nodes. For solving this problem, we adopt negative sam-
pling mechanics proposed by [13], which selects negative
samples according to the noisy distribution P k

neg(v) for each
node context. Therefore, the objective function equation
could be replaced by the following:

L1 = log σ
(
u′T
i ucontext (vi)

)
+

K∑
i=1

Evn∼Pneg(v)

[
log σ

(
−u′T

n ucontext (vi)
)] (12)

where σ(x) = 1/(1 + exp(−x)) is the logistic function,
N is the number of the negative samples and vn is the
sampled negative context node set for vi according to the
noisy distribution Pneg(v) ∝ d

3/4
v where dv denotes the

average degree of the nodes in all of the organizational
social networks. This function aims to maximize the proba-
bility of positive samples while minimizing the probability
of negative samples.

5 DEPARTMENT MODELING BY MULTIPLEX AT-
TENTIVE NETWORK EMBEDDING

As we discussed above, some tasks in ONA such as depart-
ment modeling cannot be only exploring the representation
of nodes, which would result in the loss of abundant in-
formation of some high-level substructures that would be
useful in these tasks. Indeed, in this section, we extend
our MANE framework for learning the representation of
subgraphs (i.e., departments) in organizational networks.
As Figure 4 shows, we set several transition matrices to em-
bed all these representation vectors to a new relation space,
where each transform matrix corresponds to a profession.
In this relation space, we get the representation vector of
each department by designing an attention network to get
the weighted sum of the employee embeddings in the same
department. In this transformation process, we aim to make
the nodes in the same department close to each other while
making the department with the similar attribute get the
similar representation in the new vector space.

5.1 Relation Transformation

By MANE we obtain the representation vector ui for each
node vi in organizational networks. Then in this task we
aim to present the connection between the employees and
the departments. Hence, we define a new relational space
to reflect this connection by putting the node embedding
to this space through projection. To be specific, we design
several transform matrices. As mentioned before, in our
organizational network, each employee belongs to a specific
profession p where different profession corresponds to dif-
ferent type of work (e.g., marketing, software engineering)
and make different contributions to the whole department
as well. To fit this characteristic, we build a set of transition
matrices {Mp}, p ∈ P where the employees belongs to
the same profession are processed by the same matrix.
Therefore, for vi ∈ p, its representation vector in the new
relational vector space can be got as following,

ti = uiMp (13)

Then, since the employees with different levels would bring
different impact on the department modeling, we design
an attention mechanism to assign the different weight to
employees according to their levels in department modeling
process. To obtain the level of employees, we explore the
report chain with tree structure in the organization where
parent node is the superior of the child node and the
employees in the same layer have the same level. Hence,
assuming that vi is in the j-th layer in the report chain, the
weight αi that denotes the importance of vi in department
modeling can be formulated as follows,

ei = tanh(Wjti + bj),

αi =
exp (ei) vα∑

vl∈Dk
exp(el)vα

,
(14)
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Fig. 4: An illustration of MANE on department modeling.

where {Wj}j , {bj}, vα are the randomly initialized param-
eters to learn. Therefore the representation vector of the
department Dk can be computed as following,

rk =
∑

vi∈Dk

αiti. (15)

5.2 Model Learning
For effectively training MANE-D to accomplish the depart-
ment modeling task, we propose a comprehensive objective
function with a relational constraint. As we introduced
above, the loss function of this task consist of two compo-
nents because the model learning process is based on two
criteria. First, for employees in the same department, our
goal is making their representation vectors as close to each
other as possible in the relational vector space. Besides, the
similar department should have the similar representation.

To this end, we define a similarity measurement θ be-
tween departments based on some of their attributes. For
modeling this similarity we first compute the number of
employees of each department and corresponding propor-
tion of each profession within these department. We put
these attributes into a vector after normalization and get
the cosine similarity θ1 between them. Furthermore, we also
obtain a textual description of each department from which
we could get a keyword set by extracting some technical
word in these description where we give an example in
Figure 5. Then we adopt TF-IDF operation on these keyword
sequence and we also obtain cosine similarity of textual
attributes for two departments as θ2. Finally, the similarity
between two departments can be got as θ = (θ1+θ2)/2. For
two departments Dg, Dh ∈ D, the higher θgh is, the more
closer the distance between their representation vector is.

