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Abstract 

The loading factors are a key component for price discovery measurement. So far, the loading 
factors have always been assumed as static. This paper is the first one to investigate the time-
varying loading factors for the price discovery measurement.  Based on the minute-by-minute 
data from the S&P 500 cash and E-mini futures markets, this paper reveals that the loading 
factors are indeed autoregressive of order 1 (AR(1)) which confirms the self-dependence 
nature of informed trading. Furthermore, we propose three AR(1) processes for the loading 
factors and assess their performance in price discovery measurement compared to the static 
loading factor model.  
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Abstract 

The error correction coefficients, known as the loading factors, are a key component for price 
discovery measurement. So far, the loading factors have always been assumed as static. This 
paper is the first one to investigate the time-varying loading factors for the price discovery 
measurement.  Based on the minute-by-minute data from the S&P 500 cash and E-mini 
futures markets, this paper reveals that the loading factors are indeed autoregressive of order 
1 (AR(1)) which confirms the self-dependence nature of informed trading. Furthermore, we 
propose three AR(1) processes for the loading factors and assess their performance in price 
discovery measurement compared to the static loading factor model. Overall, this research 
confirms the importance of autoregressive loading factors for the price discovery 
measurement.  
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1. Introduction   

Price discovery measurement has been studied in the literature for decades. So far, there have 

been two groups of measures quantifying how security prices in a cointegrated system 

assimilate new information driving their fundamental values. One group focuses on the static 

price discovery measurement (e.g. Hasbrouck, 1995; Gonzalo and Granger, 1995; Harris et 

al., 2002; Yan and Zivot, 2010; Lien and Shrestha, 2009, 2014; Wang and Yang, 2011, 2015; 

Gramming and Peter, 2013).  The other group focuses on the time-varying price discovery 

measurement (e.g. Ates and Wang, 2005; Chen and Gau, 2009, 2010; Xu and Wan, 2015; 

Taylor, 2011; Avino et al., 2015; Bell et al., 2016).  However, neither of the two groups takes 

into account the time-varying nature of the error correction coefficients (i.e. the loading 

factors) in the vector error correction model (VECM) for the estimation of the price discovery 

measures.  

Since the theoretical models indicate that the nature of informed trading changes 

systematically over time, the error correction coefficients that capture the impacts of 

informed trading on the formation of efficient prices via the arbitraging activities are 

expected to change over time as well. In other words, the long-run impacts of new 

information on price series may well be time-dependent and reflects how informed trading 

behaves at a specific point in time while the cointegration relationship is violated. Moreover, 

variables of informed trading are likely to evolve endogenously on their own1. The self-

dependence of informed trading is likely to result in the autoregressive behaviour of loading 

factors.  Thus it is important to investigate the time-varying nature of the loading factors.  

 To our best knowledge, there have been no studies in the literature investigating whether the 

error correction coefficients follow an autoregressive process. Further, the question whether 

1 The variables may contain, for example, the number of agents collecting information, the intensity with which 
agents trade on information, analytical skills, risk perception, and the ways of acquiring information.  
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taking into account the autoregressive loading factors benefits the analysis of price discovery 

remains open.  

This paper aims to fill these research gaps in the literature. First, this study tests whether the 

error correction coefficients are autoregressive. Specifically, this study considers stationary 

autoregressive processes of order 1 (AR(1)) for the loading factors in the VECM.  Three 

AR(1) processes are proposed: the conventional AR(1), the sine-function-based AR(1) and 

the cosine-function-based AR(1)2. Empirical tests are carried out for these models based on 

the minute-by-minute data of the S&P 500 cash index and the E-mini futures contacts.   

Second, this paper investigates the benefits of taking into account the autoregressive loading 

factors for price discovery measurement. We computes the Hasbrouck (1995)’s information 

share (IS), Lien and Shrestha (2009)’s modified information share (MIS) and Lien and 

Shrestha (2014)’s generalised information share (GIS) measures by using both the proposed 

AR(1) loading factors and the conditional covariance of innovations of the VECM3. The 

latter is predicted by an asymmetric generalised dynamic-conditional-correlation (AG DCC) 

GARCH model that is estimated under the assumption that returns follow a more generalised 

skewed Student’s t distribution. The same measures calculated by the constant loading factors 

are derived for comparison purpose4.  In particular, we compare the AR(1) loading factors 

with the constant ones in terms of model evaluation, information share measure estimates and 

their standard deviations. Moreover, a comparison across the autoregressive loading factors is 

conducted using the same criteria. The best AR(1) model on the loading factors is then 

identified.  

2 It should be noted that we only focus on the basic triangular functions to construct AR(1) models for the 
loading factors. Any other combination of these triangular functions will be left to future studies.  
3  We also calculate the PT/GG measure based on the constant and time-varying loading factors for the 
comparison purpose.  
4 Price discovery measures generated by the constant loading factors include: (i) the constant IS, MIS, GIS and 
PT/GG measures from estimates of the conditional mean of the VECM-AGDCC GARCH model; (ii) the same 
measures from estimates of both the conditional mean and the conditional covariance matrix of the VECM-
AGDCC GARCH model.  
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This paper contributes to the literature as follows. It is the first one in the literature to 

investigate the autoregressive error correction coefficients in the context of price discovery 

measurement. This paper confirms that taking into account the autoregressive loading factors 

in the measurement of price discovery produces better results than using the constant loading 

factors.  In particular, it is found that the S&P 500 E-mini futures market plays a leading role 

in price discovery compared to its cash counterpart. The result aligns with the established 

consensus in the literature on price discovery (e.g. Hasbrouck, 2003; Kurov and Lasser, 2004; 

Ates and Wang, 2005). However, the constant loading factors fail to achieve the above result. 

