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Abstract: Potential behavior prediction involves understanding the latent human behavior of specific groups, and
can assist organizations in making strategic decisions. Progress in information technology has made it possible to
acquire more and more data about human behavior. In this paper, we examine behavior data obtained in real-
world scenarios as an information network composed of two types of objects (humans and actions) associated with
various attributes and three types of relationships (human-human, human-action, and action-action), which we call
the heterogeneous behavior network (HBN). To exploit the abundance and heterogeneity of the HBN, we propose
a novel network embedding method, human-action-attribute-aware heterogeneous network embedding (a’HNE),
which jointly considers structural proximity, attribute resemblance, and heterogeneity fusion. Experiments on two
real-world datasets show that this approach outperforms other similar methods on various heterogeneous information
network mining tasks for potential behavior prediction.
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1 Introduction individuals have already performed, but these ac-

tions are difficult to observe in their entirety. Based

Exploring and analyzing the human behavior ., 16 insufficient information, predicting individu-

of specific groups, which is consistent and regular to
some degree, can assist some organizations in making
decisions. For example, governments explore terror-
ist behaviors to safeguard public security. Compa-
nies analyze behaviors of commercial spies to avoid
business losses. Sellers get to know the requirements
of enthusiasts in specific fields to achieve more profit.
Human behavior is implicated in social actions that
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als who may take specific actions and further cat-
egorizing them into specific groups, which we call
“potential behavior prediction,” is a challenging task.

Let us illustrate the point using a practical sce-
nario, in which a tourism website provides services
for its members. Travel enthusiasts can start and
organize traveling activities on the website and the
website recommends activities to potential visitors.
Here, a travel is an action, and the behavior is that
a member group tends to join in a specific type of
travel. However, the website cannot observe all ac-
tions of members. For example, some members may
become friends after an activity and connect to each

other offline for their next travels. How does the
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website precisely recommend interesting activities to
members and divide them into groups based on in-
complete action information? That is our topic.

Fortunately, with the rapid development of
information technology, especially social networks,
enormous and heterogeneous information from mul-
tiple perspectives can be considered to figure out an
individual as part of a group. The characteristics of
a member of the tourism website are also reflected in
his/her registration information and photos or blogs
he/she submits. The information is called the at-
tribute, and can also promote similarity measure-
ment and prediction accuracy to remedy the lack of
action information. Thus, when we explore a real
social system, the information contains attribute in-
formation of two types of objects, i.e., humans and
actions, and also implicitly reflects three types of re-
lationships, i.e., human-human, human-action, and
action-action (the action-action relationship is the
temporal continuity or spatial consistency of actions,
like traveling activities in the same scenic spot). We
formally define an information network, in which
nodes represent objects with attributes and edges de-
note the relationships; we call it the heterogeneous
behavior network (HBN). An example of an HBN is
shown in Fig. 1. People’s daily lifestyles are treated
as actions, such as dining in a restaurant or meeting
in a bar. Human attributes and action attributes are
the consumer profile, which contains age, gender, oc-
cupation, etc., and the purchase history, which con-
tains the type, amount, etc.

Male, age: 28 Check in [Type: hotel
job: singer © i | brand: Hilton
education: bachelor £Q|time: 2018-01-01 20:12
signature: “Do not let % payment: credit card
Kz comment: “very nice

f
Female, age: 25 2 Type: hotel
job: doctor w brand: Waldorf
education: master ) time: 2018-01-03 00:20
signature: “I will be PO ﬁ payment: online
¢y | comment: “l don't like

—

Type: fast-food
brand: subway
time: 2018-01-10 10:02 |[:=
payment: cash e}
comment: “the chicken 8 HBN

Type: bar

brand: happ
A [time: 201§-oy1 -25 21:40
payment: cash
comment: “the party of

Fig. 1 An example of a heterogeneous behavior net-
work (HBN). There are three types of links and two
types of nodes associated with attributes

Our goal is to use an HBN constructed from
practical information for potential behavior pre-
diction. The most popular analysis methodology

for information networks is network embedding,

i.e., network representation learning, which embeds
the networks into the low-dimensional space to di-
rectly measure the neighborhood similarities be-
tween nodes. However, in this application, the state-
of-the-art network embedding methods suffer from
limitations due to the following complexities of the
HBN (Grover and Leskovec, 2016; Dong et al., 2017):

1. Semantics

The explicit edges and corresponding attributes
in the network can reflect a semantic relationship
between objects. For instance, friends of a member
who likes hiking are not all interested in hiking, but
a friend who has a similar age and occupation, and
also checks into the same tourist hotel usually with
the member has high chance of being a hiker.

2. Heterogeneity

There are two types of heterogeneity in this net-
work: structural heterogeneity and attribute hetero-
geneity. The former refers to the multiple types of
nodes and edges which should not be mixed. The
latter refers to the multiple types of attributes that
exist because the attributes come from cross-modal
information.

3. High volume

The volume of the data obtained in the real
world could be in tens of thousands or even billions.

