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Networked data, generated by social media, presents opportunities and challenges to the study of collective
behaviors in a social networking environment. In this paper, we focus on multi-label classiﬁcation on networked
data, for which behaviors are represented as labels and an individual can have multiple labels. Existing relational
learning methods exploit the connectivity of individuals and they have shown better performance than traditional multi-label classiﬁcation methods. However, an individual’s behavior may be inﬂuenced by other factors,
particularly personal preference. Hence, we propose a novel approach that integrates causal analysis into multilabel classiﬁcation to learn collective behaviors. We employ propensity score matching and causal eﬀect estimation to distinguish the contributions of peer inﬂuence and personal preference to collective behaviors and
incorporate the ﬁndings into the design of the classiﬁer. We further study behavior heterogeneity across subgroups in social networks, as people with diﬀerent demographic features may behave diﬀerently due to diﬀerent
impacts of peer inﬂuence and personal preference. We estimate conditional average causal eﬀects to analyze the
impacts of peer inﬂuence and personal preference in diﬀerent subgroups in social networks. Experiments on realworld datasets demonstrate that our proposed methods improve classiﬁcation performance over existing
methods.

1. Introduction
The advancement in social networks has produced massive amount
of networked data. Increasing attention has been paid to the learning of
human collective behaviors from networked data. For example, given
some individuals’ behaviors (e.g. adoption of certain products), how to
infer the others’ behaviors in the same social network. This can be
considered as a classiﬁcation problem where individuals’ behaviors are
the labels and the task is to learn a classiﬁer from the labeled individuals, which then can be used to predict the behaviors of the other
individuals.
A key challenge to networked data classiﬁcation is that instances in
the data are not independently identically distributed (i.i.d.) [1]. Individuals in a social network interconnect through diﬀerent types of
links. Conventional approaches, which usually assume that the individuals or instances are i.i.d., often have unsatisfactory performances
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with the data [2]. Relational learning (RL) has been proposed to address
this problem by utilizing the connectivity between individuals [3,4].
Many studies have shown that the RL methods have better performance
than traditional classiﬁers [5–7].
However, some existing RL methods only consider peer inﬂuence,
without taking into account other factors. Peer inﬂuence is deﬁned as
how one’s behaviors change with the change of his/her friends’ behaviors [8]. In a networked dataset, an individual’s friends are those directly connected to the individual in the network. However, peer inﬂuence may only provide partial information for correct labeling, since
other factors, particularly an individual’s personal preference can play an
important role in their behaviors. In this paper, we use the term personal preference to represent the tendency of a person to have certain
behavior (i.e. class label) as a result of his/her characteristics or personality. For instance, some people buy iPhones because they are Apple
fans, instead of just being inﬂuenced by their friends. We consider
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However, no study has been done on such heterogeneity for collective behavior learning from networked data. In learning collective
behaviors in social networks, we are interested in similar questions
regarding the heterogeneity in diﬀerent subgroups. For example, for a
female, is her friends’ adoption of iPhones more likely to increase the
chance for her to adopt an iPhone than for a male? Diﬀerent people
with diﬀerent demographic features may behave diﬀerently due to
diﬀerent impacts of peer inﬂuence and personal preference. Therefore
considering the heterogeneity of causal eﬀects of peer inﬂuence and
personal preference in diﬀerent subgroups can help with accurate
identiﬁcation of their contributions to collective behaviors.
In this paper, we present MCPP, the Multi-label Classiﬁcation algorithm which distinguishes Peer inﬂuence and Personal preference.
We innovatively apply propensity score matching to identify and
quantify the causal eﬀect of peer inﬂuence on a node’s labeling and thus
to obtain the weights of peer inﬂuence and personal preference regarding their respective contributions to the labeling of a node. The
weights are then used in the design of a multi-label relational classiﬁer.
We further propose (MCPPS), the Multi-label Classiﬁcation algorithm
which distinguishes Peer inﬂuence and Personal preference in
Subgroups to learn collective behavior while taking heterogeneity of
subgroups into consideration. We use real social network datasets in
our experiments. The results demonstrate that our proposed approaches
can improve the performance of networked data classiﬁcation.
The principal contributions of this paper as be summarized as follows:
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Fig. 1. A simple example of classiﬁcation on networked data.

individuals with similar personal preference due to similar personality
or characteristics tend to behave similarly, and the more similar two
individuals are in their personal preference, the more likely they have
the same behavior.
Although some existing RL methods consider both peer inﬂuence
and the eﬀects of personal preference, they do not distinguish the impacts of these two factors and consider that the contributions of these
two factors are equal. Therefore, it is necessary to develop new method
to consider both factors and distinguish their contributions. We use the
example in Fig. 1 to show the eﬀects of peer inﬂuence and personal
preference on classiﬁcation. There are two labels, A and B, and a node/
individual’s characteristics are indicated by node color. In this example,
Node 1 has both two labels A and B. Node 2 connects to Node 1 and two
other unlabeled nodes. Assume that Node 2 has one label only (label A
or B), and our task is to label (classify) Node 2. Connectivity-based
methods would classify Node 2 to have the same labels as Node 1 (both
A and B) based on the connectivity, because in Node2’s neighbors, only
Node1’s labels are known. However, an individual’s behavior is not
only a result of peer inﬂuence, but also due to personal preference. We
can use personal preference to provide extra information for classiﬁcation. Assume that Node2’s characteristics are more similar to those of
the nodes with label A than the nodes with label B. We can infer that
Node 2 should have higher probability to be assigned label A, because
Node2’s personal preference is more similar to the nodes with label A.
From this example, we see that it is important to distinguish personal preference from peer inﬂuence and use both for classiﬁcation.
However, it is challenging to model and quantify the impacts of the two
factors in networked data classiﬁcation. For instance, in the context of
adoption of iPhones, peer inﬂuence is associated with the presence of
iPhone adopters in one’s friends (called adopter friends hereafter).
Personal preference is associated with having similar personal preference with other people. However, as the impacts of peer inﬂuence
and personal preference are intertwined, it is diﬃcult to estimate how
much one’s behavior is due to the inﬂuence of adopter friends and how
much is a result of personal preference only.
Furthermore, the impacts of peer inﬂuence and personal preference
vary across diﬀerent subpopulations in social networks. There has been
some work studying the behavioral heterogeneity [9–12]. For instance,
political scientists and campaign professionals have conducted randomized experiments to investigate whether phone calls or in-person
conversations are more eﬀective at increasing candidate support. They
considered research questions related to heterogeneity of subpopulations, e.g. “Do phone calls increase candidate support more from the
female subpopulation than from the male subpopulation?” and “How
does the eﬀectiveness of phone calls change across subpopulations at
diﬀerent ages?” [13].