Overall, our research reveal that the time-varying loading factors can enhance the 

understanding on impacts of informed trading on prices of the cointegrated financial markets.  

The remainder of the paper is organised as follows. Section 2 briefly reviews the relevant 

literature on price discovery measure. Section 3 develops the methodology adopted for this 

paper. Data and some preliminary analyses are described in Section 4. Section 5 presents the 

empirical results. Concluding remarks are given in Section 6.  

 

2. Price discovery measures   

2.1. Static price discovery measures 

Based on a vector error correction representation proposed by Engle and Granger (1987) for 

cointegrated price series, Hasbrouck (1995) transforms such representation into a vector 

moving average model from which information share measure is derived. The Hasbrouck 

information share calculates the contribution of one market to the total variance of the long-

run impacts of new information on prices, as that market’s contribution to price discovery. 

The information share measure is attractive due to the fact that it incorporates both the error-
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correction coefficients and the innovation covariance matrix (Lien and Shrestha, 2009). The 

measure has been widely applied to study price discovery in the literature (see, e.g. Tse, 1999; 

Hasbrouck, 2003; So and Tse, 2004; Tse et al., 2006; Tao and Song, 2010).  

Another well-known static price discovery measure is the permanent-temporary measure 

(PT/GG) (Gonzalo and Granger, 1995) in which the price series is decomposed into a 

permanent component and a transitory component. The permanent component is assumed to 

be a linear function of the original series. In particular, it is considered to be the common 

factor driving the prices in all the markets. The normalised coefficient of the weight is used 

as the measure of price discovery for the market (Booth et al., 1999, 2002; Chu et al., 1999; 

Harris et al., 2002; Covrig et al., 2004). The advantage of the PT/GG measure is that it 

delivers a unique value for evaluating price discovery performance, which facilitates the 

hypothesis testing on a market’s contribution to price discovery. However, this measure 

ignores the innovation covariance matrix, i.e., information generation process.  

Note that the Hasbrouck information share and the PT/GG measure are closely related to each 

other (De Jong, 2002; Ates and Wang, 2005). Neither of them is superior to the other 

(Hasbrouck, 2002). The major difference between them is that the PT/GG measure takes into 

account the price reaction to new information while the IS incorporates both the long-run 

impacts of news on prices and the nature of information generation process (Lien and 

Shrestha, 2014). These two measures deliver different results only when the markets are 

substantively correlated (Baillie et al., 2002). Compared to information share, the efficient 

price defined in the PT/GG measure is more volatile and autocorrelated. Hence, on average, 

the information share measure provides a more meaningful inference and has more economic 

relevance (Chen and Gau, 2009)5.  

5 Yan and Zivot (2010) also compare the IS measure with the PT/GG measure using a structural cointegration 
model.  

5 
 

                                                 



However, the information share approach has one drawback, i.e., it is not able to yield a 

unique measure on price discovery. Since this approach depends on the ordering of the series, 

one ends up with upper and lower bounds as indicators for price discovery performance on 

the underlying market. It is not problematic when the two bounds are close to each other. 

However, the difference between the two bounds increases as the correlation between the 

cointegrated markets increases.  As many markets are highly correlated, it is inevitable to 

observe that the bounds are far apart (Lien and Shrestha, 2009). A large gap between the two 

bounds of the IS measure makes it hard to draw a conclusion on price discovery performance 

of the underlying market. This problem is not resolved until the modified information share 

(MIS) is proposed by Lien and Shrestha (2009)6.   

One advantage of MIS over IS is that it provides a unique measure for a market’s 

contribution to price discovery. This is achieved by proposing a different factorization 

structure of the covariance matrix of innovations. The way to factorise the correlation matrix 

instead of the covariance matrix of innovations in MIS gets rid of the ordering dependence 

due to the Cholesky factorisation that the IS measure uses. Consequently, the result of MIS 

for one market is unique and independent of the location of the price series of a market in a 

price vector. Alternatively, Gramming and Peter (2013) suggest a method to yield a unique 

market information share which is based on the different correlations of price innovations in 

the tails and in the centre of the distributions7.  

Although the non-uniqueness problem can be resolved, all of the IS, MIS and Gramming and 

Peter’s information share measures require the assumption that the cointegrating vector is 

6 Baillie et al. (2002) suggest that a mid-point of the upper and lower bounds of the IS approach is a reasonable 
measure of a market’s price discovery performance. It has been used in Hasbrouck (2003), Chakravarty et al. 
(2004), Ates and Wang (2005), and Chen and Gau (2009, 2010), among others. However, Lien and Shrestha 
(2009) point out that the average seems to be arbitrary since it cannot be shown to be related to any particular 
factorization structure. In addition, for the IS averages of more than two markets, the sum of them would not 
necessarily be 100%. 
7 Lien and Wang (2016) conclude that MIS is superior to Gramming and Peter’s information share.  Given that 
MIS is a special case of GIS, GIS may be superior to Gramming and Peter’s information share as well.  Hence 
we focus on MIS and GIS only for analysis in this paper.  
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restricted to (1,-1). Consequently, they are applicable only when the markets are substantially 

correlated. To relax this restriction, Lien and Shrestha (2014) propose a generalised 

information share (GIS) measure which can appropriately deal with the situation where the 

cointegrating relationship is not one-to-one, that is, the markets correlate loosely with each 

other8.  