In this study,
attribute-aware heterogeneous network embedding
(a*HNE), a novel method that is adequate for these
characteristics of the HBN. a*HNE learns the latent
representation of humans and actions from the HBN
by jointly considering the network structure, node
attributes, and fusion of both. Specifically, to uni-
formly represent the cross-modal attributes of hu-
mans and actions, a*HNE adopts the attribute en-
coder network to map them into a common space.
The embedding representation yielded by a*HNE

we propose human-action-

can be used in downstream applications of poten-
tial behavior prediction, such as (1) predicting the
individual in a group who may take a certain action,
(2) classifying specific groups of humans, or (3) eval-
uating the relationship between humans and actions.
Compared with other methods, a*HNE can directly
generate the representation of a new node without
edges through the attribute encoder network.

We conduct experiments on two real-world
datasets in different domains. One dataset comes
from a practical application in a company for analyz-
ing people’s daily activities to predict the possibility
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of someone performing a certain action and classify
them into specific groups. The other dataset is a
public dataset about academic social networks for
analyzing the research field of authors and papers,
which is widely used to evaluate network embed-
ding approaches. The effectiveness of our method
is evaluated based on link prediction, node classifi-
cation, and node clustering. The experimental re-
sults suggest that a*HNE outperforms state-of-the-
art methods. The robustness of our model is also
demonstrated in various types of mining tasks. We
analyze details about the proposed method includ-
ing the cold-start problem, result visualization, and
parameter sensitivity. Finally, we offer in-depth dis-
cussion of the differences of a*HNE compared to the
existing network embedding methods and what role
the attribute plays in the HBN and more downstream
applications of a*HNE.

The contributions are summarized as follows:

1. We propose a novel network embedding model
that captures structural semantics, attribute seman-
tics, and the interrelationships between them in the
HBN for potential behavior prediction.

2. We use the attribute encoder network to learn
the mapping of heterogeneous attributes into a com-
mon space, which can uniformly handle the cross-
modal attributes of humans and actions.

3. We construct experiments for the tasks of link
prediction, node classification, and node clustering
The results show that
our model can achieve significant improvements over
other methods, e.g., 11.7%-34.0% improvement over
the best of the state-of-the-art methods in terms of
area under the curve (AUC) for link prediction on
the HIK dataset.

on two real-world datasets.

2 Related work

In this section, we review the related work re-
lated to potential behavior prediction network em-
bedding techniques.

2.1 Potential behavior prediction

Potential behavior prediction can be roughly
classified into two levels: action level and behav-
ior level. By action-level prediction (regarding as a
link prediction task), the unobserved or missing ac-
tions (activities) of individuals are predicted (Liben-

Nowell and Kleinberg, 2007). For example, Lerman

et al. (2012) proposed proximity metrics for link pre-
diction and predicted the URL forwarding activity in
social media. In behavior-level prediction, the action
similarity and group division of humans are studied
at a macroscopic level, which is similar to the classi-
fication task or clustering task. Yin et al. (2016) pro-
posed a unified probabilistic generative model, user-
community-geo-topic (UCGT), by incorporating the
spatiotemporal data and semantic information.

In this study, we verify the proposed method
in all the three tasks, i.e., link prediction, node
classification, and node clustering, to prove that it
is appropriate for both levels of potential behavior
prediction.

2.2 Network embedding

Network embedding has been proved to be a
highly effective method for mining tasks of informa-
tion networks, e.g., link prediction (Vazquez et al.,
2003; Backstrom and Leskovec, 2011), node classi-
fication (Sen et al., 2008; Bhagat et al., 2011), and
node clustering (Ding et al., 2001). It has been ap-
plied in many fields (Ou et al., 2016; Tu et al., 2017b).

The initial works of network embedding are
based mainly on matrix factorization (Koren, 2008;
Tang and Liu, 2009; Ma et al., 2011), and have
achieved some success but also suffered from high
computational cost in handling large-scale data.
With the development of deep learning, many re-
searchers designed neural network based network
embedding models to capture structural correlations
in homogenous information networks (Perozzi et al.,
2014; Tang et al., 2015a; Grover and Leskovec, 2016).
struc2vec learns latent representations for the struc-
tural identity of nodes (Ribeiro et al., 2017). Yang
et al. (2017) proposed a network embedding update
algorithm to approximate higher-order proximities
with a theoretical approximation bound.

Homogeneous information networks can be
treated as a special case of heterogeneous informa-
tion networks. For greater generalizability, some
methods have been proposed to leverage the rich se-
mantic meanings of different types of nodes and links
in heterogeneous information networks (Chang et al.,
2015; Tang et al., 2015b). Chen and Sun (2017) pro-
posed a task-guided and path-augmented heteroge-
neous network embedding model for author identi-
fication. Due to the success of word2vec (Mikolov
et al, 2013b) in natural language processing,
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meta-path based random walk methods have been
brought into the heterogeneous information network
(Chen and Wang, 2017; Dong et al., 2017; Huang
and Mamoulis, 2017; Shi et al., 2019). However, the
increasing number of node types in complex hetero-
geneous information networks will cause the combi-
nation explosion problem of meta paths.

The aforementioned research focuses on the
structural semantics of information networks. How-
ever, in reality, information networks also involve at-
tribute information. There are only a few researchers
considering single attributes in homogenous informa-
tion networks. Yang et al. (2015) introduced TADW
(text-associated DeepWalk), improving matrix fac-
torization based on DeepWalk with text information.
Sun et al. (2016) proposed CENE (content-enhanced
network embedding), leveraging the network struc-
ture and content information by treating the textual
content as another type of node. Pan et al. (2016)
presented TriDNR (tri-party deep network represen-
tation), exploiting network information with node-
word correlation and label-word correspondence.

