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Online user behaviors are increasingly modulated by social media. Extant literature mainly focuses on investigating how network structures aﬀect user behaviors. However, recent empirical results demonstrate that
user behaviors and network structures usually coevolve dynamically, and topological patterns turn out to be
inadequate for characterizing real-world user behaviors. In this paper, we present a dynamic model to deal with
this challenge. This proposed model is mainly governed by two competing principles: homophily and homeostasis. Empirical evaluations of three online real-world datasets suggest that the proposed dynamic model can
well predict long-range online user behaviors.

1. Introduction
Social media plays an important role in shaping the dynamics of
online user behaviors, and there is a demand of an in-depth understanding on how user behaviors evolve over time and uncovering the
nuanced interaction patterns among diverse populations. Recent studies
have enlightened the important role played by the connection topology
on collective behaviors. One group of researchers used explanatory
models to infer the underlying spreading cascade [1–3]. These approaches allow retracing the whole path of spreading a given piece of
information and provide signiﬁcant insights into understanding information dynamics. Another group of researchers aimed to predict
how a speciﬁc diﬀusion process unfolds in a given network based on
spatial–temporal trajectories. Such predictive approaches can be categorized into two types: graph-based approaches and nongraph-based
approaches. Graph-based approaches assume the existence of a static
graph structure underlying the diﬀusion. Two seminal models in this
literature are Independent Cascades (IC) [1,2] and Linear Threshold
(LT) [3,4]. On the other side, nongraph-based approaches are usually
adopted to model epidemiological processes, yet they do not deﬁne any
speciﬁc graph structure [5–7].
These aforementioned studies mainly focus on investigating the
relations between network topological patterns and user behaviors.
Recently, several researchers have shown that topological patterns turn
out to be inadequate for characterizing real-world user behaviors [8,9].
Evidence demonstrates that change in interindividual interactions with
time is often associated with individual attributes [10]. In fact, the
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underlying mechanism through which individual attributes reshape the
interaction topology is mainly governed by the competition between
two principles: homophily [11] and homeostasis [12,13].
For the homophily principle, social ties between individuals are
found to be strongly favored by the similarity in their attributes. This
principle aﬀects the patterns and evolutions of interindividual interactions. At the individual level, homophily can promote the adoption of
healthy behaviors [14,15]. This is because humans are more likely to be
inﬂuenced by those who are similar to themselves. At the community
level, homophily will reduce overall behavior adoptions, thus increasing intergroup inequality across diverse populations [16]. This
leads to the emergence of the phenomenon that information exchange
is often blocked across populations with diﬀerent attributes.
Owing to the ﬁnite social capital available for each individual (e.g.,
socialization time, memory span, and attention), the homeostasis
principle should be considered to describe the mechanisms governing
user interactions. Under the eﬀects of homeostasis, social connections
tend to remain relatively stable. In practice, this principle considers that
the available resources devoted to sustain social connections are ﬁnite.
The direct result of this principle is that the enhancement of some
connection from an individual is counter-balanced by the weakening of
other connections of the same individual to the network. This competition mechanism has been widely observed in real-world social systems. For instance, the time invested for establishing social relationships is always ﬁnite; thus, online users tend to impose a careful choice
of their acquaintances and spouse [17]. This limits the number of stable
social relationships that a person is able to sustain, which is well known
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stability and balance. For instance, the Family Systems Theory [25]
supposes that families function as systems, whose members try to
maintain their transactional patterns so that they can maintain their
sense of balance. For each member of the society, the social capital
available is limited; thus, people tend to enforce a careful choice of
interactant and information. Owing to ﬁnite time invested in socialization, people tend to make a careful choice of the acquaintances and
spouse [17]. This priority selection limits the number of stable social
relationships that a person is able to sustain, which is well known as
Dunbar’s number [18]. Human attention and memory are also
bounded; thus, they could only pay attention to a portion of the information they receive [19].

as Dunbar’s number [18]. In addition, owing to the limited attention
and memory, individuals in social media can only pay attention to a
portion of the information they receive [19,20].
In fact, the reinforcing eﬀect caused by homophily and homeostasis
governs the dynamics of user behaviors. Analyzing the dynamic process
can provide signiﬁcant insights into understanding how users interact
with their social contacts. However, to the best of our knowledge, no
existing studies have provided appropriate solutions to uncover the
dynamic process by considering the interaction of the two competing
principles. In this paper, we propose a dynamic model, which is called
the H2 model (i.e., Homophily and Homeostasis model), to depict the
evolution of temporal network that is governed by the competition
between homophily and homeostasis. In this work, we also consider the
mediation eﬀect of external shock events, which enables us to separate
exogenous confounding factors from endogenous competing principles.
To empirically test the performance of the H2 model, we conduct experiments on three diﬀerent real-world datasets collected from Twitter.
The remaining parts of the paper are structured as follows. Section 2
reviews existing studies most relevant to our work. In Section 3, the H2
model and the corresponding algorithm for learning the model are represented. Section 4 describes the experimental setup. Section 5 gives
the empirical results and analysis. Section 6 discusses the signiﬁcance
and potential implications of the work. Finally, Section 7 concludes this
paper with a summary and a projection about future research directions.

2.3. Dynamic models
Approaches characterizing online social dynamics can be categorized into three groups: linear dynamical systems (LDS), nonlinear dynamical systems (NDS), and coevolving models (CEM). These approaches can help to understand online dynamics from unique
perspectives and have been widely used in pattern exploration, series
prediction, and event mining.
2.3.1. Linear dynamical systems
Traditional approaches applied to analyze temporal data include
auto-regression (AR), Kalman ﬁlters (KF), and their variants [26–28].
These approaches assume that time series is linearly dependent on its
historical observations. Although this linear assumption does not hold
true in real-world applications, linear dynamical systems (LDS) have
been used successfully in using key patterns and ﬁngerprinting in
temporal data.