2.2. Time-varying price discovery measures 

The measurements on price discovery illustrated so far assume that the contribution to the 

formation of efficient prices by a market is time-invariant. However, the validity of this 

assumption is in doubt according to some recent studies which find that price discovery may 

vary over time. The underpinning theoretical models suggest that the variation in price 

discovery can be traced back to the fundamental variables such as the number of agents 

collecting information and the intensity with which agents trade on information, assuming 

private information is long-lived (Admati and Pfleiderer, 1988; Back and Pedersen, 1998). 

The drivers for the time dependence of price discovery include volatility, trading activities 

variables such as trading volume and the number of trades, and other market microstructure 

variables such as investor structure, bid-ask spread and market share (Chakravarty et al., 2004; 

Capelle-Blancard, 2001; Ates and Wang, 2005; Chen and Gau, 2009, 2010; Xu and Wan, 

2015). In addition, Taylor (2011) finds that price discovery co-varies with a set of 

information asymmetry and liquidity variables in the market given that the parameters used 

for calculating information share co-move with those variables over time. More recently, 

Avino et al. (2015) propose a multivariate generalised autoregressive conditional 

heteroscedasticity (MGARCH) model to estimate the conditional covariance matrix of 

innovations, allowing the information share measure to be time-varying.  

8 The weighted price contribution (WPC) to measure price discovery of non-overlapping financial markets is 
well documented by Wang and Yang (2011, 2015).  
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Note that the derivation of the time-varying price discovery measures is so far limited to four 

methods. The first method uses high-frequency tick data to calculate information share that 

varies at low frequencies. This method is adopted in Ates and Wang (2005), Chen and Gau 

(2009, 2010), Xu and Wan (2015), among others. The second one employs a rolling window 

approach  to obtain the time-varying parameters in the vector error correction model (VECM) 

that ultimately leads to the time-varying price discovery measures (Bell et al., 2016). With 

respect to the third method, Taylor (2011) attaches several scaling factors that are based on 

the dynamic measures of information asymmetry and liquidity to the parameters in the 

VECM9. The time-varying price discovery is thus achieved. The last method of computing 

the time-varying price discovery measures is motivated by Avino et al. (2015).  As mentioned 

above, they employ a MGARCH model to gauge the conditional covariance matrix of 

innovations that is a key component of the information share measure. Then the time-varying 

lower and upper bounds of IS are obtained.  

 

3. Methodology  

3.1. Price Discovery Measurement 

Let Yt be an n × 1 vector of price series integrated of order 1.  There are at most n - 1 

cointegrating vectors that are stationary such that Yt contains one single common stochastic 

trend (Stock and Watson, 1988)10. Thus Yt can be specified in the following vector error 

correction model (VECM) (Engle and Granger, 1987):  

                                                Δ𝑌𝑡𝑡 = Π𝑌𝑡𝑡−1 + ∑ 𝐴𝑖𝑖Δ𝑌𝑡𝑡−𝑖𝑖𝑘
𝑖𝑖=1 + 𝜀𝑡𝑡.                                          (1) 

9 The dynamic measures include intraday periodicity, time to maturity of futures contracts, liquidity variables, 
and the time period before and after the announcement of key macroeconomic data.  
10 n equals to 2 in this paper.  
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where Π = α𝛽𝑇. α and 𝛽 are 𝑛 × (𝑛 − 1) matrices where α𝛽𝑇 has n-1 non-zero eigenvalues.  

𝛽𝑇𝑌𝑡𝑡−1  consists of (n – 1) cointegrating equations. Each column of α  is comprised of 

adjustment coefficients which are known as the loading factors. The covariance matrix of the 

error term is given by Ω = E[𝜀𝑡𝑡𝜀𝑡𝑡𝑇] where E[. ]is the expectation operator.  

According to Stock and Watson (1988) and Hasbrouck (1995), the VECM can be rearranged 

as the following vector moving average (VMA) model: 

                                                                     Δ𝑌𝑡𝑡 = Ψ(𝐿)𝜀𝑡𝑡,                                                      (2) 

or, 

                                                 𝑌𝑡𝑡 = 𝑌0 + Ψ(1)∑ 𝜀𝑠𝑡𝑡
𝑠=1 + Ψ∗(𝐿)𝜀𝑡𝑡.                                        (3) 

The Engle-Granger representation theorem (Engle and Granger, 1987) suggests Ψ(1) has the 

following important properties due to the cointegration (De Jong, 2002; Lehmann, 2002): 

                                                     𝛽𝑇Ψ(1) = 0 and Ψ(1)𝛼𝛼 = 0.                                             (4) 

Ψ(1)𝜀𝑡𝑡  in Equation (3) represents the long run impact of innovations on the price series 

(Hasbrouck, 1995). This term is the major focus of information share measure. According to 

Baillie et al. (2002), Ψ(1) can be represented by  

                                                              Ψ(1) = 𝛽⊥𝒦𝛼𝛼⊥𝑇.                                                         (5) 

where 𝛼𝛼⊥  and 𝛽⊥ are orthogonal matrices to 𝛼𝛼 and 𝛽, respectively.  𝒦 is a scalar since there 

is only one common stochastic trend in the system. The common efficient price is represented 

by 𝛼𝛼⊥𝑇 ∑ 𝜀𝑠𝑡𝑡
𝑠=1 .  