To the best of our knowledge, there is little
research that can simultaneously address the three
characteristics of the HBN, i.e.,
geneity, and high volume. Zhang et al. (2018) pro-
posed CARL (content-aware representation learn-
ing), which is based on random walks to handle both

semantics, hetero-

structural content and unstructured semantic con-
tent. Different from their work, we design a heteroge-
neous edge-sampling-based model, a*HNE, which in-
cludes an attribute encoder network to map the het-
erogeneous cross-modal attribute information into a
common space, to jointly learn the representations
of attribute semantics and structural semantics of
different types of nodes. Obviously, our proposed
method is a deep learning method that can handle
high-volume data.

3 Problem definition

In this section, we formally define the problem
of network representation learning in heterogeneous
behavior networks. First, the heterogeneous behav-
ior network is defined.

Definition 1 (Heterogeneous behavior network)
An HBN is defined as a graph G = (V, E, C'), where
V is the set of vertices (nodes) representing objects
with a mapping function ¢ : V. — Ty € {human,

action}, E C V x V is the set of edges (links) with
associated weight w;; representing the relationship
between two vertices (v;,v;) with a mapping func-
tion ¢ : E — Ty € {human-human, human-action,
action-action}, and C = {(v, att)|v € V, atte A, }
denotes the attributes of objects where A, is the
attribute domain of a vertex type ty € Ty.

Our goal is to learn the latent representations in
an HBN. We define this problem as follows:
Definition 2 (Heterogeneous behavior network em-
bedding) Given an HBN denoted as G = (V, E, C),
the aim of HBN embedding is to learn low-
dimensional embeddings X € RIVI*? whered < |V|
is the embedding dimension.

Note that HBN embedding maps different types
of nodes associated with attributes into a common la-
tent space. This kind of embedding can be regarded
as a feature vector of a node and benefits various
HBN mining tasks, in which potential behavior pre-
diction is required.

4 Owur approach

In this section, we present our approach,
a?HNE, which jointly embeds the humans and ac-
tions associated with attributes in the HBN into a
common space. To learn high-quality embeddings,
three important points are considered, i.e., structural
proximity which suggests that the embeddings of ex-
plicitly connected nodes are similar to each other, at-
tribute resemblance which indicates that nodes with
similar attributes tend to have similar embeddings,
and heterogeneity fusion by which the heterogeneous
structure and the attributes are fused. Fig. 2 illus-
trates the flowchart of the proposed approach.

4.1 Structural proximity

To learn embeddings that preserve structural
proximity among nodes in different types of edges,
we measure the conditional likelihood Lg, of every
edge (vi,vj) between vertices v; and v; as

Lgp (v, v) = w;j log p(v;|v;j). (1)

Note that we use the normal font for vertices (nodes)
and bold font for vectors if there is no ambiguity.
For heterogeneous types of edges indicating
human-action (Ep,), human-human (Eh,), and
action-action (F,,) relationships, the conditional
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Fig. 2 Illustration flowchart of human-action-attribute-aware heterogeneous network embedding (a*HNE)
applied on the heterogeneous behavior network (HBN) in Fig. 1

probability of v; generated by v; is defined as

ex ’UT sV
p( 7 J) (2)

V;|V;) =
p( ’L| J) Zvi,eTeXp('U;I/"'Uj)7

where T' = {vi/|p(vi) = ¢(v;); vy € V} is the set of
nodes that have the same type of v;. Eq. (2) trans-
forms the similarity of nodes into conditional proba-
bility through a softmax function. Because nodes v;
and v; are more similar, the probability is higher.

4.2 Attribute resemblance

To uniformly process and use the cross-modal
attributes, we aim to learn two mapping functions,
fo i R™ — RY and f, @ R" — RY,
man attributes and action attributes into a common

to map hu-

space. In this study, we present our design of an
attribute encoder network to capture the attribute
semantics of objects. Note that all the parameters
of the network are jointly learned through gradient
descent back propagation updating when optimizing
the overall objective function. The attribute encoder
network is described as follows:

To begin with, we categorize the attributes of
nodes into three classes in general: textual, categor-
ical, and numerical.

1. Textual attributes

For example, the natural-language description
of a person is the textual attribute represented as a
word sequence. We employ a convolutional neural
network (CNN) to embed the textual attributes by
taking the word sequence as the input. The CNN

model has three layers. The first layer embeds words
into word embeddings with a uniform size. The next
layer performs convolutions over the vectors using
multiple filter sizes. The last layer max-pools the
result of the convolutional layer into a long feature
vector regularized with a dropout operation.