2. Literature review
In this section, we present the existing studies relevant to our work
from three perspectives: homophily, homeostasis, and dynamic models.

2.3.2. Nonlinear dynamical systems
To deal with drawback in LDS, various nonlinear approaches are
proposed, such as Wavelets [29] and Fourier transforms (i.e., discrete
wavelet transform, discrete Fourier transform, and discrete cosine
transform) [30,31]. These approaches provide nonlinear representation
for each time series. A key drawback of these approaches is that they
model each time series in isolation; thus, they cannot detect the interactions between multiple coevolving sequences. Advance and diverse
interaction models are proposed, including the Lotka–Volterra (LV)
[32], logistic function (LF) [33], and epidemic models [5–7]. These
models characterize the interactions between diﬀerent time series, and
also incorporate domain knowledge. However, they are not intended to
capture coevolving online activities.

2.1. Homophily
The homophily principle accounts for the tendency that social ties
between individuals are strongly favored by the similarity in their attributes. Under this principle, interactions between similar individuals
are enhanced [11]. Such enhancement aﬀects sentimental or behavioral
adoption diﬀerently at distinct levels. At the peer level, homophilous
ties promote the spread of information between individuals [11,14,15].
One potential reason for this is that humans are more likely to be inﬂuenced by alters, who are similar to themselves. At the community
level, homophily will reduce overall information coverage, thereby
increasing intergroup inequality across diverse populations [16]. This
inequality eﬀect emerges from the fact that information is blocked
across populations with distinct attributes. Moreover, the eﬀects of
individual attributes can interact with those of homophily [14,16].
Homophily among high-status individuals can help to promote information diﬀusion, but low-status individuals may be more likely to be
inﬂuenced by heterophilous ties to high-status alters [21].

2.3.3. Coevolving models
To model coevolving sequences, Matsubara et al. developed a fully
automatic mining algorithm [34]. Rakthanmanon et al. proposed a similarity search algorithm for “trillions of time series” under the dynamic time warping distance [35]. Yang et al. developed a new model
for mining time-evolving event sequences [36]. The works in [37,38]
focused on summarization and clustering according to the minimum
description length (MDL) principle. All of these models examine temporal data on static complex networks. However, they are inadequate
for describing many real-world networks, which are intrinsically time
varying [39–42].
Indeed, online users interact in complex nonlinear patterns that
change with time, e.g., exponential ebb and ﬂow in interactions. To the
best of our knowledge, none of the existing studies examines such
nonlinear dynamics in a time-varying manner, and the underlying
mechanism governing the dynamic process demands further investigation.

2.2. Homeostasis
As a constraint on homophily, homeostasis is the tendency for a
system to maintain a relatively stable, constant state of balance [22].
When any deviation from homeostasis occurs, the system enacts a negative feedback to bring itself back to a state of equilibrium. Actually,
the concept of homeostasis can be applied widely to any person or
system that demonstrates a stable equilibrium. In physiological systems, homeostasis governs the dynamic balance of inner body indicators (e.g., blood pressure and nerve systems) to achieve optimal
state. In neural systems, human memory and learning abilities are
governed by speciﬁc forms of competitive adaptations, which are the
essential ingredients of their physiological plasticity [23,24].
Social systems also work to maintain equilibrium. According to
functionalists, the socialization process initiates the formation of conventions and norms among all members, which enhances society

3. Model
In this section, we ﬁrst describe the basic scheme of the proposed H2
2
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model (Homophily and Homeostasis model), which accommodates the
competition mechanisms between homophily and homeostasis. We then
characterize how user attributes reshape user interactions in timevarying social networks. To avoid potential confounding eﬀects caused
by exogenous activities, we further design a shock tensor to detect external shock events. Finally, we develop optimization algorithms to
estimate an optimal parameter set for the H2 model.

d

∑ j = 1 aijt⋅gjt ⎞ ⎤
⎡
⎛
git + 1 = git ⎢1 + ri ⎜1 −
⎟ ⎥, (i = 1, …, d )
Ki
⎥
⎢
⎠⎦
⎝
⎣

= g i , where
with the initial condition
— git : The posting number of the user group i at time tick t.
— g i : Initial condition, i.e., the posting number of the user group i at
time tick t = 0.
— ri : Intrinsic growth rate of the posting number of the user group i,
(ri ≥ 0 ).
— Ki : Carrying capacity of the posting number of the user group i
when other user groups are absent (Ki > 0 ). This variable bounds the
maximum number of posting from group i.
— aijt : Interaction coeﬃcient pointing from group j to i at time tick t;
t
aii corresponds to intragroup interactions.
In the proposed model, the change in posting number of the user
group i can be described with the following equation:

3.1. The basic scheme
Driven by the economy of attention theorized by Simon [43], social
media users endeavor to compete for collective attention by intended
posting online. Herein, we elaborate a competitive model (H2) to
characterize and predict the posting behavior of social media users
while they are interacting with others.
Modeling individual behaviors directly is often intractable because
individual diﬀerence exists due to selection bias and the computational
cost for large-scale individuals for a long period is expensive [44]. For
reliable and eﬀective analysis, we aggregate users into diﬀerent groups
according to their overall sentiments toward a given event, i.e., positive
(POS), negative (NEG), or neutral (NEU). To depict the posting behavior of each user group, we need to depict two mechanisms: (a) unrestricted growth, i.e., with inﬁnite social capital, the number of messages posted (posting number hereafter) by a user group grows at a
constant rate r, and (b) competition, i.e., when social capital (e.g., socialization time) is ﬁnite, a user group can only post at most K messages
at each time tick. It is notable that there are both intragroup and intergroup competitions. This competition keeps the posting number of a
user group from growing exponentially, i.e., excessive posting from one
group will depress the intension of its members for consequent posting.
One of the canonical models that captures the above mechanisms is the
LV population model of competition [45]. In the following sections, we
use this framework to guide the design for the H2 model. In this model,
the feedback ruled by homophily and homeostasis reshapes the interaction topology, thus inﬂuencing the consequent posting behaviors of
members in each group.
Suppose that we have a collection of temporal data X of d user
groups X = {x1, x i, …, x d} . Here, x i is the posting sequence of the user
group i (i.e., x i = {x it }tn= 1), and n is the time span of all d user groups. The
aims of this paper are to (a) capture the evolution of X, (b) uncover how
the attributes of each sequence reshape their interactions with others,
and (c) predict its future dynamics. For these purposes, we need to
encode the properties of user posting behaviors from three aspects:

d

∑ j = 1 aijt⋅gjt ⎞
⎛
⎜1 −
⎟
Ki
⎝
⎠

•

(2)

aijt

where is the interaction coeﬃcient, which describes the eﬀect rate of
the user group j on the user group i. If there are no intergroup interactions (i.e., aijt = 0(i ≠ j ) ), the model deteriorates to traditional time
series model that treats each temporal sequence in isolation, such as
AR, Autoregressive integrated moving average (ARIMA) and KF [48]. If
aijt is independent of the time tick t for the user groups i and j (i.e.,
aijt ≡ aij ), then the model deteriorates to the classical LV population
model, where the interaction coeﬃcients remain constant. In our
modeling scheme, the interaction coeﬃcients are set as time varying
and asymmetric. This means the interaction strength is directed and
varies during the whole observation period. In what follows, we describe the setting of the interaction coeﬃcient matrix A, which accommodates both homophily and homeostasis.
3.2. Time-varying competitive interactions
User interactions can be quantiﬁed from two dimensions, i.e., the
interaction frequency and the eﬀect of each single interaction. For a
compact model representation, we encode the compound eﬀect of interaction frequency and its eﬀect into a unique time-varying variable
aijt . In this model, aijt depicts three types of interaction, i.e., attractive
(negative values), repulsive (positive values), and none (zero value). In
addition, user attributes are highly related to user interaction patterns.
How user attributes reshape the interaction coeﬃcients are ruled by the
following equations:

• (P1) Nonlinear evolution of posting number of user groups: The posting
•

(1)

gi0

number of online users ﬂuctuates continuously, with a sharp surge
and drop in extreme situations (e.g., the H1N1 pandemic [46] and
tobacco control [47]). To characterize this property, we propose to
use nonlinear diﬀerential equations.
(P2) Time-varying competitive interactions between user groups: We
assume that the interactions between two user groups change with
time. In sum, there are three types of interaction patterns, i.e., attractive, repulsive, and none. When two user groups interact attractively, behaviors from two groups act in harmony. When two
user groups interact repulsively, their behaviors compete with each
other. If no interactions exist between two groups, members from
each group behave independently. To encode these interaction
patterns, it is necessary to introduce an interaction matrix.
(P3) Eﬀects of external shocks: Apart from intragroup and intergroup
interactions, online user behaviors are also inﬂuenced by external
shock events. For example, there are few postings against vaccination during the World Immunization Week. Thus, it is imperative to
quantify the eﬀects of external shock events.

(

aijt+ 1 = aijt ⎡1 + sit⋅pijt −
⎣

N

∑l=1 ailt⋅pilt

) ⎤⎦

(3)

where sit is the total incoming strength of the user group i at time tick t,
N
sit = ∑ j = 1 aijt . This variable quantiﬁes the homeostasis degree of the
target user group. pijt is the degree of local homophily between groups i
and j, averaged with time in the interval [t-T, t] [49]:

pijt =

1
T

T

t

∑l=1 eiϕi,j

(4)

where T is a control parameter that quantiﬁes the amount of memory
used by each user group in the updating process. ϕit, j is a phase-diﬀerence function measuring the attribute distance between the user groups
i and j at time tick t:

ϕijt = arccos( cos (mit , mtj ))
where mit

and mtj

(5)

correspond to the attribute vectors of the user groups i
and j, respectively, at time tick t; arcos(*) calculate the angle of the
cosine value enclosed. Given the above setting, the quantity pijt takes
values of [0,1], with pijt = 1 meaning that groups i and j have been

Let git be the estimated posting number of the user group i at time
tick t; then, its evolution can be described with the following equation:
3
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Fig. 1. Competition between homophily and homeostasis. Nodes represent users in the social network (node A represents the target user group), arrows indicate the
interaction pointing from the neighbors (nodes B, C, D, and E) to the target user group A, and numbers along arrows measure the interaction strengths at given time
ticks. The attribute distances between two groups are measured with ϕ (as shown in the homophily table in Fig. 1), whereas the total incoming strengths of group A
are quantiﬁed with sA (as shown in the homeostasis table in Fig. 1).

representation of E, we decompose E into two matrices, i.e., the eﬀection matrix B of size (k× np) and the participation (weight) matrix W of
size (d × k). B describes a set of k external shock components with
duration np, whereas W describes the participation weight of each sequence for each shock component. Consequently, the external shock
tensor E = {eit }id,,tn= 1 can be described with the following function:

perfectly entrained with regard to their attributes along the last T time
ticks [50].
The adaptive scheme deﬁned in (3) retains the main characteristics
of both homophily and homeostasis (Fig. 1). The user group j, that has
attributes similar to those of the group i (e.g., average emotion valence
and activity level), will enhance their interaction strength according to
homophily. For example, the interaction strengths within group pairs
(A, B) and (A, E) are enhanced at time tick t 1 owing to the lower attribute distances ϕ(A, B) and ϕ(A, E) at the previous time tick t 0 (Fig. 1).
As a consequence of homeostasis, the interaction strength from the
remaining groups will be depressed to keep constant the total incoming
interaction strength sit of the group i. Under this principle, the interaction strengths from user pairs (A, C) and (A, D) are weakened at time
tick t 1, keeping the incoming strength sAt1 = sAt0 = 6 constant (Fig. 1). For
the follow time tick t 2 , homophily and homeostasis compete continuously and drive the evolution of user interaction topology.

k
eit = f (i, t| W, B) = ∑ j = 1 wij bjτ , (τ = [t mod np ] )

where
— np : Period (e.g., 52 weeks in one year).
—k: Number of latent shock components.
— W = {wij }id,,jk= 1: Participation (weight) matrix, i.e., the participation weight of group i for the j-th shock component.
k, n
— B = {bjτ } j, τ =p 1: Eﬀection matrix (consisting of k eﬀection dimensions), i.e., temporal eﬀection at time tick τ for the j-th shock component.
The full model is illustrated in Fig. 2, and its full parameter set to be
learned is S = {g 0 , r , K, A, W, B} . Table 1 summarizes the notations
used throughout this paper.