3.1.1. Hasbrouck Information Share  

Assuming each of the pairwise cointegrating coefficients in 𝛽 is (1, -1), Equation (4) implies 

that Ψ(1) has identical rows. Let  𝜓 = (𝜓1,𝜓2, …, 𝜓𝑛) be each row of Ψ(1). 𝜓𝜀𝑡𝑡  represents 
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the long-run impacts of innovations on each price series. Assuming that the covariance matrix 

Ω is diagonal, that is, the innovations are independent, the IS of market j is defined as  

                                                          𝑆𝑗 =
𝜓𝑗
2Ω𝑗𝑗

𝜓Ω𝜓𝑇                                                                      (6) 

where 𝜓𝑗  is the jth element of the vector 𝜓. 𝜓Ω𝜓𝑇 is the variance of 𝜓𝜀𝑡𝑡.  

Note that since 𝜓𝜀𝑡𝑡 represents the long-run impacts of innovations on unit-root series, the IS 

of market j is the proportion of the variance of the long-run impacts that is attributable to the 

innovations of market j (Baillie et al., 2002). In other words, the IS of market j is the 

contribution of market j to the total variance of the common efficient price or permanent 

impact (Lien and Shrestha, 2014). Thus, IS measures each market’s capacity to assimilate 

new information.  

When Ω is not diagonal, the IS of market j is given by (Hasbrouck, 1995) 

                                                        𝑆𝑗 = ([𝜓𝐹]𝑗)2

𝜓Ω𝜓𝑇                                                                       (7) 

where 𝐹 is the Cholesky factorization of Ω such that Ω = 𝐹𝐹𝑇. [𝜓𝐹]𝑗 is the jth element of the 

vector 𝜓𝐹 . Due to the Cholesky factorization, the upper (lower) bound of series j’s 

information share arises if series j is the first (last) variable in 𝑌𝑡𝑡 . This is known as the 

ordering problem where the calculation of IS of a particular series depends on its ordering in 

the price vector 𝑌𝑡𝑡. Hence the IS measure of one market is not unique.  

Let 𝑓𝑖𝑖𝑗  ( 𝑖 = 1, … ,𝑛, 𝑗 = 1, … ,𝑛 ) be an element of the triangular matrix 𝐹  and 𝛾𝑖𝑖  be an 

element of the row vector of 𝛼𝛼⊥𝑇 . According to Baillie et al. (2002), the upper and lower 

bounds of the IS of market j with 1 ≤ 𝑗 ≤ 𝑛 are given by 

                                     𝐼𝑆(𝑈𝐵)𝑗 = [∑ 𝛾𝑖𝑓𝑖1𝑛
𝑖=1 ]2

[∑ 𝛾𝑖𝑓𝑖1𝑛
𝑖=1 ]2+[∑ 𝛾𝑖𝑓𝑖2𝑛

𝑖=2 ]2+⋯+[𝛾𝑛𝑓𝑛𝑛]2
 ,                                  (8) 
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                                      𝐼𝑆(𝐿𝐵)𝑗 = [𝛾𝑛𝑓𝑛𝑛]2

[∑ 𝛾𝑖𝑓𝑖1𝑛
𝑖=1 ]2+[∑ 𝛾𝑖𝑓𝑖2𝑛

𝑖=2 ]2+⋯+[𝛾𝑛𝑓𝑛𝑛]2
 .                                 (9) 

Note that the upper bound incorporates the market’s own contribution represented by 𝑓11 and 

its correlation with the other series as indicated by 𝑓𝑖𝑖1(𝑖 = 2, … ,𝑛). The lower bound only 

takes the series’ ‘pure’ contribution into account and it does not correlate with the other series 

as represented by 𝑓𝑛𝑛. It is observed that the higher the correlation, the greater (smaller) the 

upper (lower) bound (Baillie et al., 2002).  

3.1.2. Modified Information Share  

A solution to resolve the ordering problem of Hasbrouck information share is proposed by 

Lien and Shrestha (2009). The new measurement without the ordering problem is called 

modified information share (MIS). The MIS employs a different factor structure that is based 

upon the correlation matrix of innovations instead of the covariance matrix. Let Φ represent 

the innovation correlation matrix and  Λ be the diagonal matrix consisting of the eigenvalues 

of the correlation matrix. The corresponding eigenvectors are the column vectors of matrix G. 

Further, let V be a matrix containing the standard deviations of innovations on the diagonal. 