To achieve this similarity we described above, we mini-
mize the difference between the corresponding representa-
tion vectors. Thus the objective function can be formulated
as follows,

L2 =
∑
k

∑
vi,vj∈Dk

||ti − tj ||2 +
∑

Dg,Dh∈D

θgh||rg − rh||2 (16)

Furthermore, as we jointly learning the representations for
both employees and departments, we design a relational

Fig. 5: An Example of Keyword Set.

constraints of them and integrate it with the aforementioned
two objective functions as regularization norm. We mini-
mize the Manhattan Distance between the employee em-
bedding and their corresponding department embedding to
make them distribute in one vector space as far as possible.
The regularization norm can be formulate as:

L3 =
∑
k

∑
vi∈Dk

||rk − ui|| (17)

Therefore, our final objective function is,

L = λ1L1 + λ2L2 + λ3L3 (18)

where λ1, λ2 and λ3 are the hyper parameters to balance
these three different constraints. Therefore, we could min-
imize this loss function for jointly training MANE and
solving the two task synchronously. Gradients of the loss
function with respect to all the parameters are computed
with back-propagation, and we use Adam algorithm to
optimize our model where parameters are updated after
each training instance using a fixed learning rate.

6 EXPERIMENT

In this section, we evaluate our MANE model with extensive
experiments on real-world talent data. We will give some
discussion on the experimental results. Meanwhile, we also
introduce some case studies and validate the interpretability
of our model.

6.1 Experimental Settings
• Data preprocessing. As introduced in preliminaries,

the dataset used in our experiments were provided
by a high-tech company in China which we have
briefly introduced in Section 3.1. In the experiments,
to make networks fit the request of our multiplex
network embedding problem, we only retained the
employees who appeared in all networks. After this
process, the statistics of these networks can be list as
Table 1. In addition, there are 365 departments in our
networks.

• Evaluation Metrics. Indeed, the performance predic-
tion, the turnover prediction task and department
performance task in this paper can be regarded as
binary classification problems. Therefore, in these
three experiments, we adopted the Accuracy, F1-
score and AUC as the evaluation metrics to validate
the performance of our model and other baselines.
Besides, in link prediction task, we exploit the widely
used top-k ranking metrics (i.e., precision@k and
recall@k) as metrics where we set k = 5.
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TABLE 1: Some statistics of the dataset.
Network #Nodes #Edges #Max core #Importance
Formal 28,754 2,169,865 127 0.5657
Informal 28,754 1,685,635 86 0.2614
Group 28,754 402,358 49 0.1749

• Parameter Settings. As we know, parameter setting
has great impact on the convergence and results of
our model. Thus we would introduce some detailed
parameters in the experiments. First, we set the
dimension of embeddings for both employees and
departments as 100. Meanwhile, we set the length
of random walk as 30, the walk per nodes as 30
and window size in CBOW based optimization as
4. Moreover, we initialize the node embedding and
all transform matrices as Gaussian distribution with
a mean of 0 and standard deviation of 0.01. And we
initialize the node context embedding as 0⃗ vectors.
Besides we set the hyper-parameters as α = 0.1, γ1 =
0.6, γ2 = 0.4, λ1 = 0.05, λ2 = 0.04, λ3 = 0.02. In the
training process, we set the batch size as 64. Finally,
we used the Adam algorithm to optimize our model
where the learning rate α was set to 0.01.

6.2 Baseline Methods
In order to demonstrate the effectiveness of the proposed
MANE model on two tasks introduced above respectively,
we will compare our model with the following state-of-the-
art baseline methods on some real-world applications.

For employee modeling task:

• DeepWalk [10] first adopts random walk on the
network data, which makes the generated walking
paths as sentences and then trains the node embed-
dings by using Skip-gram algorithms.