3.3. External shock events
Apart from endogenous competition mechanisms, it is also notable
that online users change their behaviors according to various external
shock events [34]. These exogenous activities should be considered to
avoid any potential confounding eﬀects (e.g., attributing pure exogenous eﬀect to endogenous stimuli). Let ġit be the posting number of
the user group i at time tick t when considering external shock events;
the full model captures exogenous eﬀects with the following equation:

g˙ it = git [1 + eit ], (i = 1, …, d )

(7)

3.4. Optimization algorithms
Next, we optimize model parameters. Speciﬁcally, we need to solve
the following two problems: (1) to ﬁnd an optimal set of shock components (i.e., W and B) and (2) to eﬃciently estimate the full parameter
set S that best captures the important patterns in the posting behaviors
of diﬀerent user groups.
To determine the number of the component k, we elaborate an efﬁcient coding scheme, which permits automatic conﬁguration of appropriate sizes for W and B. This coding scheme is according to the MDL
principle [51]. The basic idea behind this scheme is that the more we
can compress the data, the more we can learn about its underlying
patterns. The description complexity of the model parameter set S is
summarized in Table 2.
Once the full parameter set S is determined, the original data X can
be encoded with Huﬀman coding [52]. Huﬀman coding assigns a

(6)

where eit corresponds to the additional change rate of posting number of
the user group i owing to the exogenous shock events. Here, eit takes
values of [−1, +∞).
Given the above deﬁnition, the posting number of the user group i at
time tick t ġit depends on both the endogenous competitive interactions
and the exogenous activities E = {ei (t )}id,,tn= 1. Each element in E describes
the additional change in the posting number caused by external shock
events (e.g., holidays, memorial day, etc.). For a more compressed
4
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Fig. 2. Model illustration. Given a set of d posting sequences X of length n, the model depicts (P1) user group properties, i.e., initial volume: g°, growth rate: r,
carrying capacity: K, (P2) time-varying competitive matrix: A, and (P3) a set of k shock components, i.e., participation matrix: W and eﬀection matrix: B.

kopt = arg

number of bits (i.e., the negative log-likelihood) to each value in X. The
encoding cost of X given parameter S is calculated using the following
equation:

CostC (X |S ) =

d, n

∑i,t=1

−1
t
˙t
log 2pGauss
(μ, σ 2) (x i − gi )

CostT

(X ; S )

(10)

Given the optimal number of shock components, we then turn to
estimate the whole parameter set S = {g 0 , r , K, A, W, B} in an eﬃcient
and eﬀective way. The most straightforward optimization would be
estimating all the parameters in S simultaneously. However, this approach is highly expensive and ineﬀective. It requires the estimation of
(3d + d·(d-1) + k·(d + np)) parameters for each iteration. Additionally,
it requires the comparison of all possible solutions for diﬀerent k values

(8)

where x it and ġit are the original and estimated posting numbers of the
user group i at time tick t; μ and σ 2 are the mean and variance of the
distance between x it and ġit .

(1≤k≤d). As such, we introduce a partition approach CI-FIT (competitive interaction-ﬁt) to analyze temporal data at a large scale, yet with a
signiﬁcant reduction in computational cost. Algorithm 1 describes the
overall procedure of CI-FIT. Instead of ﬁtting all the parameters of set S
simultaneously, the optimization algorithm ﬁrst assumes that no intergroup interactions exist, and set A = Id, i.e., aijt = 0 (i ≠ j). Through
the STEPFIT algorithm (Algorithm 2), the model parameter Si = {pi, ri, Ki,
wii, bi} for each individual sequence xi (i = 1, …, d) can be estimated.

The total code length for X with regard to a given parameter set S is
described by the following equation:

CostT (X ; S ) = log*(d ) + log*(n) + CostM (g 0 , r , K)
+ CostM (A) + CostM (k , W, B) + CostC (X |S )

min

(9)

The optimal number of shock components (kopt) could be automatically determined by minimizing (9) with regard to k:
5
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Table 1
Notations.

Table 4
Data statistics.

Symbol

Deﬁnition

Item

Measles

Ebola

E-Cigarettes

d
n
X
xi
xit
git

Number of user groups
Time span of sequences
d coevolving time sequences (i.e., X= {x1,. . ., xd})
Temporal sequence i (i.e., xi={xi1, …, xin})
Value of sequence i at time tick t
Estimated posting number of the user group i at time tick t
Estimated posting number of the user group i at time tick t when
considering external shock events
Initial posting number, i.e., {gi°}di=1
Growth rate, i.e., {ri}di=1
Carrying capacity, i.e., {Ki}di=1
Interaction matrix (d × d), i.e., A = {aij}d,d
i,j=1
Period (e.g., 52 weeks)
Number of hidden shock events
External shock tensor (d × n), i.e., E = {ei(t)}d,n
i,t=1
Participation (weight) matrix (d × k), i.e., W= {wij}d,k
i,j=1
k,np
Eﬀection matrix (k × np), i.e., B = {bj (τ)}j,τ=1