- We propose a causal analysis approach to distinguishing the contributions of peer inﬂuence and personal preference to the collective
behaviors in a social network environment, and we provide a
method to examine the heterogeneity of peer inﬂuence and personal
preference by estimating the conditional average causal eﬀect in
diﬀerent subgroups.
- We design two multi-label classiﬁcation algorithms based on the
ﬁndings of the causal analyses. That is, we use the estimated causal
eﬀects of peer inﬂuence and personal preference to weight their
respective contributions to the class membership probabilities
(whereas existing methods either only consider a single factor or use
equal weights for the two factors). We also show the eﬀectiveness of
the algorithms by making a comparative study with the state-of-theart methods for networked data classiﬁcation.
2. Problem deﬁnition
Let  = ( V, E, C, F) represent a social network, where V is the set of
nodes denoting individuals and E the set of undirected edges denoting
the relationships between the nodes; C is the set of labels each for a
behavior in  ; and F is the set of features describing an individual. For a
node v ∈ V, N ⊂ V denotes the set of neighbor nodes directly linked to
v.
The behaviors studied here refer to the collective behaviors shared
by a group of individuals in a social network, e.g. buying a product. For
C ={c1, c2, …, cm}, the behaviors of an individual v ∈ V can be described
by a binary vector, l= (l c1, l c2, …, l cm ), where l ck = 1 if ck ∈ C is a label of
v; otherwise l ck = 0 . For instance, if C= {c1, c2, c3}, representing the three
behaviors considered in a social network, e.g. buying an iPhone, a
Samsung or Sony phone, then l= (0, 1, 0) indicates that v bought a
Samsung phone.
Our goal is to predict individuals’ behaviors based on the observed
behaviors of other individuals in the same social network. The major
problem addressed in this paper can be deﬁned as follows.
Problem Deﬁnition. Given  = ( V, E, C, F), and assume that ∀v′ ∈
V′ where V′ ⊂ V, its behavior vector l′ is known. The goal of this paper
is to predict the behavior vector l for each v ∈ ( V∖V′).
We consider that peer inﬂuence and personal preference are the two
major factors impacting individuals’ behaviors, and in our design of the
234
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multi-label classiﬁer, we take both factors into account.
To represent the probability of a label c belonging to a node v due to
Peer Inﬂuence, we use Ppi (l c ) . To represent the probability of c belonging to v due to Personal Preference, we use Ppp (l c ) . Let αc and βc
stand for the weights for the contributions of peer inﬂuence and personal preference on label c, respectively, and we assume α c + β c = 1.
Our method estimates P(lc), the overall class membership probability of
label c belonging to v as:

P (l c ) = α cPpi (l c ) + β cPpp (l c )

Table 1
Summary of mathematical symbols.

V
E
C
F
f

(1)

l

This seemingly simple formulation is a novel contribution in networked
data classiﬁcation. Existing methods either do not consider personal
preference (β c = 0), or use equal weights for the two factors (α c = β c ),
and assume that the values of αc and βc are unchanged for all labels.
Connectivity based methods assume that P(lc) is only aﬀected by the
nodes connected to v (β c = 0), i.e. they only use peer inﬂuence. The
wvRN algorithm [4] is one of the most successful connectivity based
methods. It predicts the labels of a node based on the labels of the
node’s immediate neighbors. Speciﬁcally, wvRN estimates P(lc) as the
mean of the class membership probabilities of v’s neighbors. The model
can be described as:

P (l c )

= Ppi

(l c )

V′
αc
βc
Ppi (l c )

Ppp (l c )
P(lc)
Tc

Y1
Y0
ACEc

(2)

Some methods consider both peer inﬂuence and personal preference,
but assuming equal contributions by them (α c = β c ). For example, the
SCRN algorithm [14] extends wvRN by introducing a class propagation
probability calculated based on the similarity between the features of
node v’s and the reference features for label c. So the propagation
probability indicates the inﬂuence of personal preference. Then SCRN
estimates P(lc) based on the labels of its immediate neighbors and the
class propagation probability as:

P (l c ) = Ppi (l c ) Ppp (l c )

Yobs
X
U
PSc
CACEc
d(v)
N
w(v, v′)
S
γ
P(lc| S)

(3)

Moreover, for diﬀerent labels, the contributions of peer inﬂuence and
personal preference are diﬀerent. For example, considering buying an
iPhone vs. choosing a restaurant, in the former case, the inﬂuence of
personal preference is often larger. Therefore, estimating the distinct
contributions of peer inﬂuence and personal preference for diﬀerent
labels is very important. Our formulation captures the diverse roles of
the two factors for diﬀerent labels by αc and βc, whose values depend on
the value of label c.
For ease of reference, Table 1 lists the main symbols used in this
paper and their meanings.
As discussed previously, in diﬀerent subgroups, the contributions of
peer inﬂuence and personal preference can be diﬀerent. Therefore, in
this paper, we also study the heterogeneity and consider it in classiﬁer
design.
Human behaviors are fundamentally a causal process. Hence, we
take a causal approach to estimate the impacts of personal preference
and peer inﬂuence. We will describe the proposed causal approach in
the next section.

