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Abstract — Discovery of biological networks using Granger causality is dependent on evaluating temporal dependences between 
variables. However, with the advancement of technology, we can now simultaneously analyze multiple variables that result in high 
dimensional data and cannot be analyzed using standard implementation. Moreover, recent studies suggest that more causal 
information can be retrieved if we reverse the time stamp of time series data along with standard time series data. Based on these 
findings, we are proposing a new method called Forward Backward Pairwise Granger Causality. The results show that our method 
can handle high dimensional data and can extract more causal information compared to the existing LASSO-based method. We 
have performed a comparison of proposed and existing method using simulated data and then used the proposed method on some 
real biological dataset across different areas that include mapping of the gene network, protein network, and effective brain 
connectivity. 
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I. INTRODUCTION 

Granger causality is one of the widely used techniques 
for mapping network structures that uses time series data. 
The concept of Granger causality was first proposed in 
econometrics and later it was used in bioinformatics for 
studying different aspects of human and animal physiology 
and anatomy.  

The basic definition of Granger causality as discussed by 
Granger in 1969 [1] is based on the notion that every action 
has its impact at some point in time. This notion was 
reinterpreted by Cheng et al. [2] which proposed that we can 
use the time series data in reverse order and look for the 
reasons of things that occur in the present by analyzing past 
actions. 

To implement Granger causality analysis, the standard 
implementation as proposed by Granger in 1969 uses the 
ordinary least squares method. However, due to the 
advancement of technology, the standard implementation is 

not viable options based on the fact that OLS needs more 
observational time points compared to the number of 
variables it is analyzing. Therefore, researchers have 
proposed some alternates which replace OLS using different 
LASSO-based regularization [3, 4]. However, use of 
regularization methods results in loss of efficiency of 
Granger causality. Therefore, Tam et al. [5-7] have proposed 
to use OLS in pairs that can resolve the dimensionality issues 
without compromising the overall efficiency. 

Recently, Siyal et al. [8] had performed a study to 
compare LASSO-based implementation, standard OLS 
implementation and pairwise OLS implementation of 
Granger causality. They have concluded that pairwise 
Granger causality outperforms the other common 
alternatives that include different LASSO-based 
regularization techniques. 

Based on these findings, we are suggesting a method that 
uses a combination of pairwise Granger causality and time 
reversal property which we call Forward Backward Pairwise 
Granger causality. This proposed method can handle the 
dimensionality issue without compromising the efficiency 
and at the same time, it can extract more causal information 
from the given time series data. 

Shorter version of this paper was presented at IEEE Third 
International Conference on Artificial Intelligence, 
Modelling and Simulation, 2 - 4 December 2015. 
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This paper consists of 4 sections. Section 2 provides the 
basic understanding of Granger causality and the proposed 
modifications. In section 3, we will discuss the 
experimentation details including implementation of 
proposed method and some real biological application of 
proposed. Section 4 will conclude the paper by summarizing 
the findings of the paper. 

II. BACKGROUND 

A. Granger causality 

Granger causality was first introduced to analyze the 
causal relation between financial time-series data. Later, the 
same concept was adopted in the fields of bioinformatics for 
evaluating functional brain connectivity [9, 10], effective 
brain connectivity [10, 11], gene networks [12, 13], etc. 

According to Granger, in two variable system. Variable 1 
Granger cause Variable 2 if past information of Variable 1 
helps to predict the future more accurately in comparison to 
using the previous information of single variable [1]. To 
implement this idea, numerous procedures have been 
introduced that includes Vector Autoregressive (VAR) 
model, infinite order VAR, impulsive response functions, 
etc. as discussed in detail by [14]. 

Among these procedures, Vector Autoregressive model 
gets more attention in bioinformatics due to ease and 
simplicity of interpretation of its results. To make the 
concept clearer, we will discuss the basic bivariate AR 
model, which can be easily extended to multivariate model 
and can be referred in [14].   