Number of tweets
Number of users
Number of weeks

206,687
101,514
28

255,118
150,382
4

772,969
336,492
24

ġit
gi°
r
K
A
np
k
E
W
B

datasets: (1) the measles outbreak in the USA in 2015 [53], (2) the
Ebola outbreak in West Africa in 2015 [54], and (3) the imposed ecigarettes regulations in the USA in 2016 [55]. The ﬁrst two datasets
represent the widespread epidemics with diﬀerent scales and impacts,
and the third dataset deals with enhanced e-cigarette regulations. These
three datasets are appropriate for this research for two reasons. First,
large-scale datasets allow supervising the entire competitive interactions of online user behaviors. Second, data analyzing from three different types of online user behaviors can oﬀer generalizable insights
into the interaction patterns.
4.1. Data collection

Table 2
Description complexity of the proposed model.
Item

Description complexity (bits)

d+n
{g°, r, K}
A
{k, W, B}

log* (d) + log* (n)
cF·(d × 3)
cF·(d ×d –d)
log* (k) + log* (np) + cF·(dk + knp)

For each of the three datasets, we used Twitter4J API [56] to collect
all tweets in English containing predeﬁned keyword sets (Table 3). In
each dataset, we constructed two synthetic keyword sets, where the
root set contains mention variations for measles, Ebola, and e-cigarettes, and the Preﬁx (Suﬃx) set contains properties related to the
mentions (e.g., regulation or isolation policies). We combined words
from these two sets to synthesize keywords for collecting target tweets.
Keywords that hit no meaningful tweets were ignored in Table 3, such
as missing spellings (e.g., “ecigarett regulation”) and seldom used
patterns (e.g., “morbilli vaccination”). Along with the tweet text, we
also downloaded the tweet id, the user id, the publish time, and the
retweet id. The descriptive statistics of the three experimental datasets
are summarized in Table 4.

Note. log* is the universal code length for integers. Floating point cost
cF = 8 bits.

Next, it assumes that there exists an interaction between the two user
groups i and j. In each single iteration, CI-FIT attempts to ﬁnd the best
sequence pair (xi, xj) that minimizes the cost function CostT (xi, xj | Sij).
This pair-ﬁtting process continues until convergence. Finally, the algorithm optimizes the full parameter set S using the entire sequence set
X.

4.2. Sentiment analysis and user group division

4. Experimental setup

After data collection, we classiﬁed each tweet into one of four
sentiment polarities: positive, negative, neutral, and irrelevant, with
regard to the topic discussed in each dataset. For the Measles, Ebola,

To test the proposed H2 model, we used three diﬀerent Twitter
Table 3
Keywords used for data collection.
Datasets

Root

Preﬁx (Suﬃx)

Keywords

Measles*

measles, measle, morbilli, rubeola, rubeolla

vaccination, vaccinate
against, vacinate against

Ebola

ebola

E-

ecig, ecigs, e-cig, e-cigarette, e-cigarettes, ecigarette,
ecigarettes, electronic cigarette, electronic cigarettes, electronic
nicotine delivery systems, vape, vaper, vapor, vapers, vaping,
vapin, evape, vaporizer, vaporizers

patient, outbreak, virus,
epidemic, quarantine,
isolation
regulation, regulate,
restrict, restriction

measles vaccination, measle vaccination,
rubeola vaccination, vaccinate against measles, vaccinate
against measle, vaccinate against morbilli, vaccinate against
rubeola, vaccinate against rubeolla, vacinate against measles,
vacinate against rubeola, vacinate against rubeolla
ebola patient, ebola outbreak, ebola virus, ebola epidemic, ebola
quarantine, ebola isolation

Cigarettes

ecig regulation, ecigs regulation, e-cig regulation, e-cigarette
regulation, e-cigarettes regulation, ecigarette regulation,
ecigarettes regulation, electronic cigarette regulation,
regulation of electronic cigarettes, regulation of electronic
nicotine delivery systems, vape regulation, vaper regulation,
vapers regulation, vaping regulation, vapin regulation,
vaporizer regulation, vaporizers regulation, regulate vapor,
regulate vaping, regulate evape, regulate vaporizer, regulate
vaporizers, restrict vaporizer, restrict vaporizers, ecig
restriction, ecigs restriction, e-cig restriction, e-cigarette
restriction, e-cigarettes restriction, ecigarette restriction,
ecigarettes restriction, electronic cigarette restriction, electronic
cigarettes restriction, vape restriction, vaping restriction,
vaporizers restriction

Note. *: Root words are selected according to CHV Wiki: http://consumerhealthvocab.chpc.utah.edu/CHVwiki/.
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given by an indicator function:

Table 5
Sentiment analysis results.
Category

Measles

Ebola

E-Cigarettes

POS
NEG
NEU
Irrelevant
Total

26,699
78,558
52,476
48,954
206,687

41,285
46,718
85,477
81,638
255,118

156,041
90,378
310,118
216,432
772,969

⎧ POS, if 1 |M| ∑m ∈ M Val (m) > vilow ,
⎪
Ci (u) = NEG, if 1 |M| ∑m ∈ M Val (m) < viup,
⎨
⎪ NEU , otherwise .
⎩

where Ci(u) indicates the group type in the i-th dataset, with POS, NEG,
and NEU, respectively, representing the positive, negative, and neutral
user groups; M is the set of |M|=N relevant tweets written by user u (if
|M| = 0, the user together with his tweets will be pruned out from the
dataset); Val(m) represents the sentiment valence of tweet m; vilow and
viup are, respectively, the lower and upper valence boundaries that separate the three user groups for the i-th dataset. In general, we considered that users within each group possess a certain kind of sentiment
“tone,” i.e., users within the POS group possess an overall positive
sentiment in the whole observation period, although with ﬂuctuations
in their emotion dynamics.

