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ABSTRACT
We develop a method to identify groups of similarly behaving users
with similar work contexts from their activity on enterprise social
media. This would allow organizations to discover redundancies
and increase efficiency. To better capture the network structure and
communication characteristics, we model user communications
with directed attributed edges in a graph. Communication parameters including engagement frequency, emotion words, and post
lengths act as edge weights of the multiedge. Upon the resultant
adjacency tensor, we develop a node embedding algorithm using
higher order singular value tensor decomposition and convolutional
autoencoder. We develop a peer group identification algorithm using the cluster labels obtained from the node embedding and show
its results on Enron emails and StackExchange Workplace community. We observe that people of the same roles in enterprise social
media are clustered together by our method. We provide a comparison with existing node embedding algorithms as a reference
indicating that attributed social networks and our formulations are
an efficient and scalable way to identify peer groups in an enterprise
social network that aids in professional social matching.
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1

INTRODUCTION

Enterprises consist of groups of people working towards a goal
that aligns with its overall leadership directed plans. In commercial
enterprises, there is often a hierarchy and people are assigned to
groups. The groups may compose of persons expected to perform
specific roles. In this paper, we develop a method to identify peer
groups within an enterprise. This would be valuable in workplace
analytics for human resource recommendation purposes thereby
increasing engagement within an enterprise.
Any large and geographically distributed organization has people in different organizationally identified work contexts to be
similar in behavior and, expertise. Oftentimes they are unaware of
each other’s existence. These people are potentially peers. Identifying such sets of employees is important for an organization to help
reduce redundancies and increase productivity and efficiency. This
is because when people with similar actual work contexts and behavior connect via such an automated recommendation they have
a higher likelihood of exchanging information and collaborating
towards better solutions faster. To facilitate such peer groups to
emerge, recommendations need to be based on behavioral attributes
without which it is unlikely they would make conversation.
We develop a method to identify groups of homophilic users
with similar work contexts from their activity on enterprise social
media. To better capture the network structure and communication
characteristics, we model users with directed attributed edges in a
graph with each attribute as an edge weight of a multiedge graph.
Upon the resultant adjacency tensor, we develop a node embedding
algorithm using higher order singular value tensor decomposition
and convolutional autoencoders. We demonstrate that the node
embedding better captures the network structure and communication characteristics as people of the same roles in enterprise social
media cluster together.
We next propose a homophilic group identification algorithm
obtaining the cluster labels using node embedding. It allows us to
identify homomorphic subgraphs efficiently within a graph and
thus can be applied to mine patterns in large graphs. We empirically
present the results on Enterprise data sets such as an Enterprise
Social Media, Enron emails, and StackExchange Workplace community. We provide a comparison with existing node embedding
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algorithms as a reference indicating that attributed social networks
in our formulations are an efficient and scalable way to identify
homophilic groups in an enterprise social network that aids in
professional social matching [23].

all position and social aware temporally influenced users in a social
media network on multiple data sets such as Stackoverflow, Weibo,
and Digg.

2

The Graphwave algorithm [6] has been used earlier to compute
structural subgraph similarity using a node embedding. Here, the
adjacency matrix consisting of the weights of the directed edges in
the graph are taken into consideration. A spectral graph wavelet
(such as heat kernel) is applied on its Laplacian transforming it into
one-hot vector representation of the node and its characteristics
with respect to its neighbors. Thereafter, a characteristic function
is calculated based on the influence of nearby nodes. This gives
a characteristic representation of the subgraph surrounding the
given node. From this characteristic function, considering it to be
a distribution, points are sampled and they constitute the node
embedding.
Graphwave takes as input the weighted directed adjacency matrix of the graph. It calculates the spectral graph wavelets of each
node considering a heat kernel at the node. Thereafter, it calculates
the effect on neighboring nodes’ on itself. They then view that as a
distribution and using a characteristic function defined over it, they
sample evenly spaced points as being representative of the node
and its neighborhood that make up the embedding. On the Enron
data set, they demonstrate good separation between top executives
and junior executives while close proximity amongst top executives
using only the structural embedding of them as nodes.
Graphwave is not defined for attributed networks. We extend this
algorithm for edge attributed networks and experimentally compare
our algorithm to this and other existing node embedding algorithms
such as [9], and on the Enron data set to demonstrate the increase
in fine-grained quality of identifying structurally important nodes.