2. Categorical attributes

The categorical attributes with a small number
of categories (e.g., the gender) are embedded by one-
hot encoding (Harris and Harris, 2010).
for the attributes with a relatively large number of
categories (e.g., the location), the one-hot encoding
becomes too sparse; thus, we map them to dense

However,

representations that are suitable for neural networks.
3. Numerical attributes
The numerical attributes are normalized using
a popular standardization that scales the values of
attributes to lie between a given minimum value and
a maximum value (e.g., between zero and one).
Following the results of the above steps, the at-
tribute encoder network concatenates the potential
expressions through a one-layer network. Then the
concatenated vector expressions are connected to the
multi-layer fully connected neural network, and the
activation function is the rectified linear unit (ReLU)
(Glorot et al., 2011). The final embedding v’ learned
by this network is treated as the attribute semantics
of a vertex.
For v’, we define the objective of attribute
resemblance as follows:

ilv5)- (3)

Lap(vi,v5) = w;j logp(v
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In contrast with the structural proximity, which
represents the structure information of v itself, at-
tribute resemblance maximizes the conditional like-
lihood by the weight fitting of the attribute encoder
network. It makes v’ smoother in the attribute
space; i.e., similar attributes tend to be represented

as similar embeddings.
4.3 Heterogeneity fusion

To consider structure and attribute information
comprehensively, the attributes of the nodes are as-
sumed to be similar when their structural contexts
are similar, and vice versa. We define the correlation
objective between v and v’ as follows:

Leo(vi,vj) = wijlog p(vi|v;) + wij log p(v;|v}). (4)

With the above assumptions, we measure the
conditional likelihood L of every edge (v;,v;) be-
tween vertices v; and v; as follows:

L(vi,vj) = Lgp(vi, v5) 4 BoLap(vi, v;) + B1Leo(vi, v5),
(5)
where 5y and (31 are the parameters that control the
weights of various parts.
For all types of edges, the overall heterogeneity
fusion objective is defined as follows:

L= > L), (6)
E, (vi,v;)EEL
where Fj € {Eh](17 Fha, Eaa}.

After jointly learning v and v’, which maximizes
the overall objective, we define a binary operator to
obtain the final node embeddings as x = v o v’. We
consider several choices for the operator o, such as
concatenation, average, former-only, and latter-only.

4.4 Model optimization

a?HNE maximizes the conditional probabilities
in £. The optimizations of the conditional prob-
ability via softmax can be prohibitively expensive.
Therefore, inspired by Mikolov et al. (2013a), we ap-
ply negative sampling to approximate the softmax
likelihood function as follows:

log p(v;|v;) ~log O’(’U;F - vj)

< - (7)
+ Z E..pwllogo(—v; - 2)],
i=1
where o(x) = 1/(1 — exp(—2x)) is the sigmoid func-
tion, K is the number of negative samples, and z is a

negative sample. P(v) d3/* denotes the distribu-
tion of nodes and d,, is the out-degree of v.

The objective in Eq. (6) is jointly trained and
the detailed algorithm is shown in Algorithm 1. To
avoid the weight incompatibility of the edges be-
tween different types of nodes, we alternatively sam-
ple from sets of edges constructed by different re-
lationships. The time complexity is O(|E|d), so
a*HNE is scalable.

Algorithm 1 a*HNE
Input: heterogeneous behavior network G = (V, E, C),

number of epochs ~y
Output: latent node embeddings X € RIVIxd
1: Initialize the parameters of fi, € R’”Xdl7 fa €
R"Xdl, textual and categorical attribute lookup ta-
bles randomly

2: for i =1 to v do

3: O = shuffle(E)

4:  for j =1 to max(|Eunl, |Enal, | Faa|) do

5: for Ej € {Enn, Eha, Eaa} do

6: Sample an edge from Fj, and draw K nega-
tive edges

7 Calculate the corresponding loss

8: Update parameters and embeddings by

stochastic gradient descent (SGD)
9: end for
10:  end for
11: end for
12: for v € V do
13: Calculate & = v o v’ to construct X
14: end for

5 Experimental setup
5.1 Datasets

1. HIK

We construct the HBN from a real-world dataset
provided by Hikvision (Hangzhou Hikvision Digital
Technology Co., Ltd.). For commercial reasons, we
cannot clarify the actual meaning of the real sys-
tem, so we explain the objects, relationships, and
attributes by mapping them into the tourism web-
site illustrated in Section 1. The human and the ac-
tion in the HBN stand for the user (i.e., the member
of the website) and the travel activity, respectively.
We construct the human-action relationship when a
user participates in a travel activity and the human-
human relationship when users follow each other on
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the website. The weight of the human-human edge
is the communication frequency of the pair of users.
There are no direct relationships between activities
in the HIK dataset, so we skip the action-action rela-
tionship. The user has 10 types of attributes (gender,
age, address, occupation, etc.) and the activity has
14 types of attributes (time, location, activity type,
duration, initiator, etc.). The label of the tourists
is treated as the ground truth of the classification
tasks.

2. AMiner

We use the AMiner dataset (https://aminer.
org/aminernetwork) (Tang et al., 2008) to analyze
the research field of authors and papers. In the HBN,
we construct the human-action relationship when au-
thors publish papers, treat the co-author relationship
as the human-human relationship, and treat the ci-
tation relationship as the action-action relationship.
The author attribute information contains research
interests (t), the count of published papers (pc), the
total number of citations (cn), the H-index (hi), the
P-index with equal A-index (pi), and the P-index
with unequal A-index (upi) (Stallings et al., 2013).
The paper attribute information contains the title
and the abstract. The weight of the edges is binary.
We choose all the papers from the most popular
venue in eight research fields (IEEE Trans. Parall.
Distrib. Syst., STOC, IEEE Commun. Mag., ACM
Trans. Graph., CHI, ACL, CVPR, and WWW) de-
fined by Dong et al. (2017) and select all the rela-
tive authors who published these papers. There are
13553 papers and 16 604 authors with labels in the
filtered dataset.

The detailed statistics of these two datasets are
shown in Table 1.