Then we have the following relationship: 

                                                                  𝜀𝑡𝑡 = 𝐹�𝑧𝑡𝑡.                                                              (10) 

where 𝐹� = [𝐺Λ−1/2𝐺𝑇𝑉−1]−1  and Ω = 𝐹�𝐹�𝑇 . 𝑧𝑡𝑡  are the innovations with mean zero and 

identity covariance matrix; i.e., 𝐸[𝑧𝑡𝑡] = 0 and 𝐸[𝑧𝑡𝑡𝑧𝑡𝑡𝑇] = 𝐼. The MIS of market j is given by 

                                                                𝑆𝑗𝑀 =
[𝜓𝑗

𝑀]2

𝜓Ω𝜓𝑇.                                                            (11) 
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where 𝜓𝑀 = 𝜓𝐹� and 𝜓𝑗𝑀 is the jth element of 𝜓𝑀. It is noteworthy that the factor structure 𝐹� 

leads to the IS measure being independent of ordering11. Thus the upper and lower bounds of 

the IS are waived12.  

3.1.3. Generalised Information Share  

Both IS and MIS measures are under the assumption that each pair of the cointegrating 

coefficients in 𝛽  is (1,-1).  This restriction implies that each row of Ψ(1)  is the same. 

However, the one-to-one cointegrating relationship does not necessarily hold in reality. Lien 

and Shrestha (2014) propose a new measure that is independent of the restriction on 𝛽 . 

Therefore, such measure can apply to series that do not have the one-to-one cointegrating 

relationships.    

Suppose that the cointegrating matrix 𝛽  contains a diagonal matrix Γ(𝑛−1)  and an (n-1) 

column vector 𝜄(𝑛−1) . Γ(𝑛−1) = 𝐷𝑖𝑎𝑎𝑔𝑔(𝛽1,𝛽2, … ,𝛽(𝑛−1)) and 𝜄(𝑛−1) = [1, … ,1]𝑇 . Then 𝛽  can 

be represented by  

                                                        𝛽𝑇
(𝑛−1)×𝑛

= [𝜄(𝑛−1):−Γ(𝑛−1)]                                            (12) 

Equation (12) shows that the cointegrating matrix 𝛽  is less restrictive than the one used to 

obtain the IS and MIS in terms of values on cointegrating coefficients. Further, it implies that 

the rows of Ψ(1)  are not identical. Let 𝜓𝑖𝑖
𝑔  be the ith row of Ψ(1) . Then the following 

relationship holds: 

                                                          𝜓1
𝑔 = 𝛽𝑖𝑖−1𝜓𝑖𝑖

𝑔,    𝑖 = 2, … ,𝑛                                        (13) 

Thus the long-run impact of innovations on the ith series is 

11 See Lien and Shrestha (2009, pp. 392) for the proof.  
12 Although the MIS computes a single measure instead of the upper and lower bounds by the IS, the calculation 
process cannot guarantee that the measure can get rid of uniqueness due to the use of square-root matrix (Lien 
and Shrestha, 2009).  
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                                                         𝜓𝑖𝑖
𝑔𝜀𝑡𝑡 = 𝜓1

𝑔𝛽𝑖𝑖−1−1 𝜀𝑡𝑡, 𝑖 = 1, … ,𝑛.                                   (14) 

where 𝜃𝜃0 = 1 and 𝜓1
𝑔 is the first row of Ψ(1).  

When the innovations are independent, the variance of long-run impact on the ith series is  

                        𝑉𝑎𝑎𝑟�𝜓𝑖𝑖
𝑔𝜀𝑡𝑡� = 𝜓𝑖𝑖

𝑔Ω𝜓𝑖𝑖
𝑔𝑇 = ∑ 𝜓𝑖𝑖𝑗2 Ω𝑗𝑗𝑛

𝑗=1 = 𝛽𝑖𝑖−1−2 ∑ 𝜓1𝑗2 Ω𝑗𝑗𝑛
𝑗=1 .                      (15) 

where 𝜓𝑖𝑖𝑗  is the jth element of the row vector 𝜓𝑖𝑖
𝑔 and 𝜓1𝑗 is the jth element of the row vector 

𝜓1
𝑔. The contribution of series j to the total variance of the common factor corresponding to 

series i is then represented by 

                                                                  𝑆𝑗,𝑖𝑖
𝐺 =

𝜓1𝑗
2 Ω𝑗𝑗

𝜓1
𝑔Ω𝜓1

𝑔𝑇 .                                                     (16) 

and 

                                                𝑆𝑗,1
𝐺 = 𝑆𝑗,2

𝐺 = ⋯ = 𝑆𝑗,𝑛
𝐺 , 𝑗 = 1,2, … ,𝑛.                                    (17)           

𝑆𝑗,𝑖𝑖
𝐺  is generalised information share (GIS) of series j which is independent of row order i. 

When the innovations are not independent, the GIS of series j can be calculated as  

                                                                 𝑆𝑗𝐺 =
(𝜓𝑗

𝐺)2

𝜓1
𝑔Ω𝜓1

𝑔𝑇.                                                        (18) 

where 𝜓𝐺 = 𝜓1
𝑔𝐹𝑔,𝐹𝑔 = 𝐹� = [𝐺Λ−1/2𝐺𝑇𝑉−1]−1.  𝜓𝑗𝐺  is the jth element of 𝜓𝐺 . The GIS 

measure uses the same factor structure as the MIS; thus it is also independent of the ordering 

problem13.  