2.1
RELATED LITERATURE

In recent times, several research groups have shown that it is possible to profile social media users along behavioral attributes based
on their social-network behavior [5, 26, 31, 32]. Mining group communications can similarly yield information related to the behavior
attributes of members in a group and the role that these attributes
play in group dynamics. Group recommendations even in popular social media such as Facebook and Linkedin are an important
source of their new links. The authors in [38–40] mine academic
teams using motif discovery methods and graphlets.
Non attributed networks node embedding has been approached
via matrix factorization approaches as well as a sampling of node
neighborhoods using random walks in methods such as node2vec
[9] and struc2vec [27] and graph convolutional methods [18].
There has recently been extensive research in attributed networks, both clustering networks with node attributes as well as
edge attributes. Authors use guided levy flights to learn node embedding in multigraphs termed Multigraph2Vec in [28] without
weighted edges. [8] defines an algorithm to use a variational autoencoder to reduce the complexity of edge attributes in attributed
social networks to provide node embedding for various tasks such
as clustering. They incorporate social roles information into the
embedding algorithm by using them as features. We already embed
our features separately hence a simple deep autoencoder is able to
reconstruct and compress the interdependencies.
Tensors help represent edge attributed graphs where two dimensions are the nodes and the third dimension are the attributes for
the directed edges between the nodes. We have researched tensors
previously [1]. [17] is a survey of tensor decomposition. There are
several ways of decomposing tensors [16] meaningfully into lower
rank matrices. Based on the Tucker decomposition, the higher order singular value decomposition (HOSVD) results in matrices that
retain orthogonality amongst them and a lower rank core tensor.
This allows a simple application of the heat kernel filter to generate
spectral graph wavelets.
The authors in [4] use matrix factorization to identify homophilic
users. They use click data to build the social network between users
from which they statistically infer the trust relationship which
is considered key to homophily between users. We embody such
user relationships in our paper using the various complex features
such as emotion and psycholinguistic attributes such as EMPATH
[7] which would likely carry more information of homogeneity
between users.
The authors in [25] explain how existing node embedding techniques such as node2vec [9] can be expressed as matrix factorization
methods. This inspires us to our own methods using tensor factorization for attributed edges. The paper [3] takes the approach
where they use community detection using Louvain hierarchically
to identify smaller subgraphs that they then embed. In the paper
[29], the authors identify social homophily using graph neural networks in a similar vein that we identify peer groups. They identify

2.2

Graphwave Node Embedding

Social Media Attributes Relevant to Human
Behavior

We give an overview of the various features relevant to the psychological state of the authors’ mind indicating their behavior that
are mined from social media. Apart from unstructured text in the
form of posts and comments, social media also provides structured
attributes such as likes, favorites, shares, mentions, follows, type of
post, and other such quantifiable information that are relevant to
behavior.
Various measures from enterprise social media that are relevant
to behavior analysis are listed in the paper [10]. They summarize
from previous literature the aspects of enterprise social media that
are relevant to user behavior such as regularity of logging in, frequency of participation, initiation taken in participation, asking
questions, answering, dispersion of focus on varied communities
and topics, engagement, popularity, quality of content and network
structure. Based on these they identify enterprise social media relevant metrics with factor analysis to demonstrate relevance to user
behavior such as the number of replies exchanged with other users
and diversity spread of these users, network measures such as centrality and betweenness, posting activity, time delay in receiving
replies, receiving thanks as replies.
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Figure 1: Block diagram of the proposed edge attributed node
embedding algorithm
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features that can be inferred from the communication. This includes
text content, activity statistics, and other derived attributes. It can
be modeled using an attributed graph with multiedges and selfloops. Let there be a graph 𝐺 = (𝑉 , 𝐸,𝑇 ) consisting of vertices (𝑉 )
of the graph as users of the enterprise social network, and edges
𝐸 as the communications between the nodes of the graph, i.e. the
users. Each edge 𝐸 can consist of a vector of feature values, an entry
for each type of feature. We denote such vector attributed edges as
multiedges. 𝑇 is the tensor or multilinear array that represents these
directed multiedges from one user to another where the tensor
values are the edge weights.
An alternate formulation may be as a set of graphs (layers)
𝐺 1, 𝐺 2, .., 𝐺𝑛 for 𝑛 features 𝐺𝑖 is the layer of the social network
that has that 𝑖th feature as their attribute, 𝐸𝑖 are the corresponding directed edges amongst them and 𝐴𝑖 is the adjacency matrix
containing the values for the 𝑖th features as edge weights.
As we can see in Section 5.1 various features are relevant to
interactions between people in an enterprise. Identifying a single
feature amongst these that characterize employee behavior and
group behavior is hard. Each of these features has varied ranges and
are either independent of each other or are non-linearly dependent.
Hence, since the relationship between two nodes has multiple facets,
collapsing them into a single value loses important information,
and it becomes imperative that we have attributed edges such as
noted in [8] and [14].
By using attributed edges we are able to identify the structural
context better. For example, without both topical edges and the
sentiment towards a topic, we would only be able to identify relationships and structures based on aggregate sentiment scores
which may never reflect the agreement dynamics between the participants.