f Sc
cos( f, f′)

a social network,  = ( V, E, C, F)
node set of , V = {v1, v 2, …, vn}
edge set of , E⊆ V × V
label set of , C= {c1, c2, …, cm}
feature set of , F= {F1, F2, …, Fq}
the feature vector of v ∈ V, f= (f1 , f2 , …, fq ), where fi is a value of Fi ∈
F (1 ≤ i ≤ q)
the binary label vector of a node v ∈ V, l=(l c1, l c2, …, l cm), l ci = 1
(1 ≤ i ≤ m) if ci ∈ C is a label of v and l ci = 0 otherwise
the subset of nodes whose labels are known
the weight for the contribution of peer inﬂuence on label c
the weight for the contributions of personal preference on label c
the probability of label c belonging to a node v ∈ V due to Peer
Inﬂuence
the probability of the label c belonging to a node v ∈ V due to
Personal Preference
the overall class membership probability of label c belonging to a
node v ∈ V
the binary variable representing the treatment status of a node v ∈ V,
T c = 1 if v is treated (i.e. has one or more neighbors with label c) and
T c = 0 otherwise
the potential outcome of v receiving the treatment (T c = 1)
the potential outcome of v without receiving the treatment (T c = 0)
the average causal eﬀect of Tc on v ∈ V. By deﬁnition,

ACE c = E (Y1) − E (Y 0)
the observed outcome of Tc on v ∈ V
the set of covariate variables, and X ⊂ F
the set of features specifying a subgroup, and U ⊂ F
the propensity score of an individual v ∈ V (for whom X = x)
receiving treatment Tc
conditional average treatment eﬀect of Tc on v ∈ V in a subgroup U =
u
the degree of a node v ∈ V
the set of all neighboring nodes of v ∈ V
the weight v′ ∈ N, of a neighboring node of v, when classifying v
the set of nodes with similar feature values as v
ratio parameter controlling the number of similar nodes
the probability of a node in S that is labeled with c
the mean feature value of the nodes in S that are labeled with c
the cosine similarity between nodes v and v′ whose feature vectors are
f and f′ respectively

causal eﬀect of peer inﬂuence. Comparing to correlation analysis,
causal approaches assess the eﬀect of a cause variable on the outcome
while eliminating the inﬂuence of other factors, enabling us to have a
“purer” estimation of peer inﬂuence.
Peer inﬂuence is deﬁned as how one’s behaviors change with the
change of his/her friends’ behaviors. Therefore, we consider having
adopter friends (peer inﬂuence) as the treatment to an individual, and
the individual’s adoption behavior as the outcome. For a given label c
and an individual v, let Tc be the treatment variable as deﬁned below:

1, v has one or more neighbors with label c
Tc = ⎧
⎨
⎩ 0, otherwise
Each individual v has two potential outcomes: Y1, the potential
outcome of v receiving the treatment (T c = 1), and Y0, the potential
outcome of v not receiving the treatment (T c = 0 ). Then the causal effect of Tc on v’s behavior regarding label c is:

3. Methods
As shown in Eq. (1), our method estimates P(lc), the overall class
membership probability of v having label c, based on the contributions
of peer inﬂuence and personal preference, weighted by αc and βc respectively. In this section, we ﬁrstly present how to estimate αc and the
βc (Section 3.1) using the causality based approach. Then we describe
how to calculate the probabilities due to the two factors, Ppi (l c ) and
Ppp (l c ), respectively (Section 3.2).

CE (T c ) = Y 1 − Y 0

(4)

When we aggregate the causal eﬀect on all individuals, we have the
average causal eﬀect (ACE) of Tc as:

ACE c = E (Y 1) − E (Y 0)

3.1. Estimating the contributions of peer inﬂuence and personal preference

(5)

However, in reality, each individual only has one outcome, i.e. we
cannot observe the adoption behaviors of the same individual with and
without adopter neighbors at the same time. We can only observe either
Y1 or Y0 for each individual. Therefore to estimate causal eﬀects,

3.1.1. Quantifying the two factors without considering heterogeneity
We follow the potential outcome model [8,15] to estimate the
235
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group in the subpopulation as follows:

matching methods [8,16] are often used to obtain a treated group
(individuals with T c = 1) and a control group (individuals with T c = 0 )
such that the distributions of the covariates (denoted as X) in the two
groups are similar. In this way, individuals in the two groups have similar characteristics (described by the covariates) except their status of
getting treatment Tc. Hence the eﬀects of the covariates on the outcomes can be eliminated, and we can estimate ACEc as the diﬀerence in
the average (observed) outcomes of the two groups:

ACE c = E (Y obs T c = 1) − E (Y obs T c = 0)

α xc =
=

(6)

βuc = 1 − αuc = 1 −

CACEuc
E (Y obs T c = 0, U = u )
=
T c = 1, U = u )
E (Y obs T c = 1, U = u )

In this section, we present our approach for estimating Ppi (l c ) and
Ppp (l c ) . We ﬁrstly present the estimation without considering heterogeneity in diﬀerent subgroups in Section 3.2.1, then we describe the
method when the heterogeneity is considered in Section 3.2.2.
3.2.1. Class membership probabilities without considering heterogeneity
3.2.1.1. Estimating Ppi (l c ) . Peer inﬂuence aﬀects the likelihood for one
to have the same behavior as the peers. It is reasonable to assume that
the degree of peer inﬂuence on node v to have label c is related to the
number of v’s peers with label c, and the importance of the peers. The
more neighbors of v having a certain label, the larger the peer inﬂuence
v may receive from the neighbors, and thus the higher the likelihood for
v to have the same label. Furthermore, the more important a neighbor
of v is, the larger the inﬂuence the neighbor would have on v’s decision,
increasing the likelihood for v to have the same label as the neighbor.
In a social network, generally a node with higher degree has more
labels than a node with lower degree. Traditional relational learning
methods consider that the high degree nodes have large inﬂuence in a
social network, so when calculating the weight of a node, larger weights
are assigned to nodes of higher degree. However, some researchers [19]
argued that comparing with a small number of high degree nodes, a
large number of low or medium degree nodes should be considered
more reliable in classiﬁcation as discussed below.
Since a node with a large number of labels may be more likely to
have irrelevant labels (label noise), we consider that nodes of high
degree contain high label noise when we use them in classifying low
degree nodes. Conversely, low or medium degree nodes are reliable
when they are used in classifying high degree nodes, since they introduce smaller label noise. Therefore, we assign larger weights to low
or medium degree nodes. When node v′ is used in the classiﬁcation of
node v, we deﬁne the weight of v′, w(v, v′) as:

(7)

(8)

After the weight of peer inﬂuence is estimated, we consider that the
remaining contribution to one’s behavior is from personal preference.
Therefore, we estimate the weight of personal preference as the remaining portion of the overall contribution:

w (v, v′) =

(9)

1
d (v′)

(13)

where d(v′) is the degree of v′ and the range of w(v, v′) is (0,1].
Therefore, given v’s neighboring nodes, N, we estimate Ppi (l c ) as:

3.1.2. Quantifying the two factors when considering heterogeneity
In this section, we study how peer inﬂuence (and personal preference) would vary in diﬀerent subgroups of population, by estimating
the Conditional Average Treatment Eﬀect of peer inﬂuence, Tc, in each
of the subgroups described by the set of features U ⊂ F [18]:

CACEuc = E (Y obs T c = 1, U = u ) − E (Y obs T c = 0, U = u )

E (Y obs

3.2. Estimating class membership probabilities

Propensity scores are commonly estimated using logistic regression
[17].
When applying propensity score matching, for each label c, for each
treated node v, i.e. a node has 1 or more neighbors with label c, we
choose an untreated individual v′ such that among all the untreated
nodes, the propensity score of v′ is the closest to v’s propensity score.
Then we add v to the treated group and v′ to the control group. Finally
we use the dataset only containing the matched samples in causal eﬀect
estimation.
We are interested in the relative contributions of peer inﬂuence and
personal preference instead of their absolute causal eﬀects. Therefore,
we estimate the weight of peer inﬂuence, αc using the ratio of ACEc
(contribution to the outcome/behavior purely due to peer inﬂuence) to
the observed average outcome in the treated group:

E (Y obs T c = 0)
ACE c
βc = 1 − αc = 1 −
=
E (Y obs T c = 1)
E (Y obs T c = 1)

(11)

(12)

Deﬁnition 1 (PROPENSITY SCORE). Let Tc be a binary treatment and X
the set of covariates. The propensity score of an individual v (for whom
X = x ) is deﬁned as the conditional probability of the individual
receiving the treatment given X = x :

E (Y obs T c = 1) − E (Y obs T c = 0)
ACE c
=
c
c
E (Y T = 1)
E (Y c T c = 1)

E (Y obs T c = 1, U = u ) − E (Y obs T c = 0, U = u )
E (Y obs T c = 1, U = u )

as the reWe can then estimate the weight of personal preference,
maining portion of the overall contribution in the subgroup:

where Y is the observed outcome of a node.
In a social network, normally the dimensionality of the feature set is
high, thus using the above illustrated exact matching on all features will
result in small treatment and control groups as many unmatched samples are dropped. Instead of matching on all features, the propensity
score summarizes the features of an individual into one single value (a
scalar), and matching based on propensity score [17] has been shown to
be eﬀective for high-dimensional datasets. Therefore, in this paper, we
use propensity score matching.

αc =

CACExc
T c = 1, U = u )

βuc

obs

PS c = P (T c = 1 X = x)

E (Y obs

Ppi (l c ) = P (l c N ) =

1
z

∑
v′∈ N

w (v, v′) × P (l′ c )
(14)

where z = ∑v′∈ N w (v, v′), is the normalization factor and P(l′c) is the
probability of the label c belonging to v′. We use collective inference
[4,14] to estimate the probability for unlabeled nodes. When we calculate the probabilities, the labels of a nodes neighbors are updated
dynamically. That is, once we have obtained the estimation of P(lc),
then the probability will be used in the estimation of another unlabeled
node’s probabilities if v is in the other unlabeled node’s neighborhood.

(10)

For the above estimation, we still utilize propensity score matching to
obtain the treated group (T c = 1) and the control group (T c = 0 ), but in
a subgroup instead of the whole population.
Similar to the case in the whole population, in each subgroup, we
are also interested in the relative contributions of peer inﬂuence and
personal preference. So we estimate the weight of peer inﬂuence, αuc
using the ratio of CACEuc to the observed average outcome in the treated

3.2.1.2. Estimating Ppp (l c ) . It is reasonable to assume that two
individuals are more likely to have similar labels, if they have similar
personalities (no matter whether they are linked or not). Hence, in
236

Knowledge-Based Systems 159 (2018) 233–243

Z. Zhang et al.

order to estimate Ppp (l c ), we can ﬁnd a set of nodes with similar features
as v, denoted as S, using cosine similarity:

S = {v′ cos (f , f ′ ) > γ }

output is the overall class membership probabilities for all unlabeled
nodes.
MCPP iteratively updates the overall class membership probabilities
of all v ∈ ( V∖V′) using the model deﬁned in Eq. (18). A collective inference procedure is utilized to propagate label information through the
network. The procedure terminates when one of the stopping criteria is
met: no change in the labels assigned to nodes in V∖ V′ or the speciﬁed
Max _Iter has been reached.
Module 1 of Algorithm 1 (Lines 1–11) is to estimate αc and βc using
the labeled nodes, V′. For each label c, we deﬁne and initialize two sets
VT′ c = 1 and VT′ c = 0 for the (matched) treated and control groups (Lines 1
and 2). Then we divide V′ into two disjoint parts V1′ and V0′ based on the
value of the treatment variable by putting nodes having 1 or more
neighbors with label c intoV1′, and nodes having no neighbors with label
c intoV0′ (Line 3). The propensity score of each labeled node is then
computed (Lines 4 and 5). For each vi ∈ V1′, we choose vj ∈ V0′ whose
propensity score is the closest to the propensity score of vi, then we put
the matched pair, vi into VT′ c = 1 and vj into VT′ c = 0 (Lines 6–9). At the end
of the Module, using the matched treated and control groups, we estimate αc and βc according to Eqs. (8) and (9) (Line 10).
Module 2 (Lines 12–14) is to identify the similar nodes for each
unlabeled node based on cosine similarity, as speciﬁed in Eq. (14).
Module 3 (Lines 15–25) is for estimating class membership probability of each unlabeled node. Firstly, the class membership probabilities due to peer inﬂuence (Ppi (l c ) ) and personal preference (Ppp(lc))
are estimated according to Eqs. (14) and (17), respectively. Then using
these two probabilities and the weights, αc and βc obtained in Module 1,
ﬁnally we estimate the overall class probability P(lc) according to Eq.
(18).