• LINE [15] learns the node embedding by preserving
the first-order or the second-order proximity of the
network structure.

• TADW [16] is a matrix completion based net-
work embedding method that incorporates node at-
tributes, which utilize both the network structure
and node attributes information in network embed-
ding learning.

• PMNE [22] proposes a cross layer network embed-
ding method which utilizes hyper-parameters to ob-
tain a random walk across each layer.

• MNE [24] uses a common embedding and sev-
eral additional embedding for each type of relation,
which is jointly learned in a united model, to learn
the embedding of a node in multiple networks.

• HAN [25] leverages node-level and semantic-level
attention to learn the node embedding in heteroge-
neous networks while capturing the complex struc-
ture and rich semantics, where in heterogeneous
network employees with different professions have
different node types while edges in different net-
works have different edge types.

• HGT [46] introduces type-specific transformation
matrices to model heterogeneous networks while
learning the importance of different nodes and rela-
tions based on the self-attention architecture. For this

method, the setting of node types and edge types is
the same as HAN.

For department modeling task:

• Attribute as a heuristic method to utilize some basic
attributes of departments like textual descriptions to
denote department embedding as input.

• WL-kernel [28] is a handcrafted feature based
method which decomposes graphs into rooted sub-
graphs and computes their kernels.

• Sub2vec [33] can generate embedding of arbitrary
subgraphs and preserve some intuitive properties by
generating random walk within subgraph and maxi-
mizing objective functions as Skip-gram or CBOW.

• Graph2Vec [31] extends Doc2vec framework to learn
the distributed representations of arbitrary sized
graphs by treating the whole graph as a document.

Moreover, we utilized three variants of our model to
validate the effectiveness of some components, including
MANE-A (removing the attention mechanism adopted in
MANE for learning the employee embedding), MANE-E
(only using the average of employee embeddings learned by
MANE as the department embedding) and MANE-P (only
utilizing one transformation matrix for all node embeddings
in drawing the department representation).

6.3 Employee Modeling
We evaluate the effectiveness of our model for employee
modeling on two human resource tasks and report the
results in this section.

6.3.1 Employee Performance Prediction
Employee performance prediction is always a major con-
cern in the field of human resource management. Here
we assume the performance of employees has a strong
relation with their behaviors in organizational networks
since communication between employees are mostly related
to work events (e.g., project team). In the experiment, we
totally obtained 14,745 employees as candidates and treated
the performance prediction as a node classification problem.
Besides, we had a list which recorded the employees who
had been named as high performance by human resource
management experts in 2018 and could be regarded as the
ground-truth. Specifically, there are 4,088 positive samples
(i.e. high performance employees) and 10,657 negative sam-
ples. Following the previous work [47] [48], we select the
linear SVM [49] as the classifier, in order to reduce the
impact of classifier on our classification task. And we select
80 percent of the labeled nodes as training data and use the
rest as test. Besides, in this experiment, we utilize a five-fold
cross-validation to evaluate each test approach. We list the
average performance in Figure 6.

6.3.2 Employee Turnover Prediction
In the working environment, the turnover behaviors of
employees have a great potential to be influenced by their
colleagues through contagious effect, which has been al-
ready demonstrated by previous works [4]. Therefore, the
analysis of collaborative behavior in organizational net-
works can play an important role in turnover prediction
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Fig. 6: The overall performance of MANE on employee performance prediction under five-fold cross validation.
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Fig. 7: The overall performance of MANE on employee turnover prediction under five-fold cross validation.