4
Furthermore, 16 metrics relevant to enterprise behavior from
an enterprise social media of an Australian professional services
firm using factor analysis are identified in paper [36] along four dimensions i.e. contribution and networking, information provision,
contact dispersion, and invisible usage. The metrics are similar to
the ones in [10] such as threads created, contributed to, replies received, diversity of users interacted with, thanks received, network
degree, and centrality measures.
In [10, 30, 34] researchers give us a list of measures that are relevant for enterprise behavior understanding. Most of them use some
counts and ratios of the number of messages exchanged and few
linguistic features of the messages. These measures are mostly focused on mailing lists and email exchanges. We extend the same for
our enterprise social media data sets. These complex features both
from unstructured text and structured attributes have relevance to
human behavior analysis.

3

MODELING ENTERPRISE SOCIAL MEDIA AS
A MULTIGRAPH

Enterprise social networks can be considered as attributed graphs
where not only users have attributes attached to themselves, communication with each other is also attributed based on the various

PROPOSED EDGE ATTRIBUTED NODE
EMBEDDING AND HOMOPHILY GROUPING

The proposed algorithm consists of three steps. First, we find an
embedding for the edge attributed graphs in an enterprise social network using the proposed multiwave tensor embedding algorithm.
Next, we cluster the embedding using the k-means algorithm. Finally, we use the cluster labels to determine homophily groups of
users. The details of the algorithms are presented in the subsequent
sections.

4.1

Multiwave Embedding of Edge Attributed
Graphs

We develop an extension to the Graphwave embedding algorithm
[6] to incorporate the multiple attributes that we have identified
to represent an enterprise social network. We denote this as the
Multiwave algorithm. We use tensor factorization, for dimensionality reduction and finally compute higher order singular value
decomposition to obtain the matrices useful in applying spectral
graph wavelets used in obtaining the node embedding upon non
linearly weighting them through a convolutional autoencoder. The
block diagram of our node embedding algorithm is shown in Fig. 1.
We incorporate attributes as are deemed important for behavior
characterization. In a naive graph representation, each type of edge
attribute is separated into a graph of its own and considered as a
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layer. If this 𝐺𝑖 is then naively used as input and the Graphwave algorithm is applied on each layer of the graph to generate structural
embedding for each node for that layer 𝜒𝑖 [6] it becomes intractable
as the number of features increase. Therefore, we concatenate the
adjacency matrices of each graph layer into an adjacency tensor
with each entry constituting the weight of the attributed directed
edge. We apply the spectral wavelets by splitting the tensor into
orthogonal basis matrices and a core tensor [17] using Higher Order
Singular Value Decomposition (HOSVD) extending Laplace transforms and Eigen decomposition from simple weighted directed
graphs.
T = UVWGUT VT WT
(1)
using Tucker decomposition. We used the SKTensor Python 3
library [21]. Here G is the reduced dimension core tensor, while
the orthogonal basis matrices are U, V and W with dimensions
corresponding to each face of the core tensor G and original tensor
dimensions.
We adjust the values of the parameter 𝜏 as per the data ranges
and dimensionality of the core tensor. We apply the heat kernel of
the spectral wavelets on the core tensor to propagate the effect of
perturbation of a node on its neighbors by applying a filter such
as the heat kernel 𝑔𝑠 (𝑡) = 𝑒 −𝑡𝑠 on each element on the core tensor
and calculating its effect on each neighbor as
Ψ𝑚𝑎 =

𝑁
∑︁



𝑔𝑠 𝑔𝑖 𝑗𝑘 U𝑚𝑙 V𝑚𝑙 W𝑚𝑙 U𝑎𝑙 V𝑎𝑙 W𝑎𝑙

(2)