(15)

where f and f′ are the feature vectors of v and v′ respectively, and γ is a
ratio parameter controlling the number of similar individuals.
Then the estimation of Ppp (l c ) depends on two factors: (1) number of
nodes in S that have label c. The larger the number, the more likely v is
labeled with c; (2) the degree of similarity between v and nodes in S
labeled with c.
We ﬁrstly estimate P(lc|S), the probability of a node in S having
label c as:

P (l c S ) =

1
S

∑

P (l′ c S )
(16)

v′∈ S

We use the cosine similarity between f and f S c , the mean feature of the
nodes in S that are labeled with c, to estimate the similarity between v
and the nodes in S that are labeled with c. Then we have:

Ppp (l c ) = P (l c S ) × cos(f , f S c )
where f S c =

1
S

(17)

c

∑v′∈ S P (l′ = 1) × f .

3.2.1.3. Estimating P(lc). We can estimate the overall class membership
probability of node v belonging to class c, P(lc), based on αc, βc, Ppi (l c )
and Ppp (l c ) as follows:

P (l c ) = α cPpi (l c ) + β cPpp (l c )
1
= αc ×
∑ w (v, v′) × P (l′c ) + β c × P (lc S ) × cos(f , f S c )
z v′∈ N
(18)

3.3.2. MCPPS
Like MCPP, MCPPS (see Algorithm 2) iteratively updates the class
probabilities of nodes in V∖V′ until all label classiﬁcations between
iterations are stable or the user speciﬁed Max _Iter is reached.
In Module 1 of Algorithm 2, we ﬁrst stratify the dataset into disjoint
subgroups based on U (Line 1). For each subgroup U = u, we estimate
αuc and βuc using the same steps for estimating αc and βc in MCPP
(Algorithm 1), within the subgroup. In Module 2, in each group, for
every node in the group, we identify its similar nodes (Lines 8–12).
Then in Module 3, we estimate the overall class membership probability
for each unlabeled node by following the same steps of Module 3 in
MCPP (Lines 13–22).

3.2.2. Calculating class membership probabilities when considering
heterogeneity
In order to estimate the overall class membership probability of
nodes in diﬀerent subgroups, ﬁrstly we stratify the dataset into subgroups based on the stratifying features U. Then for each subgroup, we
use Eqs. (11) and (12) to estimate the weights of peer inﬂuence and
personal preferences in the subgroup. Furthermore, Ppi (l c ) and Ppp (l c ),
class membership probabilities due to peer inﬂuence and personal
preference are estimated by following Eqs. (14) and (17), respectively,
however, regarding the subgroup only. That is, in Eq. (14), the neighbors of node v and in Eq. (17) the set of nodes similar to v, are all within
the subgroup.
Finally, for a node v in subgroup U= u, we estimate its overall class
membership probability of have label c, P(lc) as follows:

4. Experiments
4.1. Datasets

P (l c ) = αuc Ppi (l c ) + βuc Ppp (l c )
1
= αuc ×
∑ w (v, v′) × P (l′c ) + βuc × P (lc Su) × cos(f , f Suc )
z v′∈ N

We use three real-world multi-label relational datasets, MOD,
BlogCatalog and DBLP to evaluate the classiﬁcation performance of our
proposed algorithms. A summary of the three datasets can be found in
Table 2.
The MOD (Movies-on-Demand) dataset is collected from a telephone
company which oﬀers telephone and Movies-on-Demand service. The
dataset gives us the great opportunity to study the heterogeneity of
personality and peer inﬂuence since it contains user information
(anonymized). MOD consists of 10,284 users and each user is represented by a node. Two users are linked together if they have at least
two phone calls in 2013. We use the 15 most popular movies in 2013 as
labels. A user has a label if he/she has purchased a movie, and each user
can have multiple labels. Our task is to classify users. For each user, we
construct the feature vector with 15 attributes, such as gender, age, and
contact language.
The BlogCatalog dataset 1 is collected by Tang and Liu [20]. This

x

(19)
3.3. Algorithms
Based on the discussions in previous sections, in this section, we
propose the two algorithms for collective behavior learning, ﬁrstly the
Multi-label Classiﬁcation algorithm by distinguishing Peer inﬂuence
from Personal preference (MCPP), then the Multi-label Classiﬁcation
algorithm by distinguishing Peer inﬂuence from Personal preference in
Subgroups (MCPPS).
3.3.1. MCPP
As shown in Algorithm 1, the input of MCPP includes the networked
data  (the set of nodes V, the set of edges E, the set of labels C and the
set of features F for all nodes), the label vector l′ for each labeled node v′
in V′ ⊂ V, and the maximum number of iterations Max _Iter . The

1

237

http://leitang.net/social_dimension.html

Knowledge-Based Systems 159 (2018) 233–243

Z. Zhang et al.

Algorithm 1. Multi-label classiﬁcation by distinguishing peer inﬂuence from personal preference (MCPP).

categories he/she publishes blogs in. The BlogCatalog dataset uses 39
categories as labels. An blogger has a label if he/she has published a
blog in the corresponding category and each blogger can have multiple
labels. Our task is to classify bloggers. The BlogCatalog dataset does not

dataset contains a network consisting of 10,312 bloggers who have
submitted their blogs to BlogCatalog. In this network, a blogger is represented by a node, and two bloggers are linked together if they are
friends in BlogCatalog. A bloggers interests could be gauged by the