Note. The statistics takes into account both the training datasets (that manually
labeled) and the classiﬁcation results (obtained by the two-step classiﬁer).

and E-Cigarettes datasets, the topics are respectively “getting vaccination against measles,” “isolation policy during the Ebola outbreak,” and
“E-Cigarettes Regulation”. Because the original dataset was very large
for manual classiﬁcation within a reasonable timeframe, we used a
machine learning approach to identify the sentiment manifested in each
tweet. Inspired by [57], we designed a two-step approach, i.e., we ﬁrst
decided the relevance of the tweet with the topic and then decided its
polarity (e.g., positive, negative, or neutral) if it is relevant.
In each of the two steps, we built a SVM classiﬁer to perform classiﬁcation. To train the classiﬁers, we used LIBSVM [58] with a linearkernel and adopted all other parameters by default. To create a training
dataset for each classiﬁer, we held back a random subset of 5% tweets
from each dataset. For the held-out subset, we manually rated each
tweet with regard to the assigned topic. Because tweets are free texts
with nonstandard abbreviations, slangs, and otherwise poorly written
phrases, this characteristic demands us to conduct dedicated preprocessing, including tweet normalization (e.g., restoring word
lengthening such as “coooool” to its original form “cool”), part-of-speech
(POS) tagging, and word stemming. In this study, we built a rule-based
model for tweet normalization. Speciﬁcally, we used Soundex [59] to
group similar sounding characters together and assign each group a
numerical code. For example, the word “coooool” would be ﬁrst converted by Soundex to C400, and then, this code would be used to ﬁnd a
match in SenticNet, i.e., “cool” (whose Soundex code is also C400). For
POS tagging and word stemming, we use the NLTK Toolkit [60].
In feature design, we were inspired by the eﬀective features discovered by [61,62]. The chosen ones were content features (e.g., words,
punctuation, emoticons, and hashtags) and sentiment lexicon features
(e.g., number of sentiment words in a tweet). In both the relevance
classiﬁer and the polarity classiﬁer, the same feature set was used.
Overall, this approach combing two classiﬁers achieved an empirical
precision of 80.14% with fourfold cross-validation on the training dataset. We then used the trained classiﬁers to classify tweets in each
corresponding dataset. The statistics of the classiﬁcation results are
presented in Table 5.
On the basis of the sentiment analysis results, we divided users into
three groups according to their average sentiment valence of tweets, as

4.3. Group attributes
To inquire the competitive interactions between user groups, we
mainly employed three types of group attributes, namely, emotion attributes, behavior attributes, and meme attributes [63], to calculate the
distance ϕit, j of the attributes deﬁned in (5). These attributes are summarized in Table 6. Emotion (behavior) attributes were designed to
capture the relationship between emotion states (activity level) of online users and their posting number, whereas meme attributes might
uncover the eﬀect of meme diﬀusion on the posting number. In this
study, we used the algorithm proposed by He et al. [64] to extract
memes (i.e., popular phrases in social media). On the basis of these
attributes, we were able to generate an attribute vector mit for each user
group i at time tick t. Then, ϕit, j can be readily calculated according to
(5). The above attributes were chosen, as they are representative for
describing user groups, whereas other attributes can also be involved
ﬂexibly if applicable in other situations.
4.4. Parameter settings
In the following studies, we set time tick as 1 day, T = 7 days in (4),
and np is the observation period of each dataset. For user group division, we set [vlow, vup], respectively, as [−0.157, 0], [−0.001, 0], and
[0, 0.118] for the Measles, Ebola, and E-Cigarettes dataset. This setting
considers the emotion bias [65] in each dataset. For instance, the
emotion bias in the measles dataset is negative (e.g., average emotion is
−0.157), thus indicating that a large portion of users hold negative
sentiments toward vaccination during the measles outbreak in 2015.
With irrelevant users pruned, the results for user group division are
shown in Table 7.
5. Results

Table 6
Group attributes.
Type

Attribute

Description

Emotion

avgEmoValit

Average emotion valence of individuals in group i at
time tick t.
Average emotion strength of individuals in group i at
time tick t; emotion strength is measured by the ratio
of posts with the domain sentiment.

avgEmoStrenit

Behavior

avgActLevelit
diﬀuCoefit

Meme

memeEntrit
memeEmbedit

(11)

We analyze the dynamic behavior of online users in diﬀerent groups
from three aspects. First, we check how our model ﬁts the posting
number of user groups holding diﬀerent sentiments, i.e., positive, negative, or neutral. Second, we evaluate the prediction performance of
the model. Third, we examine how the competition between homophily
Table 7
User number in each group.

Average activity level (posting number) of individuals
in group i at time tick t.
Ratio of diﬀusion (reply or reposting) in group i at
time tick t.
Entropy of meme distribution in group i at time tick t.
Ratio of common memes between individuals in
group i at time tick t.