𝑙=1

which is the effect of node 𝑚 on node 𝑎, where the transformed
kernel is combined together with the orthogonal decomposed matrices using tensor times matrices.
where 𝛿𝑎 = 1(𝑎) is the one hot vector for the node 𝑎 that isolates
the effect of neighbors on node 𝑎.
As in [6] algorithm, Ψ gives us the diffusion pattern for every
node. It is an 𝑁 × 𝑁 matrix. And similar to Graphwave its 𝑎th column vector is the spectral graph wavelet for a heat kernel centered
at node a and Ψ𝑚𝑎 represents the amount of energy that node 𝑎 has
received from node 𝑚. Calculating these values for pair of nodes in
the graph is computationally expensive. Therefore, we too like in
[6] treat the wavelet coefficients as a probability distribution and
characterize the distribution via empirical characteristic functions
and sample from it via evenly spaced points to result in the structural embedding as in the Algorithm 1. We take uniformly 𝑑 points
and calculate the characteristic function for each of those points.
The column mean for it results in the aggregate effect of neighbors
on that point. The real and imaginary values of each of the 𝑑 points
then form the 2𝑑 length structural node embedding with a depth
equal to the number of features as a matrix.
The dimensions of the core tensor are kept at a fraction of the
original tensor so as to obtain a good representation. This representative embedding as detailed in the Algorithm 1, results in a tensor
created of the values of the directed edge attributes. It is the output
of the heat kernel applied as the characteristic function 𝜒 whose
dimensions consist of the number of nodes, dimension size, and the
number of features. Normalization using attributes themselves is
not feasible since the relationship between each attribute is nonlinear. Therefore, in order to reduce the dimensionality, we pass it
through a deep convolutional autoencoder that is able to compress

the representation to a 2𝑑 embedding vector of depth 1. The input
to the autoencoder is the representative 𝜒 tensor. A combination
of 2D convolution layers with RELU activation and max-pooling
with stride length 1 is applied to compress the feature representation down to 1 which is the encoded 2D node embedding for
each node in our graph of length twice of the number of sampling
points usually 200. A 2D upsampling and 2D convolution layers
with RELU activation and final tanh activation layer completes the
autoencoder that is compiled and fit with an 80-20 split of train
and test data. The number of filters ranges from 8 to 16. This final
embedding of each node now contains the structural embedding of
the entire graph that is made up of all the layers.
Algorithm 1 Learning Edge Attributed Structural Node Embedding
from Adjacency Tensor
Input: Graph G = (V, E, T) where T is adjacency tensor with feature weights
Input: scale s
Input: evenly space sampling points {𝑡 1 ,𝑡 2 ,..,𝑡𝑑 }
Output: Structural node embedding 𝜒𝑎 ∈ R2𝑑 for every node 𝑎 ∈
V
1: Decompose via HOSVD(T) = UVWXUT VT WT
2: Apply heat kernel on core tensor
3: Ψ𝑎 = UVW𝑔𝑠 (X) UT VT WT𝛿𝑎 , where 𝑔𝑠 =𝑒 −𝑡𝑠
4: Calculate structural node embedding tensor X
5: for t ∈ {𝑡 1 ,𝑡 2 ,..,𝑡𝑑 } do



6:
Compute 𝜙 𝑡 𝑗 = column-wise mean 𝑒 𝑖𝑡 𝑗 𝜓 ∈ R𝑁
7:
for a ∈ V do
8:
Append ℜ (𝜙𝑎 (𝑡)) and ℑ (𝜙𝑎 (𝑡)) to 𝜒𝑎
9:
end for
10: end for
11: Apply 2D Convolutional Autoencoder with Max Pooling on X
to obtain node embedding 𝜒𝑎 ∈ R2𝑑

4.2

Clustering using Node Embedding

The embedding captures the structural view of the graph. A simple
𝐿2 (euclidean) distance between embedding tells us how similar the
neighborhood around two nodes are in a graph. A low 𝐿2 distance
implies that the two nodes have structurally similar neighborhoods.
We hypothesize that this would correspond to the similarity in
roles as similar roles would require similar communication and
interactions.
In order to assess our role similarity correspondence with structural similarity and to ascertain the performance of the node embedding algorithms, we use K-means clustering to cluster the nodes
using their embedding with 𝐿2 distance as the distance measure.
We also cluster using the cosine distance in a separate experiment
since our embedding is high dimensional. Before we run K-means
we run principal component analysis (PCA) as a pre-processing
step for dimensionality reduction to remove noise.
As we note in the section on experiments, clustering these embedding gives us much superior results than non-attributed graphs
in terms of roles being identified and segregated in different clusters; thereby identifying structurally similar neighborhoods around
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nodes across the graph. The Davies-Bouldin (DB) index reported in
Table 1 indicates the internal consistency and performance of the
clustering for different data sets.