5.2 Compared algorithms

The proposed method a*HNE and two degener-
ated variations, i.e., a?HNE-NH (no heterogeneity)

and aHNE-NC (no correlation), are compared with
several recent embedding methods as follows:

Doc2Vec (Le and Mikolov, 2014) extends
word2vec (Mikolov et al., 2013b) to learn docu-
ment representations. We use Doc2Vec pre-trained
by the English Wikipedia distributed bag of words
(DBOW) model as the attribute-only method to di-
rectly learn embeddings from the textual attribute
information of nodes.

DeepWalk (Perozzi et al., 2014) performs ran-
dom walks over networks and learns low-dimensional
node embeddings. node2vec (Grover and Leskovec,
2016) proposes a biased random walk algorithm
based on DeepWalk to efliciently explore die neigh-
borhoods. LINE (Tang et al., 2015a) uses both the
first- and second-order proximities to learn node em-
beddings in large-scale networks. These methods
can handle only homogeneous information networks
without attributes. Hence, we ignore the node type
and attributes in the HBN for these methods. Specif-
ically, for node2vec, we choose its parameters as
p=2,¢q=05and p=0.5,q=2.

CANE (Tu et al., 2017a) leverages structure in-
formation and textural attribute information to learn
context-aware embeddings for nodes with a mutual
attention mechanism for homogeneous information
networks. This method requires homogeneous infor-
mation networks with textual attributes. We use the
research interests of authors and the title of papers
in the AMiner dataset as the textual attributes.

PTE (Tang et al., 2015b) extends LINE to learn
predictive text embedding through heterogeneous
text networks. Metapath2vec++ (Dong et al., 2017)
is a meta-path based random walk algorithm with a
heterogeneous skip-gram model to perform node em-
beddings. They are typical heterogeneous network
embedding methods that do not consider attributes.
Specifically, for PTE, we construct several bipartite
networks (co-author, author2paper, and citation for

Table 1 Statistics of datasets

Number of Number of

Dataset Node type labels attribute types Vi |2 | B |Enal |Baa
Human 2 10 4863
HIK Action B 14 11723 21191 5807 15384 -
. Human 8 6 16 604
AMiner Action 8 9 13553 124776 62115 31263 31398

|V]: number of vertices; |E|: number of edges; |Eynn|: number of human-human edges; |Ep,|: number of human-action edges;

| Eaal: number of action-action edges
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AMiner; user-user and user-activity for HIK) and
restrain it as an unsupervised embedding method.

a’HNE-NH is a variation of the proposed
a’HNE that does not consider heterogeneity. We
generate homogeneous sub-networks by just preserv-
ing the same type of attributes for nodes. For the
HIK dataset, we use only the categorical and numer-
ical attributes of users and remove the activities. For
the AMiner dataset, we use the same homogeneous
sub-network as CANE.

a’HNE-NC is a variation of the proposed
a*HNE. We set 81 = 0 so that the correlation of
structure and attribute is not considered.

5.3 Parameter settings

For fair comparison, we try different parameters
for all embedding methods and report the best per-
formance in experiments. The parameter settings
are as follows: The dimension of textual embedding
is set to 300, as used in Doc2Vec embedding. For
node embeddings, the dimension is set as 128 by
default in the AMiner dataset and 32 in the HIK
dataset. The other default settings include: walk
length [ = 80, number of walks per node w = 10
for random walk based methods; hyper-parameters
a=0.7,=0.1,y = 0.1 in CANE and the same cor-
responding weights in a*HNE-NH; number of nega-
tive samples K = 1, as used in CANE; learning rate
r1 = 0.001; operator “o” is a concatenation. Fianlly,

all the embedding vectors are normalized.

6 Quantitative analysis
6.1 Link prediction

In link prediction, we conduct experiments on
the two datasets keeping a (from 30% to 90%) edges
chosen randomly from each type of relationship and
then predict the missing edges. Note that there are
very few edges when « < 30%, resulting in the cold-
start problem which will be explained in Section 6.4.
Table 2 shows the performance of link prediction
with the AUC (Hanley and McNeil, 1982) values.

From this table,
observations:

we have the following

1. aHNE consistently achieves significant im-
provement compared to other methods. This indi-
cates that a*HNE can capture the semantics of nodes
and is effective in link prediction.

Table 2 Results of link prediction on the AMiner and
HIK datasets

Results of link prediction on AMiner

Method

a=30% a=50% oa=70% a=90%

Doc2Vec 0.6211  0.6199  0.6185 0.6112
DeepWalk 0.8966  0.9484  0.9660 0.9732
node2vec 0.8948 0.9465 0.9664 0.9736

(p=2, ¢=0.5)

node2vec 0.8947  0.9479  0.9665 0.9746
LINE 0.8976  0.9492  0.9620 0.9668
CANE 0.9065 0.9345  0.9439 0.9446
PTE 0.7429  0.8917  0.9444 0.9614
Metapath2vec++ 0.8133  0.8610  0.8813 0.8870
a*HNE-NH 0.9357  0.9598  0.9684 0.9718
a*HNE-NC 0.9008 0.9580  0.9705 0.9741
a*HNE 0.9383 0.9659 0.9730 0.9747
Method Results of link prediction on HIK
a=30% a=50% oa=70% a=90%

DeepWalk 0.6004 0.6581  0.7336 0.7690
node2vec 0.5995 0.6786  0.7363 0.7740

(p=2, ¢=0.5)

node2vec 0.5963  0.6709  0.7220 0.7575
LINE 0.5952  0.6640 0.7157 0.7583
PTE 0.5885 0.6572  0.7148 0.7592
Metapath2vec++ 0.5043  0.5401  0.5391 0.5459
a*HNE-NC 0.6843  0.7089  0.7220 0.7960
a*HNE 0.8048 0.8335 0.8465 0.8645

The best results are in bold

2. With the increasing number of missing edges,
i.e., the decreasing o, a*HNE achieves more improve-
ments than other methods. The possible reason is
that a*HNE can remedy the insufficiency of struc-
ture information using the attributes.