3.1.4. Gonzalo-Granger Permanent-Temporary (PT/GG) Measure  

We employ the permanent-temporary decomposition proposed by Gonzalo and Granger 

(1995) for comparison purposes. According to Gonzalo and Granger (1995), the vector of 

13 Lien and Shrestha (2014) suggest that the Hasbrouck IS measure can be computed by replacing 𝜓 with  𝜓1
𝑔 in 

Equation (7) where the cointegrating relationship is not one-to-one.  
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unit-root series 𝑌𝑡𝑡  is decomposed into permanent (common factor) component 𝑓𝑡𝑡  and 

transitory component 𝑌�𝑡𝑡.  𝑓𝑡𝑡 is an I(1) series while 𝑌�𝑡𝑡 is stationary. 𝑓𝑡𝑡 has a dimension of 1 

when 𝑌𝑡𝑡  has one common stochastic trend. The following two assumptions are made to 

achieve the identification of the two components: (i) 𝑓𝑡𝑡 is a linear function of 𝑌𝑡𝑡; (ii) 𝑌�𝑡𝑡 does 

not Granger cause 𝑓𝑡𝑡 in the long run. Then under the linear condition 𝑓𝑡𝑡 can be represented by 

                                                                   𝑓𝑡𝑡 = 𝜔𝑇𝑌𝑡𝑡.                                                           (19) 

where 𝜔  is the n×1 permanent component coefficient vector and 𝜔 is orthogonal to the 

adjustment coefficient matrix α in Equation (1), i.e., 𝜔 = 𝛼𝛼⊥. Equation (19) implies that the 

original unit-root series potentially contribute to the common factor (Lien and Shrestha, 

2009). Gonzalo and Granger (1995) propose the ith element of 𝜔, i.e. 𝜔𝑖𝑖, as the contribution 

of market i to the price discovery process. This approach is discussed in Booth et al. (1999, 

2002) and Harris et al. (2002). Harris et al. (2002) normalise elements of 𝜔 to measure price 

discovery where the sum of the elements equals to 1. When 𝑌𝑡𝑡 has two unit-root series, the 

normalised 𝜔 is given by 

                                                      𝜔 = (𝜔1,𝜔2)𝑇 = ( 𝛼2
𝛼2−𝛼1

, 𝛼1
𝛼1−𝛼2

)𝑇.                                  (20) 

where 𝛼𝛼1 and 𝛼𝛼2 are the elements of α.  

The difference between the PT/GG measure and the IS type measure is that the PT/GG 

approach uses information on Ψ(1) whereas the IS type method uses information on both 

Ψ(1) and innovation covariance matrix Ω. Hence, the PT/GG measure only considers the 

error correction process that prices respond to new information whereas the IS type method 

takes both such process and the nature of information generation process into account (Lien 

and Shrestha, 2014).  
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3.2. Asymmetric Generalised DCC GARCH Model 

We employ a bivariate asymmetric generalised (AG) DCC GARCH model proposed by 

Cappiello et al. (2006) to specify the time-varying covariance matrix of the error terms of 

Equation (1). Typically, the AG-DCC GARCH model estimates both the individual 

heteroscedastic processes and the conditional correlations between innovations 

simultaneously. The error term of Equation (1) is specified as  

                                                           𝜀𝑡𝑡|Ξ𝑡𝑡−1~𝐹(0,𝐻𝑡𝑡)                                                         (21) 

where 𝜀𝑡𝑡 = [𝜀1,𝑡𝑡, 𝜀2,𝑡𝑡]𝑇 is a 2×1 vector. Ξ𝑡𝑡−1 represents all the available information at time t-

1. 𝐹  denotes a bivariate distribution. 𝐻𝑡𝑡  is a conditional covariance matrix, which is 

decomposed as 

 

                                                                     𝐻𝑡𝑡 = 𝐷𝑡𝑡𝑅𝑡𝑡𝐷𝑡𝑡,                                                     (22) 

with 

                                                     𝐷𝑡𝑡 = 𝑑𝑖𝑎𝑎𝑔𝑔{ℎ11,𝑡𝑡

1
2 ,ℎ22,𝑡𝑡

1
2 },                                                     (23) 

and 

                                                  𝑅𝑡𝑡 = 𝑑𝑖𝑎𝑎𝑔𝑔{𝑄𝑡𝑡}−1/2𝑄𝑡𝑡𝑑𝑖𝑎𝑎𝑔𝑔{𝑄𝑡𝑡}−1/2.                                    (24) 

where 𝐷𝑡𝑡 is a 2×2 diagonal matrix containing the square roots of the individual conditional 

variances ℎ𝑖𝑖𝑖𝑖,𝑡𝑡 (𝑖 = 1,2) on the diagonal; 𝑅𝑡𝑡 is a conditional correlation matrix of innovations 

comprised of the conditional covariance matrix of standardized innovations (𝑄𝑡𝑡 ) where 

standardized innovations 𝜖𝑖𝑖,𝑡𝑡 = 𝜀𝑖,𝑡
�ℎ𝑖𝑖,𝑡

(𝑖 = 1,2).  