4.3

Mining Homophilic Groups using User
Cluster Labels

Algorithm 2 Identifying Homophilic Groups using Cluster Labels
based on Edge Attributed Node Embedding
Input: Sets 𝑝 ∈ P where 𝑝 = (𝑣, 𝑐), node 𝑣 ∈ V, cluster label 𝑐 ∈ C
Input: threshold 𝜏
Input: scale 𝑠
Output: Sets 𝑝 of structurally and behaviorally similar subgraphs
across the network
1: Initialize P to contain singleton sets (𝑣, 𝑐) of all nodes 𝑣 ∈ V,
where G = (V, E, T) and corresponding cluster label 𝑐 ∈ C
2: for k=1 to s do
3:
for Each pair 𝑝𝑖 ,𝑝𝑘 ∈ P do
4:
Calculate Jaccard Similarity index
| {𝑐 }∩{𝑐 } |
𝐽𝑖𝑘 = | {𝑐𝑖 }∪{𝑐𝑘 } |
𝑖
𝑘
5:
if 𝐽𝑖𝑘 > 𝜏 then
6:
Merge 𝑝𝑖 and 𝑝𝑘
7:
Add one hop neighbors of nodes in the merged set, (𝑣, 𝑐)
into the set
8:
end if
9:
end for
10: end for
Based on our node embedding and clustering, we can identify the
role labels of users by their cluster labels. We are basing this group
identification algorithm on the assumption that the node embedding
that we construct provides us a representation of the structure of
its 𝑘-hop neighborhood. Therefore, nodes whose representations
are similar, have structurally similar neighborhoods of up to 𝑘 hop
away. Also, the clustering algorithm assigns every node a cluster
membership where members of the same cluster have structurally
similar neighborhoods. As we observe from Graphwave [6] and its
application on the data set for clustering using k-means that indeed
nodes who have similar role labels fall in the same cluster, which
re-affirms the idea that most assigned roles are structurally similar
in their communication pattern.
In our homophilic group identification methodology described in
Algorithm 2, the initial list contains singleton sets of a node and its
cluster label. In each iteration, a pair of sets is taken and the Jaccard
similarity of their constituent nodes and 𝑘 hop neighbors of those
nodes, using their cluster labels are calculated as the closeness or
similarity between the sets. If this measure is above a threshold,
these sets are merged and the constituent nodes are considered in
the next iteration. If the composition of two sets of nodes neighbors’
cluster memberships are identical, it gives confidence that they are
structurally similar and we add these nodes to candidate node sets.
This way we increase our bucket until finally at some 𝑠 hops we
have sets of nodes that have near-identical composition of cluster
membership ids and thus they can with confidence be considered
to be structurally similar subgraphs.
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In order to measure the homophily of the peer groups identified,
we extend normalized mutual information for groups. The existing
role labels for the purpose of this measure are considered to be
good. The cluster labels are compared with them using Jaccard
similarity. A group is the collection of nodes in the set and its 𝑘-hop
neighbors. Every hop away from the base node contributes less
weight towards how much it affects the homophily of the labeling
of the base node. This is captured using a weight to the similarity
score as seen in Equation (3).
Our baseline comparison peer groups are identified using Jaccard similarity on the role labels of employees where the groups
are 𝑘 hop neighbors of the node. In our algorithm we leverage
the identification of role labels from their cluster id labels that approximate their roles based on their communication and structural
attributes. The definition of Jaccard similarity (𝐽 ) and the goodness
of homophilic groups are as follows:
|𝑐𝑖 ∩ 𝑟𝑖 |
Jaccard Similarity 𝐽𝑖 =
|𝑐𝑖 ∪ 𝑟𝑖 |
𝑘
∑︁
(3)
𝐽𝑖 ∗ 𝑤 𝑖 ,
Goodness of group 𝑔 =
𝑖=0

where hop weight 𝑤 usually 0.5
Cluster quality is measured using the Davies-Bouldin (DB) index
and the normalized mutual information (NMI) index. The DB index
is defined as follows.
Let 𝑀𝑖 𝑗 represent the average inter-cluster distance between
points in cluster 𝑖 and 𝑗. Similarly let 𝑆𝑖 and 𝑆 𝑗 be the average intracluster distance between points in clusters 𝑖 and 𝑗 respectively. 𝑅𝑖 𝑗
is defined as:
𝑆𝑖 + 𝑆 𝑗
𝑅𝑖 𝑗 =
(4)
𝑀𝑖 𝑗
Define 𝐷𝑖 = max 𝑅𝑖 𝑗
(5)
𝑖≠𝑗

