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Abstract—Existing causal inference methods for social 
media usually rely on limited explicit causal context, pre-
assume certain user interaction model, or neglect the nonlinear 
nature of social interaction, which could lead to bias 
estimations of causality. Besides, they often require sufficiently 
long time series to achieve reasonable results. Here we propose 
to take advantage of multivariate embedding to perform 
causality detection in social media. Experimental results show 
the efficacy of the proposed approach in causality detection 
and user behavior prediction in social media. 
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I.  INTRODUCTION 
Recent years have witnessed an explosive growth of 

various social media sites such as online social networks, 
blogs, microblogs, social news websites and virtual social 
worlds. This gives researchers a great opportunity to study 
social interactions on an unprecedented scale. Since 
individual behaviors have an effect on the decisions of 
friends in a social network, the knowledge of who-
influences-whom has enormous implications in security 
informatics [1]. Unfortunately, the influence structure among 
users is usually unknown and unobserved. Although some 
methods have been proposed to address this question, they 
often require sufficiently long time series, pre-assumption of 
certain particular user interaction model, a linear view of 
social interaction, or a purely stochastic view of social 
system. However, in many cases we only have very short 
time series data and the pre-assumption of particular user 
interaction model usually fails to capture the complexity of 
human behavior. Besides, nonlinearity is ubiquitous in nature 
[2] and user interaction may have nonlinear property. 

In this paper, from the perspective of nonlinear dynamic 
systems, we propose a novel causality detection approach 
based on multivariate embedding to tackle this problem. 

II. RELATED WORK

To infer the underlying causal structure, current studies 
[3], [4] are built on the a priori assumptions of certain 
information diffusion model to describe the user interaction 
mechanism. However, these models may fail to capture the 
complexity of user interaction. Later, some researchers start 
to take advantage of information theory measures, such as 
Granger causality or its variants like Transfer Entropy [5], to 
infer the causal structure among users. The drawback of such 
works is that they usually adopt a linear view of social 

interaction and a purely stochastic view of social system, 
which does not fit for the real world. Inspired from advances 
in ecology studies, a recent work [6] addressed the influence 
inference problem in social media from the perspective of 
nonlinear dynamic systems. The presented approach differs 
from previous work in that it can deal with the nonlinear 
interaction between users using very short time series and 
key steps in this approach can also be applied to time series 
prediction. 

III. PROPOSED APPROACH

Given two short time series variables, X and Y (i.e., two 
users’ activity level time series), the goal here is to infer 
whether there is a causation relationship between the two 
users. The proposed approach is built on nonlinear state 
space reconstruction. In this section, we first introduce some 
background definitions in nonlinear dynamic systems and 
then demonstrate the basic idea of our approach. 

A. Background Definitions 
Consider a dynamic process  describing the temporal 

evolution of points in an E-dimensional state space (e.g., the 
activity level of E users during time). Its trajectories 
converge to some d-dimensional (d  E) manifold M such 
that : M M. For each user X, there is a corresponding time 
series of length L, {X} = [X(1), X(2), …, X(L)], that tracks 
the trajectory of points in M mapped to a sequence of real 
numbers (e.g., the activity level time series of user X). 

A lagged-coordinate embedding uses E time-lagged 
values of {X} as coordinate axes or dimensions to 
reconstruct a shadow attractor manifold MX as shown in 
Figure 1. The points in this manifold, denoted by x(t), consist 
of the set of E-dimensional vectors x(t) = <X(t), X(t- ), X(t-
2 ), …, X(t-(E-1) )> where the time lag is positive.  

Figure 1. Construction of a shadow manifold MX. 
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B. Time Series Prediction with Univariate Embedding 
The time series {X} can be predicted by conducting 

simplex projection [7] on the shadow manifold MX, which is 
a nearest neighborhood based forecasting algorithm that 
involves tracking the forward evolution of nearby points in 
the embedding.  

We observe that simplex projection based on univariate 
(i.e., variable X) embedding can be seen as a cross map from 
the shadow manifold MX to a “forward” manifold MZ as 
shown in Figure 2. The points in the forward manifold MZ, 
denoted by z(t), consist of the set of E-dimensional vectors 
z(t) = <Z(t), Z(t- ), Z(t-2 ), …, Z(t-(E-1) )> and Z(t) = X(t+ ), 
where  is the forward step (i.e.,  = 1). 

 
Figure 2. Cross map from the shadow manifold to the 
forward manifold. 

C. Smoothness of the Map 
Since simplex projection is based on finding the nearest 

neighborhood, it requires a sufficiently long time series to 
achieve reasonable results. When the original time series is 
very short, it may fail to work. In fact, a good cross map 
prediction result means nearby points on the shadow 
manifold MX correspond to nearby points on the forward 
manifold MZ. A recent work [8] states that finding mutual 
neighbors is actually measuring the smoothness of the map. 
The critical fact is that any smooth map can be approximated 
by a neural network, while the approximation will fail with 
large training errors when the map is unsmooth. 

As a result, by treating points on MX as input and points 
on MZ as output, we can train a neural network and use the 
training error to equivalently measure how well the time 
series {X} can be predicted based on its historical values.  

D. Multivariate Embedding based Causality Detection 
In addition to univariate embedding, a recent work [9] 

has proven that multivariate embedding created from 
multiple variables can also reconstruct the original system 
dynamics. By multivariate embedding, we can add another 
time series (i.e., variable Y) to the construction of manifold 
MX. As a result, we have a set of vectors xy(t) = <X(t), X(t- ), 
X(t-2 ), …, X(t-(E-2) , Y(t))>, which make up the mixed 
manifold MXY. 

Similar to the spirit of Granger causality, if the variable Y 
influences X, then adding Y should improve the univariate 
prediction of X. In other words, if Y influences X, then the 
cross map from mixed manifold MXY to forward manifold MZ 

should be smoother than the map from shadow manifold MX 
to forward manifold MZ. Consequently, as shown in Figure 3, 
we can train two neural networks,  for univariate 
embedding and  for multivariate embedding. If the 
training error of neural network is smaller than training 
error of  , then we say that variable Y influences X.  

 

 
Figure 3. Training two neural networks for univariate and 
multivariate embedding. 

We call this proposed approach described above as 
Multivariate Embedding based Causality (MEC) detection. 
In the implementation, we choose to train a widely used 
neural network, namely Radial Basis Function (RBF) neural 
network. The training error is obtained by the leave-one-out 
method. Specifically, if the training error ( XY:Z) of is 
smaller than training error ( X:Z) of , then we calculate 
the  causality strength from Y to X as follows: 
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IV. EXPERIMENT 
We evaluate the proposed approach by conducting 

experiments on both synthetic and real world data. 

A. On synthetic data 
Suppose there is a closed community containing only 

two users X, Y, and the user activity level (e.g., # of posts) 
during time can be described as follows: 

 1

1

( )

( )

γ
γ

+

+

= − −

= − −
t t x x t yx t

t t y y t xy t

X X r r X Y

Y Y r r Y X
  

where 3.8, 3.5, 0, 0,0.01,0.02,..., 2.99,3γ γ= = = =x y yx xyr r . 

The parameters ,γ γyx xy denote the influence of Y on X and 
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the influence of X on Y, respectively. Only
are generated for each user. Two base
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Figure 4. Illustration of time series X, Y and
of MEC, CCM and Granger causality. 
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V. CONCLUSIO
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