3. Specifically, for the HIK dataset, a*HNE out-
performs the best of the other methods by 11.7%—
34.0% in terms of AUC. It is perhaps because the
attribute encoder network could exploit rich cross-
modal attributes, which is difficult when used in
other methods.

4. The correlation of the structure and attribute
is important and is derived from the good perfor-
mance of a*HNE over a’HNE-NC with a relative
gain of up to 17.6% on the HIK dataset.

6.2 Node classification

We evaluate the network embeddings in the clas-
sification task. A logistic regression classifier fed
by the embeddings of all labeled nodes is employed.
We vary the training ratio (7r) on the two datasets
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from 30% to 90% and the rest of nodes are used for
testing. For each Tg, the classification experiments
are repeated independently 10 times. The averaged
micro-F measures are reported in Table 3.

Table 3 Results of classification on the HIK and
AMiner datasets

Results of classification

Dataset Method
30%  50%  70%  90%
DeepWalk 0.6026 0.6075 0.6085 0.6119
node2vec 0.6146 0.6281 0.6321 0.6194

(p=2, ¢=0.5)
node2vec 0.5858 0.5979 0.5982 0.6071
(user) INE 0.5849 0.5971 0.5915 0.5952
PTE 0.6015 0.6069 0.6097 0.6125
Metapath2vec 1 0.6063 0.6246 0.6347 0.6310
aHNE-NH 0.6331 0.6392 0.6397 0.6406
atHNE-NC 0.6071 0.6082 0.6252 0.6440
a*HNE 0.6534 0.6654 0.6715 0.6833
Doc2Vec 0.6507 0.6674 0.6787 0.6785
DeepWalk 0.7251 0.7316 0.7338 0.7378
node2vec 0.7243 0.7312 0.7312 0.7307

(p=2, q=0.5)
node2vec 0.7237 0.7320 0.7334 0.7344

. (p=0.5, ¢=2)
{Zﬁ;’z‘") LINE 0.7285 0.7314 0.7347 0.7371
CANE 0.7871 0.7920 0.7933 0.7971
PTE 0.7670 0.7712 0.7749 0.7799
Metapath2vec 1 0.7589 0.7653 0.7676 0.7655
a*HNE-NH 0.7674 0.7736 0.7746 0.7802
A4HNE-NC 0.7777 0.7846 0.7876 0.7868
a‘HNE 0.7958 0.7968 0.8027 0.7996
Doc2Vec 0.6652 0.6811 0.6938 0.6939
DeepWalk 0.8956 0.9003 0.9016 0.9015
node2vec 0.8986 0.9013 0.9043 0.9089

(p=2, q¢=0.5)
node2vec 0.8981 0.9023 0.9034 0.9061

: (p=0.5, ¢=2)
AMiner 1 op 0.8826 0.8869 0.8901 0.8914
(Paper) -\ \g 0.9206 0.9250 0.9249 0.9268
PTE 0.9342 0.9372 0.9390 0.9411

Metapath2vec++ 0.9349 0.9386 0.9402 0.9389

a*HNE-NH 0.9147 0.9185 0.9206 0.9242
a’HNE-NC 0.9155 0.9201 0.9231 0.9276
a‘HINE 0.9434 0.9462 0.9469 0.9502

The best results are in bold

A general observation from the results is that
a’HNE achieves the best performance on the two
datasets for classification. The constant gain
achieved by a*HNE over a*HNE-NH is around 2.4%—
3.7% for authors and around 2.8%-3.1% for papers
on the AMiner dataset. Furthermore, we can see
the support for the attributes and heterogeneity. On
one hand, a*HNE-NH already outperforms all the

baselines on HIK due to the importance of the at-
tributes; on the other hand, a*HNE gains further
improvement over aHNE-NH on both datasets by
leveraging heterogeneity. Also, the significance of
correlation is backed up by a*HNE to a*HNE-NC
with a relative improvement of at least 2.3% for au-
thors and 3.1% for papers.

6.3 Node clustering

The latent representations learned by embed-
ding methods can also be used for the node cluster-
ing task. The learned embeddings are input in the
k-means algorithm to cluster the nodes and the re-
sults are evaluated by the same label used for the
classification task in terms of normalized mutual in-
formation (NMI) (Sun et al., 2011). All clustering
experiments are conducted 10 times and the average
performance is reported.

Table 4 shows the node clustering results as
measured by NMI on both the HIK and AMiner
datasets. The proposed method has significantly
more impact on clustering than other methods. With
the combination of heterogeneity and cross-modal
attributes, a?HNE has a more encouraging improve-
ment than the simplified a*HNE-NH and a*HNE-
NC, which agrees with the classification results.