1 2 3 4 5
Fold

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

Ac
cu
ra
cy

Attribute
WL-kernel
Sub2Vec
Graph2Vec
MANE-E
MANE-P
MANE

(a) Accuracy

1 2 3 4 5
Fold

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

F-s
co
re

Attribute
WL-kernel
Sub2Vec
Graph2Vec
MANE-E
MANE-P
MANE

(b) F-score

1 2 3 4 5
Fold

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

AU
C

Attribute
WL-kernel
Sub2Vec
Graph2Vec
MANE-E
MANE-P
MANE

(c) AUC

Fig. 8: The overall performance of MANE on department performance prediction under five-fold cross validation.

task. In the experiment, we totally obtained 8,961 employees
as candidates, including 969 positive samples (i.e. employ-
ees who turnover from company during 2018) and 7,992
negative samples. As the turnover prediction problem is
a binary classification problem, we can treat this task as
a node classification problem. Besides, we had a list that
recorded the employees who leave the company during the
given period, which could be regarded as the ground-truth.
Specifically, we first transform the basic features of each
employee which are used in the turnover prediction task in
real world into a vector. Then we concatenate them with the
node embeddings learnt by the model into a new vector, as
the input of classifier. The same as performance prediction
task, we also select the linear SVM as the classifier and set
the same training/test ratio as performance prediction task.
We also show the performance of our model in five-fold
cross validation in Figure 7.

6.3.3 Result Analysis
In this section we analyse the experimental results of em-
ployee modeling on the above two tasks.
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Fig. 9: Performance of link prediction.

First, we can observe that MANE constantly outperforms
all baselines on each task, except that in turnover prediction
task under accuracy where the probable reason is the im-
balance between positive and negative samples results that
most of employees would be easily classified as positive
samples, which brings high accuracy and low AUC.

Second, compared with the method which only utilize
basic attributes, MANE and other baselines which use
additional information from organizational networks by
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Fig. 10: Performance of MANE under different dimension of embedding d on different tasks.
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Fig. 11: Performance of MANE under different α on different tasks.
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Fig. 12: Performance of MANE under different γ1 on different tasks.
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Fig. 13: Performance of MANE under different λ1 on different tasks.
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Fig. 14: Performance of MANE under different λ2 on different tasks.
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Fig. 15: Performance of MANE under different λ3 on different tasks.

learning the representation of employees in the networks
have significant improvement on performance, which indi-
cates the effectiveness of analyzing employee’s behaviors
in organizational networks for real-world human resource
management.

Third, the method based on multiple and heterogeneous
network embedding stably keep better performance than
those single network embedding based approaches, which
validates our motivation that we need to integrate the
information on different networks in a comprehensive way
for modeling multiple organizational networks, rather than

simply fusing the networks.

Besides, among single network embedding based base-
line methods, TADW that leverages the node attributes in
the representation learning process has a relatively better
performance on each task, which demonstrates that analyz-
ing attributes of employees plays an important role in mod-
eling employees’ behavior in organizational networks. Fur-
thermore, the ablation study of removing attention mecha-
nism in MANE also reveals the significance of exploring the
characteristic of employees.
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TABLE 2: Performance of employee modelling on business group.

Performance Prediction Turnover Prediction Link Prediction
ACC F1 AUC ACC F1 AUC pre@5 rec@5

Attribute 0.7151 0.3657 0.6721 0.7577 0.0314 0.5536 0.3825 0.1819
DeepWalk 0.6753 0.4133 0.6811 0.7215 0.0541 0.5915 0.4611 0.3447
LINE 0.7105 0.5419 0.6997 0.7346 0.0483 0.6011 0.5734 0.3852
TADW 0.7483 0.6119 0.7155 0.7983 0.0689 0.5963 0.6122 0.4366
PMNE 0.7396 0.6183 0.7147 0.8089 0.0513 0.5787 0.6031 0.4218
MNE 0.7561 0.6328 0.7611 0.8151 0.1211 0.5919 0.6398 0.4358
HAN 0.8037 0.6631 0.7798 0.8667 0.1384 0.6338 0.6624 0.4657
HGT 0.8267 0.6544 0.7857 0.8364 0.1335 0.6411 0.6851 0.4816
MANE-A 0.8109 0.6871 0.7782 0.8397 0.1446 0.6225 0.7059 0.4997
MANE 0.8366 0.7154 0.8155 0.8451 0.1568 0.6515 0.7115 0.5188