Adopting exponential GARCH (EGARCH) model (Nelson, 1991) to specify  ℎ𝑖𝑖𝑖𝑖,𝑡𝑡,  we have 
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log (ℎ𝑖𝑖𝑖𝑖,𝑡𝑡) = 𝜆𝜆1𝑖𝑖 + 𝜆𝜆2𝑖𝑖 �
𝜀𝑖,𝑡−1
ℎ𝑖𝑖,𝑡−1

� + 𝜆𝜆3𝑖𝑖
𝜀𝑖,𝑡−1
ℎ𝑖𝑖,𝑡−1

+ 𝜆𝜆4𝑖𝑖 log�ℎ𝑖𝑖𝑖𝑖,𝑡𝑡−1�.                                               (25) 

where i =1,2. In Equation (25), the positivity of the conditional variance ℎ𝑖𝑖𝑖𝑖,𝑡𝑡 is warranted in 

the estimation process. Parameter 𝜆𝜆2𝑖𝑖  measures the size effect and should be positive 

theoretically, as a shock with a higher absolute value should have a stronger effect on 

volatility. Moreover, the model estimates the asymmetric effects of positive and negative 

lagged values of 𝜀𝑖𝑖,𝑡𝑡 on the conditional variances simultaneously. The effects are captured by 

the parameter 𝜆𝜆3𝑖𝑖. 𝜆𝜆3𝑖𝑖 is expected to be negative since a negative shock has a stronger effect 

on volatility than an equally positive shock. Note that for ℎ𝑖𝑖𝑖𝑖,𝑡𝑡 to be stationary, 𝜆𝜆4𝑖𝑖 should be 

less than 1.   

A diagonal version of the AG DCC model is adopted to specify 𝑄𝑡𝑡. Then we have 

𝑄𝑡𝑡 = (𝑅� − 𝐴𝑇𝑅�𝐴 − 𝐵𝑇𝑅�𝐵 − 𝐺𝑇𝑆̅𝐺) + 𝐴𝑇𝜖𝑡𝑡−1𝜖𝑡𝑡−1𝑇 𝐴 + 𝐵𝑇𝑄𝑡𝑡−1𝐵 + 𝐺𝑇𝑠𝑡𝑡−1𝑠𝑡𝑡−1𝑇 𝐺.            (26) 

where 𝐴, 𝐵 and 𝐺 are 2×2 diagonal matrices with coefficients 𝑎𝑎𝑖𝑖𝑖𝑖, 𝑏𝑏𝑖𝑖𝑖𝑖 and 𝑔𝑔𝑖𝑖𝑖𝑖 (i = 1,2) on the 

diagonal. 𝜖𝑡𝑡 is a 2×1 vector of standardized innovations where 𝜖𝑡𝑡 = [𝜖1,𝑡𝑡, 𝜖2,𝑡𝑡]𝑇.  𝑠𝑡𝑡 = 𝐼𝑡𝑡⨀𝜖𝑡𝑡 

where 𝐼𝑡𝑡 is a 2×1 indicator function which equals to 1 if 𝜖𝑡𝑡 < 0 and 0 otherwise. ⨀ is the 

element-by-element multiplication operator.  𝑅� = 𝐸[ 𝜖𝑡𝑡 𝜖𝑡𝑡𝑇]  represents the unconditional 

covariance of 𝜖𝑡𝑡. 𝑆̅ = 𝐸[𝑠𝑡𝑡 𝑠𝑡𝑡𝑇] is the unconditional covariance of 𝑠𝑡𝑡.  

In Equation (26), asymmetry in correlation of innovations is captured by the term 

𝐺𝑇𝑠𝑡𝑡−1𝑠𝑡𝑡−1𝑇 𝐺. For 𝑄𝑡𝑡 to be positive definite, a sufficient condition requires that the intercept, 

𝑅� − 𝐴𝑇𝑅�𝐴 − 𝐵𝑇𝑅�𝐵 − 𝐺𝑇𝑆̅𝐺, is positive semi-definite and the initial covariance matrix 𝑄0 is 

positive definite. Note that the asymmetric DCC (A-DCC) is a special case of the AG-DCC 

where 𝐴 , 𝐵  and 𝐺  are scalars. A diagonal version of the AG-DCC is used since it can 

sufficiently reduce the number of parameters that convey little information and thus alleviate 
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the computation burden of estimation process. In addition, the diagonal model is preferred by 

applications to a small number of assets (Cappiello et al., 2006).  

3.3. Autoregressive Loading Factors   

The regular VECM model as in Equation (1) specifies the error correction coefficients of 

price series to be constant over time. However, the error correction coefficients may not be 

constant since the long run impacts of news on prices can change with time. In other words, 

the formation process of efficient prices is not only affected by different news but also by 

their impacts that might change in the long run. Thus a time variant loading factor can reflect 

how a market’s ability to assimilate new information varies with other closely related 

counterparts, and thus unveil more about the information content of prices of that market.  

Therefore we propose the loading factors in the coefficient matrix α to be time variant in this 

paper.  

The variability of α  may result from the informed trading behaviour during the error 

correction process that may change across time. When a deviation from the cointegrating 

relationship arises, it is the informed traders who identify the mispricing and take advantage 

of it. Their trading behaviour heavily impacts the formation of new efficient prices. Hence, 

the capacity of a market to absorb new information in a cointegrating system depends on the 

impacts of informed trading activities (e.g. arbitrage).  Since the fundamental variables of 

informed trading such as the number of agents collecting information, the intensity with 

which agents trade on information, analytical skills, risk perception, and the ways of 

acquiring information would systematically change if private information is long-lived, the 

behaviour of informed traders would inevitably vary accordingly (Admati and Pfleiderer, 

1988; Back and Pedersen, 1998), which may lead to variability in the speed of adjustment to 
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a new equilibrium in a cointegrating system. Thus, to test the variability of the loading factors 

is to test whether the behaviour of the informed traders changes over time.  