B. Bivariate Autoregressive model 

As discussed in [15], a two-variable system can be 
mathematically articulated using time series x1(t) and x2(t) of 
length T where t=1,2,3, …, T. Its auto-regressive model can 
be described as: 

 

where “p” is the model order and ε1(t) and ε2(t) are 
independent and identically distributed white noise with 
Ε(ε1(t)) = Ε(ε2(t)) = 0, Ε(ε1(t)ε1(t)’) = Ε(ε1(t)ε1(t)’) = ε and  
Ε(ε2(t)ε2(t)’) = Ε(ε2(t)ε1(t)’) = 0.  

These above equations can be transformed in matrix form 
as: 

 

where 

 

 

where m=T-p pairs of equations. 

While analyzing the above matrices, it can be observed 
that only weight matrix “β” is unknown. In the standard 
implementation as proposed by Granger, the weight matrix 
“β” can be calculate using the following equation, as long as 
X’X is not singular. 

 

To find the prediction error for x1, we measure the 
residual sum of square (RSS) for unrestricted model  

 
(2) 

where y and   are the 1st column entries of Y and β 
receptively. 

Using the above definition of Granger causality, we can 
express the direction of flow of information, i.e. to see 
whether x2 Granger causes x1. According to which, if x2 
Granger causes x1, then the use of previous observations of 
x2 improves the prediction. Therefore, we repeat the above 
process by removing the second variable on following set of 
equations: 
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The calculated RSS value for the restricted model, i.e. 
with single variables, will be denoted by RSS21.  

The F-statistic is calculated using equation 2. 

  

 

(3) 

The F-statistic was performed under the null hypotheses 
that x2 does not Granger cause x1. This null hypothesis 
follows the F(p,m-2p) distribution so that we can have 
corresponding p-values. If RSS1 is much smaller than RSS21, 
we obtain the larger F-value using equation (3) which 
corresponds to the smaller p-value. If the p-value is smaller 
than the pre-defined threshold, it confirms the presence of 
Granger causality which means x2 Granger causes x1.  

In order to verify the reverse scenario, i.e. whether x1 
Granger causes x2 or not, the above procedure is applied 
while reciprocation the roles of variable x1 and x2.  

For the direction of the flow of information, we use the 
fact that if x2 Granger causes x1, then the information flows 
from x2 => x1 and vice-versa. 

C. Pairwise Granger Causality 

The major limitation that standard implementation of 
Granger causality faces is the use of OLS, which limits the 
full model analysis for high dimensional cases i.e. when a 
number of variables >>> number of observational time 
points. This condition more frequently arises when dealing 
with biological data due to data procurement procedures.  

To resolve this issue, Tam et al. [5, 6] proposed to use 
multiple bivariate models instead of using single multivariate 
models for computing weight matrix “β”. They later 
combined all bivariate results to make single weight matrix 
“β”. Using this strategy, we can take the full advantage of the 
efficiency of the OLS method and handle high-dimensional 
data. 

D. Forward Backward Pairwise Granger Causality 

Based on the finding of Siyal et al. [8] and Cheng et al. 
[2], we are proposing to use the pairwise Granger causality 
instead of LASSO-based Granger causality analysis on both 
standard time series data and reverse time stamp data. Hence, 

the proposed method have the advantage of pairwise Granger 
causality and will include all possible causal effect.  

The pseudo-code of the proposed method is presented in 
Table below:  

Pseudo code 

 Calculate Forward Pairwise Granger Causality 
using original time series data. 

 Reverse the time stamp of original time series 
data 

 Calculate Backward Pairwise Granger 
Causality using reverse timestamp time series 
data 

 Combine both causalities using following 
weight expression: 

 

 

III. EXPERIMENTATION AND RESULTS 

We have implemented our proposed method and existing 
technique on MATLAB using some functions from Granger 
causal connectivity analysis GCCA toolbox [16] and Glmnet 
toolbox [17]. 

A. Simulated dataset 

In order to compare our proposed method with existing 
LASSO-based method, we used simulated data set. We have 
compared both methods using two vital measures called 
precision and false discovery rate which is calculated using 
following formula: 

 

In order to remain unbiased in our comparison, we have 
used the five variable scenarios as shown in Figure 1 which 
have been utilized in the past to compare similar algorithms 
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[8, 16, 18-20]. This system is modeled using the following 
set of mathematical equations: 

 

 

 

Figure 1: Directed map of the five-variable simulated dataset. 