Algorithm 2. Multi-label classiﬁcation by distinguishing peer inﬂuence and personal preference in subgroups (MCPPS).
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[14]. For a fair comparison, we use the degree similarity measure to
calculate the similarity of linked nodes for wvRN too.
In SCRN, the class-propagation probability is calculated by the similarity between nodes’ social features and class reference features. We
use Inner Product and Generalized Histogram Intersection Kernel (GHI)
[38] to calculate the similarity, since Wang and Sukthankar have shown
that GHI outperforms the other measures [14].
We use the same Relaxation Labeling approach [39,40] in the collective inference framework for both SCRN and wvRN as Wang and
Sukthankar did in [14]. In the relaxing procedure, the default parameter k is set to 1 and the parameter α is set to 0.99. The maximum
number of iterations of SCRN and wvRN is set to 30, since all of the
experiments showed that after 15 iterations, the label classiﬁcations
between iterations converged.
In SNBC, the default regularization parameter λ is set to 2−6 . The
sample size for stochastic gradient descent is set to min(1000, | V′|) as
Nandanwar and Murty did in [19], where | V′| is the number of labeled
nodes. The maximum number of iterations of SNBC is set to 1000.
For evaluation purpose, we assume that the number of labels for the
unlabeled nodes is already known and assign the labels according to the
top-ranking set of class-membership probabilities. Such a scheme has
been adopted for multi-label evaluation in social network datasets [1].
We randomly sample a portion of nodes as labeled, and classify the
remaining unlabeled nodes as done in [1,20]. We report the average
performance of 10 runs in terms of two commonly used multi-label
criteria: Micro-F1 score and Macro-F1 score. These criteria measure the
performance from diﬀerent aspects. Micro-F1 score is largely determined by the common labels, since this measure weights instances
evenly. Macro-F1 score is sensitive to the performance for rare labels,
since all labels are weighted evenly in the calculation of Macro-F1.
Details of Micro-F1 score and Macro-F1 score can be found in [14].
In the experiments, we compare the performance of our MCPP algorithm to the 3 methods described above on the three real-world datasets. Because only the nodes’ features of the MOD dataset have actual
meaning, it would make real sense to stratify this dataset into subgroups for evaluating the MCPPS algorithm. We stratify the MOD dataset by gender, into the male and female subgroups. We do not stratify
the MOD dataset by multiple covariates simultaneously, since it will
divide the dataset to many small subgroups and thus lose statistical
power. Then we compare MCPPS with gender subgroups to MCPP on
the MOD dataset.

Table 2
Dataset summary.
Data

MOD

BlogCatalog

DBLP

Number of nodes
Number of links
Maximum degree
Average degree
Number of labels
Average number of labels per node

10,284
8,866
39
1.7
15
2.2

10,312
333,983
3,992
65
39
1.4

8865
12,989
86
3
15
2.3

contain nodes’ features, so we use the method based on social dimensions to extract features from the network structure [20].
The DBLP dataset 2 is extracted from the DBLP database by Wang
and Sukthankar [14]. This dataset contains a network consisting of
8865 authors who have co-authorship. In this network, an author is
represented by a node, and two authors are linked together if they have
co-authored at least two papers. The DBLP dataset uses 15 representative conferences as labels. An author has a label if he/she has
published a paper in a conference and each author can have multiple
labels. Our task is to classify authors. The DBLP dataset also does not
contain nodes’ features, so we also use social dimension based method
to extract features, as we did with the BlogCatalog dataset above.
4.2. Experiment setup
In the experiments, we compare our work with the following stateof-the-art methods for classifying collective behaviors:
1. wvRN [4], a representative relational learning classiﬁer. wvRN
makes predictions based solely on the labels of a nodes linked
neighbors (i.e. peer inﬂuence), so it is a connectivity based method.
A nodes predicted membership of a label is constructed as the
weighted mean of its neighbors’ memberships of the label.
2. SCRN [14], an approach which extends wvRN by social features
computed using the social dimension framework [1,20]. It ﬁrstly
uses social features to calculate a class-propagation probability for a
node. Then it makes prediction of a node’s labels based on the labels
of its neighbors, the weights between a node and its neighbors, and
its class-propagation probability.
3. SNBC [19], a recently proposed approach for classifying nodes by
random walk. For classifying a node, it takes a random walk from
the node and makes a decision based on how nodes in the respective
kth-level neighborhood are labeled.

4.3. Classiﬁcation results and discussions
Table 3 reports the Macro-F1 and Micro-F1 scores with the MOD
dataset. It can be seen that MCPP consistently outperforms the other
methods. MCPP captures a node’s intrinsic likelihood of belonging to a
label by quantifying the contributions of peer inﬂuence and personal
preference, enabling a more accurate classiﬁcation. SNBC has better
performance than wvRN and SCRN. SCRN and wvRN have similar
performance. Table 4 shows the results with the BlogCatalog dataset.
MCPP again has the best performance. SCRN and wvRN have similar
performance and they outperform SNBC. With the DBLP dataset
(Table 5), MCPP also has the best performance. SCRN achieves better
performance than wvRN whereas wvRN outperforms SNBC. These results have strongly demonstrated the eﬀectiveness of MCPP.
Table 6 shows that MCPPS (gender) outperforms MCPP as measured
with Micro-F1 score, whereas in terms of Macro-F1 scores, in most of
the cases, MCPP performs better. Because Micro-F1 score is largely
determined by the common labels and Macro-F1 score is sensitive to the
performance for rare labels [14], the results in Table 6 conﬁrms the
existence of heterogeneity. These results also show that distinguishing
peer inﬂuence from personal preference and considering their heterogeneity in collective behavior learning is a valuable and promising research direction. The approach has the potential to achieve better
multi-label classiﬁcation for networked data.