6.4 Department Modeling

Finally, we aim to validate the effectiveness of department
modeling by MANE. Similar with the employee perfor-
mance prediction task, we assumed that the communication
behavior within a department could reveal some implicit
properties of the performance of this department. Hence we
conducted an experiment on predicting the performance of
each department based on the learnt department embed-
ding in this section. Similar with employee performance
prediction, in this experiment, we also used a list provided
by human resource experts, containing the departments
which were nominated as high performance departments
in 2018, as the ground truth. To specific, among 365 de-
partments we had 161 positive samples and 204 negative
samples. The same as previous prediction tasks, we also
used linear SVM as classifier since this task was also a
binary classification problem. Furthermore, our experiment
were conducted with five-fold cross validation where we
randomly selected 80% samples as training data and the
rest 20% as test data.

We report the result in Figure 8, and We have some ob-
servations based on the experimental results. First, MANE
clearly outperforms all the baselines in this task. Com-
pared with MANE-E which utilize the average of employee
embedding to denote department embedding, our MANE
and Graph2vec baseline achieve better performance which
validate our motivation that node embedding based method
cannot handle subgraph modeling based task (i.e., depart-
ment modeling in this paper). Besides, the experiments
conducted on the variants of our model MANE-P obtains
comparatively lower value on each metrics which demon-
strate the effectiveness of our relational transition method
in department modeling that uses multiple transition matri-
ces to process the different information of employees who
belong to the different professions.

6.5 Link Prediction

To validate that our method can learn the representations
of employees effectively, in this section, we conduct the link
prediction experiments. Through this experiment, we can
demonstrate that the representation of employees learnt by
our model can capture the structural similarities between
employees in the multiple organizational networks.

In this task, we first remove 30% edges in the multiple
as the test set and use the rest of the edges to train the
network embedding model. After training, we can learn the
representation of each node and rank the potential nodes by

calculating the cosine similarity. Specifically, as the number
of nodes is very large, it’s impractical to take all nodes as
candidates in the experiments. Thus we adopt an approach
which has been accepted by many previous works [50]. For
each node, we randomly sample 100 negative linked nodes
that are not connected to it and then mix all the positive
linked nodes with the sampled negative nodes to select the
top potential linked nodes of each node. We repeated the ex-
periments for 10 times and report the average results in the
Figure 9. From the results, we can firstly find our model out-
performs all the baselines in our dataset, which proves the
node embedding learnt by our MANE can measure the simi-
larity between employees. Besides, performance of multiple
network embedding methods is generally better than that
of single network embedding methods since the property of
employees should be learnt by co-analysis of multiple orga-
nizational networks. Furthermore, the methods that utilize
the attributes in modeling employees (i.e., TADW, HAN and
our MANE) can achieve better performance which validate
our assumption that we need consider the external work-
related semantic information to model the different impact
of colleagues in employees representation learning.

6.6 Robustness Analysis
In order to analyse the robustness of our model, we evaluate
our model on another dataset, which is a business group
concentrating on one specific business direction (e.g., mobile
application). In detail, this business group consists of 15035
employees and 111 departments. We evaluate the perfor-
mance of MANE under experimental settings we reported
above and show the results of employee and department
modeling in Table 2 and Table 3 respectively, which reveals
our MANE constantly outperforms other baselines on mod-
eling organizational networks with different sizes.

TABLE 3: Department modelling on business group.

ACC F AUC
Attribute 0.4713 0.3514 0.5345
WL-kernal 0.6128 0.4655 0.5787
sub2vec 0.7129 0.5114 0.6614
graph2vec 0.6772 0.6281 0.6114
MANE-E 0.7122 0.6115 0.6131
MANE-P 0.8205 0.6957 0.7182
MANE 0.8556 0.7155 0.7522

6.7 Study of Parameters
In this section, we evaluate the performance of our model
under different settings of parameters. To specific, in each
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Fig. 16: The structural attention weights learnt by MANE.

experiment, we gradually change one parameter while keep
other parameters invariant. In general we evaluate the im-
pact of embedding dimension size d and hyper-parameters
α, γ1, γ2, λ1, λ2, λ3. It is worthy mentioning that in study of
each parameter we change one parameter gradually while
keeping others invariant and we would evaluate the impact
of these parameters on all of tasks. First we show the results
of all these experiments in Figures 10-15.