7

User Group

Measles

Ebola

E-Cigarettes

POS
NEG
NEU
Total

17,323
31,537
42,501
91,361

29,736
35,679
59,098
124,513

80,830
63,242
152,039
296,111
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Fig. 3. Fitting results. Our model (deep color lines) ﬁts the original data (light color lines) very well. In *-i ﬁgures, blue, yellow, and green lines, respectively,
correspond to the POS, NEG, and NEU groups; In *-ii ﬁgures, aijt demotes the interaction strength pointing from the user group j to i; the subscripts 1, 2, and 3
correspond to the POS, NEG, and NEU groups, respectively (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web
version of this article).
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external events (y-axis in Fig. 3-*-iii), and the k value in B determines
the event number. Fig. 3-*-iii summarizes external shock events detected during the observation period in each dataset. As the values of
matrix B deviate from zero apparently, the proposed model does detect
external shock events. Take the measles outbreak, for example (Fig. 3-aiii); the World Immunization Week (from April 23 to April 30, 2015)
depresses the posting behaviors of the NEG group because W·B < 0
within the corresponding timeframe; when one death due to measles
was reported, behaviors of the NEG group are catalyzed because W·B
> 0. In the two other datasets, we also detect several external events
that depress or catalyze online user behaviors, as shown in Fig. 3-b-iii
and -c-iii.
It is also noteworthy that all the parameters in the H2 model are
ﬁtted automatically without any empirical reﬁnement. The only factors
that might impact the ﬁtting results are the initial conditions (e.g., the
initial values in {g 0 , r , K, A, W, B} ). To test the robustness of the H2
model, we have run the model 100 times with randomly selected initialization conditions and observed similar ﬁtting results. This fact
proves that the H2 model is robust and insensitive to the parameters.
To further test the rationale of the proposed H2 model, we also
compared its ﬁtting ability with three alternative models, namely, the
revised H2 model, which only considers homophily (H model); the LV
population model; and the AR model. Fig. 4 shows the root mean square
error (RMSE) between the original and the estimated posting number
given by diﬀerent models. A lower value indicates a higher ﬁtting accuracy. As shown in Fig. 4, the H2 model achieved the highest ﬁtting
accuracy. Because the AR model tries to ﬁt the posting behaviors of
each user group linearly and in isolation, it is incapable of capturing
nonlinear interactions between diﬀerent user groups and achieves the
worst performance. As an advance, the LV model characterizes nonlinear dynamics and intergroup interactions. However, it assumes that
both intragroup and intergroup interactions are constant during the
observation period; thus, they are inadequate for describing timevarying networks in the real world. With regard to the H Model, it is
able to describe time-varying interactions by involving the homophily
principle. This principle enables it to capture the interaction enhancement between similar user groups. However, the H model fails to
consider the homeostasis principle due to limited social capital; thus, it
could not depict the essential competition between homophily and
homeostasis.

Table 8
The learned W for the three datasets.
Datasets

Measles
Ebola
E-Cigarettes

W
POS

NEG

NEU

−1.157
0.222
−1.683

5.394
1.264
5.260

3.826
−0.829
0.719

and homeostasis drives the evolution of user group interactions.
5.1. Model ﬁtting
We demonstrate the power of our model in terms of capturing important and informative patterns of posting behaviors of online users.
Fig. 3 shows the ﬁt of the H2 model to the posting number of user
groups with diﬀerent sentiments. The x-axis corresponds to the time
period, and the posting numbers in the y-axis are scaled so that each
temporal series has a peak volume of 1.0.
Fig. 3-*-i shows the ﬁtting results (deep colored lines) and the original sequences (light colored lines) for diﬀerent datasets. The good
agreement proves the capability of the model in capturing long-range
online user behaviors. In the measles (Fig. 3-a-i) and Ebola datasets
(Fig. 3-b-i), the posting volume of the NEG group outpaces that of the
POS group. This result indicates that resentments against the measles
vaccination and the Ebola quarantine still prevail among online users.
With regard to E-Cigarette regulation (Fig. 3-c-i), the posting volumes
of the POS group and the NEG group surpass each other interchangeably, thereby reﬂecting that there are ﬁerce debates on whether
E-Cigarettes should be regulated on Twitter. After April 10, 2016,
postings from the POS group outpaced those from the NEG group. This
change suggests that tweets supporting for E-Cigarette regulation ultimately prevailed on Twitter.
Fig. 3-*-ii shows the evolution of time-varying interactions between
diﬀerent users groups (aijt in the y-axis). Compared with intergroup
interactions, user behaviors are more inﬂuenced by members from the
same group because aiit > aijt , i ≠ j for most of the time (p < 0.001 according to an independent two-tailed t-test). This interaction pattern
can be explained by the homophily principle, i.e., online users are more
likely to be inﬂuenced by alters who are similar to themselves.
The eﬀects of external shocks are captured by the participation
matrix W and the Eﬀection matrix B. The participation matrix W depicts how the sentimental behaviors of each user group are aﬀected by
external shock events. The values of the learned W for the three datasets are shown in Table 8. Table 8 suggests that external shock events
aﬀect the POS group and the NEG group diﬀerently, i.e., posting behaviors of the NEG group are more sensitive to external shocks (values
in the third column of Table 8 are large), and their volumes are generally augmented when big events occur.
On the other hand, the eﬀection matrix B encodes the eﬀects of

5.2. Prediction performance
This subsection presents the prediction ability of the proposed H2
model compared with two alternatives, i.e., the LV model and the AR
model. Fig. 5 shows the prediction performance of diﬀerent models. In
this evaluation, we trained the model parameters by using the 3/4
values for each user group (black dashed lines in Fig. 5) and then
predicted the following time ticks (colored lines). In Fig. 5, the top to
the bottom rows show the original data and the prediction results of H2,
LV, and AR, respectively. As shown in Fig. 5, the proposed H2 model

Fig. 4. Fitting error of diﬀerent models.
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Fig. 5. Prediction performance of diﬀerent models.
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inﬂuenced by those with similar sentiments because intragroup interactions are the strongest. With regard to intergroup interactions, we
ﬁnd that there exist signiﬁcant positive correlations between interaction strengths from diﬀerent user groups. The corresponding Pearson's
Correlation Coeﬃcients (PCCs) are shown in Table 9, with p < 0.001.
These results suggest a strong mutual interaction between user groups,
i.e., the surge of posting numbers from one group is likely to incur more
postings from other groups, and vice-versa.
Further, we quantify the relationship between intergroup interactions and the group attributes. As shown in Table 10, the interaction
strength is negatively correlated with attribute distance, with merely
several insigniﬁcant exceptions. Because ϕtij measures the distance of
the attributes between the user groups i and j at time tick t, this negative
correlation suggests that interactions between user groups are stronger
when their attributes are similar, and vice-versa. These negative correlations well support the homophily principle, i.e., interactions between similar individuals are enhanced.