Table 4 Results of clustering on the HIK and AMiner
datasets

NMI value for clustering

Method HIK AMiner AMiner

(user) (author) (paper)

Doc2Vec - 0.2977 0.2251
DeepWalk 0.0192 0.3791 0.6001
node2vec (p=2, ¢=0.5)  0.0159 0.3852 0.6238
node2vec (p=0.5, ¢=2)  0.0184 0.3783 0.6245
LINE 0.0006 0.3792 0.5275
CANE - 0.4726 0.6684
PTE 0.0194 0.4358 0.6769
Metapath2vec++ 0.0301 0.4514 0.7014
a*HNE-NH 0.0352 0.4564 0.6493
a*HNE-NC 0.0312 0.4641 0.6921
a*HNE 0.0379 0.4992 0.7203

The best results are in bold

6.4 Cold-start problem

The cold-start problem occurs when there are
few edges between nodes in networks. We study
the performance by varying cold-start degrees and
repeating the link prediction experiments on the
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AMiner dataset, setting o from 5% to 25%. Be-
cause CANE cannot be applied on the HIK dataset,
we conduct cold-start analysis only on the AMiner
dataset to show the promotion by the attribute. The
results are shown in Fig. 3. Specifically, with the
same «, the results of DeepWalk, node2vec, and
LINE do not yield significant differences. For con-
venience, we show only the DeepWalk results for
comparison.

As shown in Fig. 3, both a*HNE and CANE gain

1.00
0.95
0.90

DeepWalk -+ CANE -~ PTE -~ Metapath2vec++-=Ours

0.85
0.80
8075
<
0.70

0.65
0.60
0.55
0.50

5% 10% 15% 20% 25%
a

Fig. 3 Results of cold-start prediction on the AMiner
dataset
References to color refer to the online version of this figure

¢ Computing systems
Theoretical computer science
Computer networks & wireless communication

()

Computer graphics .
Human-computer interaction °
Computational linguistics

greater improvements over the structure-only meth-
ods for lower . So, in the cold-start scenario, the
attribute information is valuable for remedying the
insufficiency of the network structure information.
In particular, a*HNE achieves the best results when
a > 15% but CANE performs better when o = 5%
or 10%. We believe the reason is that the a*HNE at-
tribute encoder network for cross-modal attributes is
more complex than the CNN of CANE for only tex-
tual attributes. Thus, the attribute encoder network
does not fully converge when sampling on the small
edge set. It is also demonstrated by the higher per-
formance improvement rate of a*HNE versus CANE
with the increase of a.

7 Qualitative analysis via visualization

Visualization, which shows the layout of a net-
work on a two-dimensional (2D) space, can provide
some intuition about the performance of network em-
beddings. We project the embeddings learned by
different methods to a 2D space using the t-SNE
package (van der Maaten and Hinton, 2008) for au-
thors and papers in the AMiner dataset (Fig. 4). We
show the visualization of a*HNE and two compared
algorithms with better results than baselines on the
classification task, i.e., PTE and CANE.

Computer vision & pattern recognition
Databases & information systems

()

Fig. 4 Visualization results on the AMiner dataset. PTE (a), CANE (b), and a*HNE (c) are results for
authors; PTE (d), CANE (e), and a*HNE (f) are results for papers. References to color refer to the online

version of this figure
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For the author results on the AMiner dataset
in Figs. 4a—4c, PTE can basically identify human-
computer interaction (green), computer networks &
wireless communication (yellow), computational lin-
guistics (pink), databases & information systems
(gray), and computer graphics (coral). However, it
mixes the computing systems (red), theoretical com-
puter science (blue), and computer vision & pattern
recognition (purple). CANE and a’HNE perform
better because the nodes with the same colors are
distributed more closely, especially for blue and pur-
ple points. Moreover, compared to CANE which
maps the blue points to the center area and thus
intersects with all the other areas, a*HNE distin-
guishes the blue points from coral, pink, and yel-
low points, satisfying the real scenarios that theo-
retical computer science has little intersection with
the three groups (computer graphics, computational
linguistics, and computer networks & wireless com-
munication). Figs. 4d-4f show that the visualization
of papers on the AMiner dataset leads to similar re-
sults. Particularly, we can see that the boundaries of
all the groups labeled by a*HNE (Fig. 4f) are clearer
than those of CANE (Fig. 4e). Thus, a’HNE’s abil-
ity to learn meaningful embeddings for real-world
networks is intuitively demonstrated.

8 Parameter sensitivity

In this section, we investigate the performance
of three mining tasks with regard to parameter di-

mum results can be achieved when d = 256 on the
HIK dataset and d = 128 on the AMiner dataset.
We also analyze the two hyper parameters (8o
and (1) of our model, where fy is the weight of at-
tribute resemblance in Eq. (3), and 1 denotes the
Table 5 shows the
performance of classification on the HIK dataset as

weight of correlation in Eq. (4).

We can see
that choosing 81/5p = 10 can achieve a better per-
formance of a*HNE on the HIK dataset.

the other results have similar trends.