 
We have simulated 250 set of data for variable length 

ranging from 50-time points to 500-time points using given 
equation. Each time we have initialized these equations with 
white Gaussian noise having unit variance and zero mean 
and truncated the first 50 time points to reduce the transient 
effect of data. 

 

Figure 2: Results of the comparative study on simulated dataset. 

 
Based on the results of simulated data shown in Figure 2, 

we observed that our proposed method showed more than 
10% better precision and around 13% less false discovery 
rate. 

B. Real biological dataset 

1) Gene Network 

As discussed in [15], we applied our proposed method to 
real Hela cell data set that was collected by Whitfield et al. 
[21] using DNA microarray technique and can be accessed 
using [22]. They have studied the human HeLa cell line and 
identified more than 1100 gene. Among them, 19 genes were 
analyzed, as proposed in [23, 24]. The names of the 
preselected genes are – PCNA, NPAT, E2F1, CCNE1, 
CDC25A, CDKN1A, BRCA1, CCNF, CCNA2, CDC20, 
STK15, BUB1B, CKS2, CDC25C, PLK1, CCNB1, 
CDC25B, TYMS, and DHFR.  

The resultant gene network is shown in Figure 3. 

 

 

Figure 3: Inferred Gene Network for 19 pre-selected genes involves in 
cancer. 

 
2) Protein Network 

As discussed in [20], the proposed method is used on 
mice protein expression dataset [25, 26]. This data set is 
measured in the cerebral cortex of control mice exposed to 
context fear conditioning, a task used to assess associative 
learning and consists of 69 proteins modifications that 
produced detectable signals in the nuclear fraction of the 
cortex. 

The resultant protein map is shown in Figure 4. 
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Figure 4: Protein map of control mice using Forward Backward Pairwise 
Granger causality. 

 
3) Effective Brain Connectivity Network 

Later, we used the proposed method to real StarPlus 
fMRI data that was collected by Marcel et al. [27] and had 
been used by many researchers such as [18, 28-30]. This data 
set was collected to observe the regions involved in 
comprehending the relation between sentences and pictures. 

  This StarPlus dataset identified 25 anatomical regions of 
interest (ROIs) namely - left dorsolateral prefrontal cortex 
(LDLPFC) and right dorsolateral prefrontal cortex 
(RDLPFC), calcarine sulcus (CALC), left frontal eye fields 
(LFEF), right frontal eye fields (RFEF), left inferior parietal 
lobule (LIPL), right inferior parietal lobule (RIPL), left 
intraparietal sulcus (LIPS), right intraparietal sulcus (RIPS), 
left inferior frontal gyrus (LIFG), left opercularis (LOPER), 
right opercularis (ROPER), supplementary motor areas 
(SMA), left and right inferior temporal lobule (LIT, RIT), 
left and right posterior precentral sulcus (LPPREC, 
RPPREC), left and right supramarginal gyrus (LSGA, 
RSGA), left temporal lobe (LT), right temporal lobe (RT), 
left and right triangularis (LTRIA, RTRIA), left superior 
parietal lobule (LSPL) and right superior parietal lobule 
(RSPL). 

The resultant effective connectivity map is shown in 
Figure 5. 

 

Figure 5: Effective brain connectivity map involves in human deductive 
reasoning. 

IV. CONCLUSION 

In this paper, we have proposed a technique called 
Forward Backward Pairwise Granger Causality which is 
based on the notion that causality can be traced in either 
direction. Our proposed method can handle high-dimensional 
time series data and can extract the maximum amount of 
causal information. We have implemented our proposed 
method in MATLAB and shown its effectiveness in terms of 
precision and false discovery rate using simulated datasets. 
Later, we have applied our method to real biological datasets 
and displays the versatility of our method by mapping gene 
network, protein network and effective brain connectivity. 
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