If 𝑁 is the total number of clusters, then the Davies Boulding index
is defined as follows:
𝑁
1 ∑︁
𝐷𝐵 =
𝐷𝑖
(6)
𝑁 𝑖=1
A lower value of the DB index implies a better clustering. The
Normalized Mutual Information (NMI) is defined as follows:
2 × 𝐼 (𝑌, 𝐶)
,
(7)
𝑁 𝑀𝐼 =
𝐻 (𝑌 ) + 𝐻 (𝐶)
where 𝑌 is the actual role label and 𝐶 is the identified cluster label.
𝐻 () is the entropy and 𝐼 (𝑌, 𝐶) is the mutual information between
𝑌 and 𝐶. A higher value of NMI denotes a better clustering.
In the next section, we present details of the results of our experiments in applying the above homophilic group identification
algorithm to the enterprise social network data sets.

5

EXPERIMENTAL RESULTS

In this section, we present details of the data set used in our experiments along with the important attributes available in each of the
two data sets. We then present the results of the node embedding
and clustering algorithms. Comparison with related works is shown
next. Finally, we present a discussion of the results.
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Data Sets

We consider two data sets for our experiments. We collect traces of
communication including content and other structured interactions
from two sources of enterprise social media, StackExchange Workplace community and Enron email data set. The computable size
for StackExchange data set was 20000 posts that had 2181 users and
for the Enron data set was 20000 emails that had 2546 employees.
For the StackExchange data set, we sampled 20000 posts from the
workplace StackExchange involving 2181 users. The StackExchange
data set contains comments that are on average 50 words in length
and are considered too short to individually contain multiple topics.
The Enron data set on the other hand have long emails that may
contain multiple topics.
5.1.1 StackExchange Q&A Data Set. We download the StackExchange archive [33] from March 2012 to August 2017 from archive.org
using wget [22]. We transform it for ease of processing into PostgreSQL using the script at [35] It consists of 52074 users in a total
of which 37086 users have badges or roles. The discussions in this
data set are relevant to enterprises. The users have a total diversity
of 139 badges or roles. There are no organizationally defined groups
here but the role labels are earned based on user activity. The Workplace community itself can be considered as a high-level group with
interested users participating in it. It is assumed however that over
time, there would be affinity groups that may have emerged within
users. It is known that many questions are physically marked as
duplicates which indicates that indeed there are groups of users
that are interested in the same areas but are not connected with
each other directly.
We construct the graph from the StackExchange Workplace
community data set where users are nodes with directed edges
from the user commenting on a question to the user posting the
question. The directed edges are multiedges with weights for each
measure of communication relevant to behavior such as number of
questions posted (average 1.17, max 23, min 1), number of comments
(average 1.17, max 23, min 1), comment sentiment (average 0.14,
max 5.28, min -1), popularity score (average 3.12, max 276, min 0)
and EMPATH scores (average 0.002, max 0.63, min 0). We know
from [37] that likes or score are an important indicator of behavior.
For this experiment, we have not used complex linguistic measures
other than the overall sentiment of the comments.
5.1.2 Enron Email Data Set. We collect the Enron email data set
from [12] using wget [22]. Employee role labels are available for
149 users. It consists of emails of employees who were working
at Enron. Just as any organization, we assume that they were redundancy in roles and work context and thus peer groups who are
distanced in communication but working towards similar goals. As
we represent the communication between employees as a graph,
the nodes are employees identified by their email addresses with
directed edges from the employee who has replied to an email to
the sender employee.
Measures such as the number of replies and the average length
of reply correspond to the volume of the communication, behaviorally determining possibly how involved the two people are in
communication. Topics and corresponding polarity give us aspectbased sentiment between people. Ratios of each part of speech