9 Discussion
9.1 Importance of attribute information

Experiments and applications of a*HNE cer-
tainly prove that the attribute information is signif-
icant for performance improvement of network em-
bedding. Specifically, for an information network
with insufficient structure, i.e., implicit edge seman-
tics or few edges, the effect of attribute informa-
tion cannot be ignored. Specifically, it involves three
aspects:

1. As the experiments show, the boost brought
by a*HNE on the AMiner dataset is less than that
on the HIK dataset. By a careful investigation, we
think that the relationships in the AMiner dataset
can be used to predict behaviors directly, which

Table 5 Hyper-parameter analysis on the HIK
dataset (Tr = 50%)

Results of hyper-parameter analysis

Weight
mension d on both HIK and AMiner datasets. In £1=0.01  B1=0.1 Bi=1 B1=10
Fig. 5, we cz'm see t.hat the performance remains sta- 5o—0.01 06354 0.6490 0.6420 0.6375
ble, only slightly influenced by the number of at- Bo=0.1 0.6470 0.6404 0.6654 0.6553
tribute types. For the small number of attribute Bo=1 0.6172 0.6473 0.6504 0.6561
types on the AMiner dataset, excessively large di- Po=10 i e 0.6385 s
mension causes a little performance loss. The opti- The best results are in bold
1.0 1.0 0.9
(a) —@— HIK—¥— AMiner (b) —e—user—y— Author Paper 0.8 (C) —e—User—y— Author Paper
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Fig. 5 Parameter sensitivity study: (a) link prediction, a = 50%; (b) classification, Tr =50%; (c) clustering
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can be handled by all baseline methods. However,
the edge in the HIK dataset has no such explicit
semantics. For example, two authors linked by a co-
author edge in the AMiner dataset, meaning that the
authors have collaborated on a paper, they may have
the same research field. Users in the HIK dataset
who follow each other on the website does not mean
that they have the same travel interests. The implicit
attributes like age and occupation play an important
role in predicting behaviors.

2. In the cold-start scenario in which the infor-
mation network contains few edges, both a*HNE and
CANE, which consider the attribute information, no-
tably outperform the structure-only methods.

3. The attribute information can be used to
directly generate the representation of the “new
comer.” We conduct a case study to show this is-
sue. We randomly select some nodes in the network
and remove all their edges to eliminate the structure
information. Then we put their attributes into the
trained attribute encoder network and use the latter-
only operator o to generate their embeddings. As a
result, these nodes can be classified into the correct
group by the trained logistic regression classifier. An
example is shown in Fig. 6. A new author C' without
edges is classified in the same research field as A and
B (human-computer interaction) based on similar
attributes.

In conclusion,
should consider more about the attribute informa-

we suggest that researchers

tion when constructing information networks besides
the HBN for human potential behavior prediction.

#name: Jarmo Kauko A
#pc: 7 #cn: 11 #hi: 2
#pi: 3.9167 #upi: 3.1597
#t: large display;

mobile device;

mobile context;

mobile pointer;

mobile touch screen;
interaction method;
easier mobile access;
mobile device setup;
mobile game

#name: Aaron J. Quigley B
#pc: 51 #cn: 186 #hi: 6
#pi: 64.3000 #upi: 46.6267
#t:interaction technique;
| implicit group;

relational information;
application paper;
interactive display;
multiple display;

user interface;

visual attention switch

#name: Friederike Otto c
#pc: 1 #cn: 26 #hi: 1 #pi: 6.5000 #upi: 7.0417

#t: mobile phone; key stroke-level model;

advanced mobile phone interaction; mobile device;

average time user; expert user performance;

user performance time

Fig. 6 An example of using only attribute informa-
tion to generate the representation of a “new comer.”
There exists a co-author relationship between author
A and author B. Author C is a new author who is
not in the training dataset

9.2 Downstream applications

In previous sections, we explained applications
of the proposed a*HNE by two real normal human
behavior social systems, i.e., the tourism website and
the academic network. As a matter of fact, in some
scenarios of bad behaviors, the action is more diffi-
cult to observe due to individuals’ deliberate conceal-
ment. Thus, the structure information in their HBN
is more insufficient and a*HNE can play a greater
role (the HIK dataset actually involves one kind of
bad behavior).

For example, it is crucial for an unsecured micro-
credit loan platform to know whether a user will
repay a loan. The registered user of the platform
can be treated as human in the HBN and the action
stands for repaying a loan. The profile of a user in-
cludes gender, age, education, income, etc., and the
attributes of a loan include the amount of money,
currency, deadline, interest, etc. The relationship of
two users is derived from the communication and in-
tersection between them, like the call logs. However,
the communication and intersection information is
not easily accessible for the platform. So, a*HNE is
a better choice to make most of the attributes.

Moreover, a*HNE is a network embedding
method and the representation generated by it can
be used in various downstream applications, such
as recommendation and anomaly detection in social
computing.

10 Conclusions and future work

We have studied the problem of using social
information to predict potential human behavior,
i.e., predicting potential individuals who may
take specific actions (link prediction) and further
categorizing them into specific groups (classification
or clustering). To this end, we have first constructed
the HBN from mass humans and actions informa-
tion, and then proposed a*HNE, a novel network
embedding method that handles the HBN. a*HNE
embeds nodes in the HBN into a common space
that makes full use of all the relationships, at-
tributes, and types of nodes. Extensive experiments
demonstrated that a*HNE is effective and robust for
various heterogeneous information network mining
tasks for human potential behavior prediction.
In future work, we plan to generalize our model
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for more sophisticated heterogeneous information
networks in which there exist more than one link
indicating a variety of relationships between node
pairs.
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