Table 9
Strength correlations between user groups.
Interactions

Measles

Ebola

E-Cigarettes

a12 vs. a21
a13 vs. a31
a23 vs. a32

0.987
0.999
0.987

0.997
0.889
0.993

0.998
0.953
0.992

Note. aij denotes the interaction strength pointing from the user group j to i; the
subscripts 1, 2, and 3 correspond to the POS, NEG, and NEU groups, respectively.
Table 10
Correlations between interaction strength and attribute distance.
Item
a12
a21
a13
a31
a23
a32

vs.
vs.
vs.
vs.
vs.
vs.

ϕ12
ϕ12
ϕ13
ϕ13
ϕ23
ϕ23

Measles

Ebola

E-Cigarettes

−0.401***
−0.340**
−0.305*
−0.300
−0.387**
−0.378**

−0.309*
−0.270
−0.641***
−0.534***
−0.382**
−0.388**

−0.238***
−0.249***
−0.251***
−0.242***
−0.253***
−0.170

5.3.2. Homeostasis
To test whether the social capital is limited during online social
interactions, we examine how the total incoming strength of the user
group i (denoted as sit ) evolves. Fig. 6 depicts the relative diﬀerence of

Note. aij denotes the interaction strength pointing from the user group j to i; ϕij
represents the distance of attributes between the user groups i and j; the subscripts 1, 2, and 3 correspond to the POS, NEG, and NEU groups, respectively;
signiﬁcance of correlation according to a paired two-tailed t-test is indicated
using *-notation (*= “p < 0.1”, **= “p < 0.05”, ***= “p < 0.01”).

sit at each time tick t, which is deﬁned as rdit =
sit

sit − sit − 1
sit − 1

× 100%. The

results suggest that the temporal dynamics of
is stationary because
the mean and variance span in narrow intervals (no larger than 1e-12).
This stationary is consistent with previous modeling assumption that
online social capital devolved in online interactions is ﬁnite. Further,
we notice that rdit still ﬂuctuates at the end in the Ebola dataset,
whereas rdit diminishes to zero in the Measles and E-Cigarettes datasets.
This diﬀerence may be attributed to the relative short observation
period of Ebola (only 1 month), which is not long enough for social
capital to enter the stable state.

successfully predicted the long-range evolution of posting behaviors of
diﬀerent user groups (with the longest period of 28 weeks in Fig. 5-a).
In addition, the H2 model can capture the change details of user posting
behaviors, i.e., the surge and the drop of posting numbers. In contrast,
the LV model can model the nonlinear change in posting numbers, yet
ignores the details, whereas the AR model only captures the general
trend in a linear manner.
Among the three datasets, Ebola is the easiest to predict (lowest
RMSE). This may be attributed to the fact that the posting behaviors of
users during the Ebola outbreak are comparatively stable (with standard deviations of 0.056, 0.073, and 0.081 for the POS, NEG, and NEU
groups, respectively); thus, the AR model can also predict with high
accuracy through linear combination (bottom of Fig. 5-b). In contrast,
the posting behaviors of Measles (Fig. 5-a) and E-Cigarettes (Fig. 5-c)
ﬂuctuate frequently, with the respective standard deviation vectors
[0.136, 0.192, 0.187] and [0.093, 0.089, 0.107].

6. Discussion
In this paper, we investigated how individual attributes reshape
their social connections by considering two competing principles, i.e.,
homophily and homeostasis. The evaluation was conducted on three
Twitter datasets: the measles outbreak in the USA in 2015, the Ebola
outbreak in West Africa in 2015, and the imposed e-cigarettes regulations in the USA in 2016. These datasets are large enough and oﬀer
generalizable implications.
Originally, we elaborated a dynamic model that accommodates
homophily and homeostasis at the same time. In this model, we also
considered the mediation eﬀect of external shock events by involving a
shock tensor. Experimental results proved that the proposed H2 model
is able to capture important and informative patterns of user behaviors.
Furthermore, examination of the time-varying interactions suggested
that online users are more likely to be inﬂuenced by alters who are
similar to themselves. Analysis of the learned shock tensors indicated
that users holding negative opinions are more sensitive to external
shocks in all three datasets.

5.3. Time-varying competitive interactions
We examine how online users interact with each other and how the
two competing principles homophily and homeostasis drive the evolution of online interaction patterns.
5.3.1. Homophily
We ﬁrst check how the homophily principle drives user interactions.
We previously found that the behaviors of online users are most

Fig. 6. Relative diﬀerence of Si. The subscripts 1, 2, and 3 correspond to POS, NEG, and NEU groups, respectively.
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In the behavior prediction task, the H2 model successfully predicted
the long-range evolution of online users’ posting behaviors. Compared
to existing methods, the H2 model consistently provided the lowest
error rate. This result can be attributed to its nonlinear depiction of
changes in user behaviors and consideration of both homophily and
homeostasis.
We turned next to study how homophily and homeostasis drive the
evolution of online users’ interaction patterns. We found that there
exists reciprocal interaction between user groups, i.e., posting behaviors of one group tend to incur consequent posting from its interactant.
We also noticed that interactions between similar user groups are
strong. This result, again, supports the homophily principle. By quantifying the total incoming strength of a user group, we found that
homeostasis is well preserved in all three datasets.
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7. Conclusions and future work
We have proposed a new dynamic model (H2 model) to depict the
evolution mechanisms of the temporal networks, which is governed by
the competition of homophily and homeostasis. Evaluation of the three
Twitter datasets suggested that the H2 model can capture long-range
behavior dynamics and present lower error rate in behavior prediction.
Through the shock tensor of the model, we successfully detected several
typical events and revealed that users with negative emotions are more
sensitive to external shock events than those with positive emotions. By
examining online time-varying connections, we found that interaction
strength is negatively correlated with user attribute distance, whereas
homeostasis is well preserved in the datasets.
In our future work, we intend to clarify how diﬀerent kinds of user
attributes inﬂuence the online interaction topology. As the interaction
topology may aﬀect the sentiments spreading on it, we will further pay
more attention to uncover the relationship between network diversity
and sentiment diﬀusion in online communities.
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