We have to construct features for nodes, since the DBLP and
BlogCatalog datasets do not contain nodes’ features. We use the
ModMax algorithm [20] to construct features for the DBLP and the
BlogCatalog. The dimensionality of features is set to 50. Then for each
dataset, the R package, MatchIt [21] is adopted to do propensity score
based matching, and we choose the Nearest Neighbor method in the
package.
The ratio parameter γ is set to 0.6 for DBLP, 0.4 for BlogCatalog and
0.9 for MOD. We will discuss how to choose the value of γ in
Section 4.4. Max _Iter of our two algorithms is set to 30, since all of the
experiments showed that after 20 iterations, the label classiﬁcations
between iterations converged.
Both wvRN and SCRN calculate the similarity of linked nodes, w(v,
v′), when estimating the label of node v. We use the Degree similarity
measure in [14] to calculate the similarity of linked nodes for SCRN,
since the experiment results in [14] have shown that this measure
achieves the highest accuracy. It calculates w(v, v′) by the normalized
fraction of connections between v and v′ among all of v’s connections
2

http://ial.eecs.ucf.edu/Data/SCRN-Data.zip
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5. Related work

Table 3
Classiﬁcation results on MOD.
Proportion of labeled nodes

5%

7%

10%

20%

30%

40%

Micro-F1(%)

28.92
18.43
18.58
22.79
18.92
15.31
15.34
16.44

32.51
19.55
19.80
23.11
19.62
16.44
16.44
17.43

33.51
20.58
20.67
27.66
20.46
16.62
16.59
17.91

33.99
23.13
23.23
30.13
21.69
18.78
18.76
20.13

34.63
24.06
24.21
30.59
22.83
19.60
19.66
21.23

35.08
27.02
27.05
31.28
23.08
21.64
21.56
22.48

Macro-F1(%)

MCPP
wvRN
SCRN
SNBC
MCPP
wvRN
SCRN
SNBC

In the past decades, many multi-label classiﬁcation methods have
been proposed [22–24] and multi-label learning has been successfully
applied to various applications such as text categorization [25,26],
image classiﬁcation [41–44], bioinformatics [27] and music categorization [45]. An intuitive approach to multi-label classiﬁcation is to
decompose the classiﬁcation regarding multiple-labels into multiple
independent binary classiﬁcation problems. More sophisticated approaches exploit the correlations between diﬀerent labels. Traditional
multi-label classiﬁers assume that instances are i.i.d. However, as discussed in the Introduction, networked data does not satisfy the i.i.d.
assumption, hence many methods were proposed to exploit the connectivity between instances, including:

Table 4
Classiﬁcation results on blogcatalog.
Proportion of labeled nodes

30%

40%

50%

60%

70%

80%

Micro-F1(%)

31.95
26.22
26.08
23.96
17.99
13.39
13.09
6.72

34.30
29.55
29.51
24.32
20.34
15.52
15.29
6.85

35.04
31.03
31.02
24.97
21.65
17.24
17.18
7.53

35.91
31.98
31.96
25.32
22.81
17.89
17.49
7.91

36.26
32.74
32.63
25.73
23.44
18.02
17.94
8.35

36.56
33.69
33.63
26.27
23.64
19.40
19.20
8.72

Proportion of labeled nodes

40%

50%

60%

70%

80%

90%

Micro-F1(%)

69.28
68.51
68.88
64.84
62.86
62.42
62.36
59.77

71.73
70.29
70.67
68.29
65.56
64.19
64.18
62.43

73.93
72.52
72.88
70.92
68.23
66.47
66.54
64.32

75.60
73.27
74.12
72.64
70.24
67.57
68.07
65.66

77.44
75.33
75.81
73.24
72.71
69.73
69.78
65.84

79.34
76.85
77.64
75.71
74.68
69.98
70.43
67.34

Macro-F1(%)

MCPP
wvRN
SCRN
SNBC
MCPP
wvRN
SCRN
SNBC

• Classiﬁcation based on connectivity. Macskassy and Provost [4] pre-

Table 5
Classiﬁcation results on DBLP.

Macro-F1(%)

MCPP
wvRN
SCRN
SNBC
MCPP
wvRN
SCRN
SNBC

•

Table 6
Classiﬁcation results of MCPPS compared with MCPP.
Proportion oﬂabeled nodes

5%

7%

10%

20%

30%

40%

Micro-F1(%)

29.24
28.92
18.01
18.92

32.69
32.51
19.30
19.62

34.05
33.51
21.02
20.46

34.21
33.99
21.34
21.69

35.21
34.63
21.58
22.83

35.18
35.08
21.60
23.08

Macro-F1(%)

MCPPS(gender)
MCPP
MCPPS(gender)
MCPP

4.4. Sensitivity of classiﬁcation with respect to node similarity
In the experiments, we have ﬁxed the ratio parameter γ to 0.9, 0.4,
and 0.6 for the MOD, BlogCatalog and DBLP datasets respectively. In
this section, we examine how the performance of MCPP is aﬀected by
the values of γ. The change of the performance versu the values of γ are
plotted in Figs. 2–4 for the three datasets, respectively. To make the
ﬁgures legible, we only plot the cases when 10%, 20% and 30% of
nodes in the network are used as training data for MOD, and 40%, 50%,
60% of nodes in the network are used as training data for BlogCatalog
and DBLP.
For the MOD dataset, as seen from Fig. 2, better results are obtained
when γ increases. MCPP has the best performance when γ=0.9. For the
BlogCatalog dataset, as seen from Fig. 3, when γ ≤ 0.4, better results
are obtained when γ increases, but the Macro-F1 and Micro-F1 scores
decrease when γ is greater than 0.4. For the DBLP dataset (Fig. 4), the
performance of MCPP becomes stable as γ increases beyond 0.6. These
observations have justiﬁed the MCPP’s parameter setting in Section 4.2.