Figure 2: StackExchange user composition in each cluster
using Multiwave
usage give us some stylistic hints as well. The average number of
named entities and URLs used is also relevant. Excessive use of
punctuation, capital letters, vocabulary size provides stylistic hints
between people. Ratios from the EMPATH [7] categories provide
psychologically tested behavioral measures of the communication.
For the email Enron data set, we use measures such as number of
emails sent (average 2, max 226, min 1), number of emails received
(average 3, max 343, min 1), overall sentiment (average 0.3, max
22.8, min -4.3), number of entities (average 109, max 9972, min
0), number of capitalized words (average 222, max 21504, min 0),
number of punctuation (average 137, max 13181, min 0), number of
digits (average 19.5, max 2802, min 0), number of URLs (average 10,
max 1002, min 0), verbs (average 141, max 13870, min 0), auxiliaries
(average 198, max 19680, min 0), symbols (average 18, max 2189,
min 0), numbers (average 38, max 5910, min 0), nouns (average
337, max 32349, min 0), adjectives (average 57, max 5403, min 0),
adverbs (average 32, max 3420, min 0), pronouns (average 36, max
3848, min 0), number of words (average 1047, max 101549, min
1), size of vocabulary (average 949, max 92491, min 1), EMPATH
categories (average 0.004, max 4.31, min 0).

5.2

Results and Comparison

The data sets were stored as a MySQL archive. We pre-process it
in batch mode to calculate the attribute measures and store them
in the PostgreSQL database for ease of experimentation. We use
Spacy [13] to generate the linguistics features from the message
text. We use Textblob [19] to calculate the overall sentiment of the
message content. We use EMPATH [7] to identify the strength of
various psychologically relevant categories from the messages. We
create the graph representation using the features as weights of the
multiedges using the Networkx library [11].
We apply our node embedding algorithm described in Algorithm 1 on these graphs to generate node embedding for each user
of 200 dimensions each. We cluster the users using their embedding
using SKlearn [24] Kmeans++ algorithm to take into account initial
center choice. We set the number of clusters to 9 as we have 10
different roles in the data set of 149. We take the cluster labels of
each user and apply our group discovery Algorithm 2 to identify
peer groups amongst the users.
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Figure 3: StackExchange user composition in each cluster
using Graphwave

Figure 6: Heatmap of roles of Enron employees using Multiwave

Figure 4: Enron employees composition in each cluster using
Multiwave

Figure 7: Heatmap of badges of StackExchange users using
Multiwave

Figure 5: Enron employees composition in each cluster using
Graphwave

We ran our experiments on a Dell PowerEdge 730 server with
a 32 core Intel Xeon E5-2690 v3 processor and Xeon Phi 7120P coprocessor. It has 128GB of RAM. Apart from being compute heavy;
we found that the primary bottleneck was memory due to the size

of the input tensor which is a Numpy array consisting of Numpy
64 bit floats.
To demonstrate that our node embedding results in a stable measure, upon computing the node embedding for each node in each
data set; we use them as distance measures in clustering the users.
We run principle component analysis (PCA) to remove the noisy
data points. We then run K-means clustering with K-means++ [2]
for initialization. We observe that the clustering is stable when we
calculate the Davies-Bouldin (DB) Index score for the data sets with
our modified algorithm. This provides us evidence that our node
embedding captures the structural similarity of their neighborhood.
The cluster composition of the users obtained using the proposed
algorithm and the Graphwave algorithm are shown in Fig. 2 and
3 for the StackExchange data set. Corresponding results for the
Enron data set are shown in Fig. 4 and 5 respectively.
Using the clustering results and the homophily user group identification method we identify the groups of the user in each of
the two data sets. The actual role of the users is available as a
ground truth both for the Enron and the StackExchange data sets.
In the StackExchange data set the badges represent the role of the
users. We plot a heat map of the number of agreements between
the ground truth roles and identified groups of the users. The heat
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Table 1: Evaluation metrics for algorithms on Enron and
StackExchange data sets with Grouping (G) as Homophily
(H) and Louvain (L)
Embedding