Impact of the dimension size d: From Figure 10, we
can find that on almost every task, the performance of
MANE rises with the increment of d. This is because the
learnt embedding with higher dimension would contain
more information of organizational networks. However it is
clear that when the dimension size d increases continuously
the performance will decrease, which probably results from
the curse of dimensionality.

Impact of the hyper-parameter α: According to Fig-
ure 11, it is clear that MANE model has poor performance
when α = 0, which illustrates our designed attributed bipar-
tite network A is useful to enhance the obtained relationship
between similar employees. But the performance would
drop rapidly when α gets larger. Based on our analysis,
the probable reason is that the over utilization of attributed
network would reduce randomness, thus the walk path
would not achieve enough information of whole network,
which is resulted from the unbalance of probability for each
candidate node in random walk.

Impact of the hyper-parameter γ: Parameters γ1 and
γ2 are utilized to control the weight of structural attention
and attributed attention in attentive network embedding
in MANE. In this part we only plot the performance of
MANE on each task under different values of γ1 because
we could get γ2 when γ1 is given, as γ1 + γ2 = 1. From
Figure 13, we can observe when γ1 = 0.4 (i.e., γ2 = 0.6) our
MANE model achieves the best performance while MANE
performs poorly when γ1 = 0 and γ1 = 1, which indicates
that both these two parts of attention network in MANE
are significantly useful for obtaining better representation
of both employees and departments.

Impact of the hyper-parameter λ: Parameters λ1, λ2

and λ3 reflect the importance of three constraint in model
learning. From Figure we can observe that each component
of loss function is proved to be effective, and in every evalu-
ation the performance of our MANE increase first and then
decrease where the best setting of λ is λ1 = 0.05, λ2 = 0.04,

λ = 0.02. Besides, there is also an interesting finding that
the performance of MANE on employee modeling task
also get better with the increase of λ2, which indicates the
component of department embedding in MANE also has a
positive impact for learning representations of employees.

The study of the structural attention weight: With
the structural attention network, we can evaluate the con-
tributes of introduced additional structural information to
modeling employees in organizational networks. To this
end, we visualized the average weights assigned to all the
context nodes with the same relative relation (m(s), t) to the
central node, which were learnt by attention mechanism, in
the heat map as Figure 16 where deeper color means higher
value. We can clearly observe that the context nodes tend
to be assigned larger weights when m(s) get larger and t
get smaller, which means it could form a denser subgraph
and has shorter distance with the central node. This result
validates our motivation that close colleagues in the same
team with an employee would play more important role in
modeling the behavior of this employee.

7 CONCLUSION

In this paper, we proposed a multiplex network embedding
based quantitative approach (i.e., MANE) for modeling
employee communication behavior in multiple types of
working communication networks, while preserving some
structural properties and attributes of the employees. Specif-
ically, we first designed a multiple attributed random walk
approach, which jointly adopts random walk algorithm
on multiple networks and employee attribute network,
to incorporate the information of employees on different
networks. Then, an adaptive CBOW based optimization
approach with an attention mechanism was proposed to
preserve the network structure by maximizing the proba-
bility that utilized the surrounding context nodes to predict
the central node, while preserving some structural and
attribute relations of employees in the networks. Further-
more, we conducted a department modeling approach to get
the embedding of departments in organizational networks
by adopting a relational transformation. Finally, extensive
experiments on real-world network data have clearly vali-
dated the effectiveness of the employee embeddings learnt
by our model on two piratical business applications (i.e.,
appraisal prediction and turnover prediction) while verify-
ing that representation of departments learnt by MANE is
effective on department performance prediction as well.
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