•

•
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sented the weighted-vote relational neighbor classiﬁer (wvRN) that
performs relational classiﬁcation via the weighted average of the
estimated class-membership probabilities of a nodes neighbors. A
collective inference procedure is utilized to propagate the label information through the network. Macskassy and Provost [4] have
showed that the relational neighbor classiﬁer performs well by
comparing it to probabilistic relational models [46] and relational
probability trees [7] on three data sets from published work.
Goldberg et al. [28] used two edge types to denote the aﬃnity or
disagreement in class labels of linked objects and incorporated link
type information into discriminate learning. Heatherly et al. [29]
introduced a link type relational Bayes classiﬁer to predict a nodes
class labels according to their neighbors labels and their link types.
Classiﬁcation by extracting social features. Social networks usually
contain many communities, and nodes in the same community
structure have stronger relationships among themselves, compared
to the rest of the networks. Therefore, a number of techniques for
generating features from networks structures have been proposed
[47,48]. Lu and Getoor proposed the network only link-based classiﬁer (LBC) [6]. LBC extracts relational features of a node by aggregating the label information of its neighbors. Then a relational
classiﬁer can be constructed based on labeled data and nodes’ features.
Tang et al. [1,20] proposed the social dimension framework
(SocDim) for node classiﬁcation. They extracted nodes’ social features based on network information. These social features describe
diverse aﬃliations of nodes in the network, and can be used as the
nodes’ features for discriminative learning by a linear SVM classiﬁer
[49]. Deep-Walk [30] and LINE [31] are social representation
learning approaches based on random walks. They capture neighborhood similarity and community membership in latent representations. These label independent representations are then
used in multi-label classiﬁcation.
Classiﬁcation by combining connectivity and social features. Wang and
Sukthankar [14] extended wvRN by introducing a class-propagation
probability to capture the likelihood of a node belonging to a class.
They calculated the class-propagation probability based on the similarity of social features which were extracted using the scalable
edge clustering method proposed in [1]. Wang and Sukthankar have
showed SCRN has better performance than wvRN and SocDim on
collaborative networks [14].
Classiﬁcation based on random walk. Some studies use random walk
for classiﬁcation of nodes. Zhou et al. [32] proposed a globally
consistent learning approach on the lines of spectral clustering. The
approach updates a node’s label using information the node receives
from its neighbors. Lin and Cohen proposed the Multi Rank Walk
[50] approach, which is based on the principle of random graph
walks similar to Page Rank [51]. The class of any unlabeled node is
decided as the one which has the highest probability of containing
terminal nodes of the random walk. Nandanwar and Murty [19]
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Fig. 2. Sensitivity study of MCPP on the MOD dataset.

inﬂuence from homophily eﬀects among connected individuals in social
networks. It was shown in [8] that matching with propensity score
could estimate the contributions of peer inﬂuence and homophily more
accurately, comparing to random matching. Aral et al. [33] built and
analyzed data-driven simulation of the eﬀectiveness of seeding (network targeting) strategies by distinguishing peer inﬂuence from
homophily.
Individuals diﬀer from one another and diﬀer in their response to
treatments, so the causal eﬀects should vary with population composition [10,16]. Many studies on causal inference recognized the importance of population heterogeneity [9]. For example, in the research
on the eﬀect of schools on students’ academic performance, Morgan
[11] using propensity score matching found that the eﬀect of Catholic
schooling diﬀers for students in diﬀerent subpopulations. A similar
example, people normally think that attending elite universities will get
better payoﬀ. However, Brand and Halaby [12] found the eﬀect of attending elite universities diﬀers for individuals in diﬀerent subgroups.
They used propensity score matching to ﬁnd that an elite college education is beneﬁcial for students who have socioeconomically disadvantaged backgrounds. These studies all ﬁnd that the causal eﬀects
diﬀer from subpopulations.
For collective behavior learning, no work has considered the heterogeneity, so in this paper, we study the contributions of peer inﬂuence and personal preference with considering heterogeneity.

proposed a SNBC algorithm. The approach is a structural neighborhood-based classiﬁer learning using a random walk. For classifying a node, it takes a random walk from the node and makes a
decision based on how nodes in the respective kth-level neighborhood are labeled. Nandanwar and Murty have showed SNBC has
better performance than SCRN and SocDim on sparse citation networks.
In statistical learning, people usually choose samples randomly from
the original dataset to represent the key characteristics of the original dataset [34]. However, some researchers focus on how to actively select the labeled nodes from the network to be used for
training a better classiﬁcation model. Many sampling methods have
been proposed, which are mainly of three types: methods based on
randomly selecting nodes [35], randomly selecting edges, and the
exploration techniques that simulate random walks or virus propagation to ﬁnd a representative sample of the nodes [36]. The forest
ﬁre sampling model [37] is similar to a random walk based approach. Firstly, this method selects a random seed node and burning
a fraction of its outgoing links to neighboring nodes. If a link gets
burned, the node at the other endpoint gets a chance to burn its own
links. The selection process is recursive until no new nodes are selected, or when the required node size has been reached.
The above mentioned methods focus on exploiting the relational
dependency among the nodes for classiﬁcation. However, Aral et al. [8]
acknowledged that peer inﬂuence and homophily are the two major
factors, inﬂuencing people’s product adoption decisions in a social
network. They adopted the sample matching method to distinguish peer

37
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Fig. 3. Sensitivity study of MCPP on the Blogcatalog dataset.
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Fig. 4. Sensitivity study of MCPP on the DBLP dataset.
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collective behaviors in social networks. We have proposed a causationbased multi-label relational classiﬁer (MCPP) to predict collective behavior. MCPP uses causal analysis to distinguish the eﬀect of peer inﬂuence from personal preference on one’s behaviors based on networked data. Then the ﬁndings are used to design a multi-label
relational classiﬁer which estimates the behaviors of an individual. We
have also made an improvement in classiﬁer design. In order to reduce
label noise, MCPP weights low degree nodes more than higher degree
nodes. These help MCPP in achieving better classiﬁcation performance.
We have further studied the heterogeneity across subpopulations in a
social network and proposed the MCPPS algorithm, which uses conditional average causal eﬀect to estimate the impacts of peer inﬂuence
and personal preference in diﬀerent subpopulations. Empirical studies
on real-world datasets demonstrate that our proposed approaches improve classiﬁcation performance on networked data.
In this paper, our predictive algorithm of individual adoption behaviors only accounts for peer inﬂuence (α) and personal preference
(β = 1 − α ). In reality other factors may aﬀect adoption behaviors, and
the model, we may have the third factor to capture the inﬂuence of
other factors. In our future research, we intend to develop a more
comprehensive model that considers the third factor inﬂuencing individual adoption behaviors in networks.
Another limitation of our study is that, the treated node is deﬁned as
he/she has one or more neighbors with label c. The peer inﬂuence with
few neighbor having label c may be diﬀerent from that with many
neighbors having label c. We plan to explore how to use the propensity
score matching procedure for continuous variables to model the peer
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proposed method is the estimation of the causal eﬀect of peer inﬂuence,
and for accurate estimation of the causal eﬀect needs the accurate
calculation of propensity scores for matching. However, the estimation
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advanced causal eﬀect estimation methods in future.
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