Data
set

DB
Idx

Jaccard
Score

NMI

G

Group
NMI

Multiwave

Enron

0.43

0.973

0.245

Stack

2.37

0.201

0.108

Enron

0.982

0.974

0.312

Stack

2.309

0.226

0.087

Enron

1.46

0.973

0.042

Stack

2.504

0.198

0.093

H
L
H
L
H
L
H
L
H
L
H
L

0.238
0.239
0.496
0.083
0.039
0.026
0.496
0.083
0.039
0.026
0.496
0.083

Graphwave

Node2Vec

map for the Enron data set is shown in Fig. 6. The heat map for
Workplace community of the StackExchange data set is shown in
Fig. 7.
We run our peer group identification Algorithm 2 upon the
results of the clustering for both the data sets; we obtain peer groups
where the group members have similar roles as well as their 𝑘 hop
neighbors. For our collected data sets; we compute the goodness
measure Normalized Mutual Information (NMI) in Equation (3)
between the role labels in our group members’ neighbors to measure
the overlap. Since the roles of the users are known for the data sets,
we compute the Jaccard similarity measure to evaluate the cluster
quality. The Davies-Bouldin cluster quality measure is also studied.
The results are shown in Table 1.
On manually observing the emails of identified peer groups in
the Enron email data set, we see a similar composition of employees
in both the groups such as one or two traders; a legal person; a
person involved in procurement and travel; a person who questions
deals or upcoming trades; and a person who mostly emails about
non-work topics such as birthday, new year, lunch. Behaviorally as
well, they are both composed of employees sending high volume;
short emails; mostly positive sentiment; negative sentiment; neutral;
emailing thank yous; emailing sorries. On observing manually the
badges and comments of the peer groups in the StackExchange
data set, we again see a similar balanced composition of users in
both the groups such as those who write nice answers versus nice
questions; who are enlightened versus are pundits; who are long
term StackExchange users versus are new to the platform; interested
in salary, manager versus interviews, telecommute, employee rights
versus work-life balance like a holiday, dress code.
We run a comparison with scalar node embedding approaches
such as node2vec [9] and Graphwave [6]. We measure the efficacy
of the node embedding itself as a distance measure in obtaining
clusters of similarly behaving users in Table 1 as the Davies-Bouldin
(DB) index of the clustering and the Normalized Mutual Information
(NMI) of cluster member’s role labels. We observe that our algorithm
captures structural similarity in the multi-featured case and results

in richer insights as is evident from the better value of the clustering
indices.
We also see as opposed to the Graphwave [6] results on Enron
email data set; where their node embedding was able to identify the
high distance between the top management such as CEO; VP versus
the traders. Here in the similar heat map in Fig. 6 ; we observe that
we are able to distinguish between more types of roles and therefore
our insights are more fine-grained.
We compare our proposed Homophily Group detection algorithm with the popular Louvain [3] community detection algorithm. Comparison is made with respect to the three embedding
techniques used namely the proposed Multiwave embedding, the
Graphwave algorithm, and the node2vec embedding. The results
are presented in Table 1 in terms of the cluster quality measures.
Using the Graphwave [6] node embedding and Louvain [3] community detection algorithm we find that the identified groups are not
those that can be considered to have the same roles and same neighborhoods within the community from an enterprise perspective.
As opposed to that our algorithm is able to identify such groups
that are demonstrably semantically relevant from an enterprise
perspective as we can see from the Jaccard similarity measures in
Table 1 across data sets.
In comparison with Louvain [3], community detection algorithm;
we observe significant improvement in identifying relevant groups
with similar roles in the enterprise. The comparative measures of
the role labels in groups identified in the various data sets with
these algorithms are present in Table 1. The modularity measures
[20] on the Enron data set with Louvain is 0.676 and on the Workplace data set with Louvain is 0.364. It demonstrates that the use
of scalar edge weights is insufficient in capturing the required
multi-dimensionality of communication between members in an
organization in order to understand group behavior.

6

CONCLUSIONS

We present Multiwave, an embedding technique for edge attributed
graphs. The method uses tensor factorization techniques. Considering various attributes of edges like the number of posts, sentiments,
likes, etc leads to better representation of a user of an enterprise
social media. The embedding is used to cluster the users using
homophily groups. The clusters are mapped to role labels using
a role labeling algorithm. Homogeneity of the homophily groups
identified is evaluated using two cluster quality measures as well
as their agreement to ground truth role labels.
Through our experiments on the Enron and StackExchange data
set, we are able to demonstrate that our edge attributed edge node
embedding algorithm is a stable measure relevant for enterprise
roles. Using our homophily group identification algorithm that
makes use of these node embedding, we are able to identify good
groups within enterprises that have similar work contexts and behavior and are yet not discovered by each other. In future work we
intend to consider a temporal evolving dynamic graph representation [15] of interactions as well.
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