Since variables of informed trading may evolve endogenously on their own, we hypothesize 

the behaviour of informed trading being affected by its past14.  Thus the loading factors are 

assumed to be conditioned on the past information, that is, α follows an AR(1) process as 

                                                             𝛼𝛼𝑡𝑡 = 𝛿𝛿 + 𝜃𝜃⨀𝛼𝛼𝑡𝑡−1.                                                     (27) 

where 𝛿𝛿  and 𝜃𝜃  are both n × (n-1) matrices.⨀  is the element-by-element multiplication 

operator. In a bivariate model system, Equation (27) can be alternatively represented as 

                                                               𝛼𝛼𝑖𝑖,𝑡𝑡 = 𝛿𝛿𝑖𝑖 + 𝜃𝜃𝑖𝑖𝛼𝛼𝑖𝑖,𝑡𝑡−1.                                                 (28) 

where i =1, 2.  𝛼𝛼𝑖𝑖,𝑡𝑡  is the element of 𝛼𝛼𝑡𝑡  where 𝛼𝛼1,𝑡𝑡  corresponds to the error correction 

coefficient of the first series in Δ𝑌𝑡𝑡 and 𝛼𝛼2,𝑡𝑡 corresponds to the error correction coefficient of 

the second series in Δ𝑌𝑡𝑡. 𝛿𝛿𝑖𝑖 and 𝜃𝜃𝑖𝑖 are the elements of matrix 𝛿𝛿 and 𝜃𝜃, respectively. For 𝛼𝛼𝑖𝑖,𝑡𝑡 to 

be stationary, a sufficient condition is −1 < 𝜃𝜃𝑖𝑖 < 1. Thus, a restriction is imposed on the 

estimation of 𝜃𝜃𝑖𝑖 . We henceforth refer to the VECM incorporating Equation (28) as 

Specification (II) for 𝛼𝛼𝑖𝑖,𝑡𝑡 in this study.  

Furthermore, two alternative specifications are proposed to relax the restriction on parameter 

𝜃𝜃𝑖𝑖. To this end, two trigonometric functions, sine and cosine, are used.  The reason why these 

two functions are employed is that using them can reduce the constraints on the 

autoregressive coefficient 𝜃𝜃𝑖𝑖  in the estimation process that ensure the stationarity of 𝛼𝛼𝑖𝑖,𝑡𝑡 . 

Superior results from the sine and cosine functions are thus expected compared to Equation 

(28) given that the estimation efficiency is improved. The model using the sine function is 

                                                              𝛼𝛼𝑖𝑖,𝑡𝑡 = 𝛿𝛿𝑖𝑖 + 𝑠𝑖𝑛𝑒(𝜃𝜃𝑖𝑖)𝛼𝛼𝑖𝑖,𝑡𝑡−1.                                       (29) 

14 For example, the informed traders may learn from their past experience for their future practice and they may 
change their trading scale and capacity according to their trading history. Hence, it is natural to assume the self-
dependence behaviour of informed traders.  
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where 𝑠𝑖𝑛𝑒(. ) denotes the sine function. When 𝜃𝜃𝑖𝑖 ≠ 𝜏(𝜋
2

) where 𝜏 is any non-zero integer, 

−1 < 𝑠𝑖𝑛𝑒(𝜃𝜃𝑖𝑖) < 1 . Therefore 𝛼𝛼𝑖𝑖,𝑡𝑡  is a stationary process. It is clear that there are less 

restrictions on values of 𝜃𝜃𝑖𝑖 to secure stationarity of 𝛼𝛼𝑖𝑖,𝑡𝑡 in Equation (29) than Specification 

(II). The VECM incorporating Equation (29) is henceforth referred to as Specification (III) 

for 𝛼𝛼𝑖𝑖,𝑡𝑡.  

The model using the cosine function is represented as  

                                                              𝛼𝛼𝑖𝑖,𝑡𝑡 = 𝛿𝛿𝑖𝑖 + 𝑐𝑜𝑠𝑖𝑛𝑒(𝜃𝜃𝑖𝑖)𝛼𝛼𝑖𝑖,𝑡𝑡−1.                                   (30)          

 where  𝑐𝑜𝑠𝑖𝑛𝑒(. )  denotes the cosine function. When 𝜃𝜃𝑖𝑖 ≠ 𝜏𝜋  where 𝜏  is any integer 

including zero, −1 < 𝑐𝑜𝑠𝑖𝑛𝑒(𝜃𝜃𝑖𝑖) < 1 ; then 𝛼𝛼𝑖𝑖,𝑡𝑡  is stationary. Equation (30) has less 

restrictions on parameter  𝜃𝜃𝑖𝑖  than Specification (II) for the stationarity of 𝛼𝛼𝑖𝑖,𝑡𝑡 . It has the 

similar restrictions as Specification (III). The VECM incorporating such equation is referred 

to as Specification (IV) for 𝛼𝛼𝑖𝑖,𝑡𝑡.  

In this study, we refer to the regular VECM as in Equation (1) as Specification (I) that 

estimates the constant loading factors. The AG-DCC GARCH model is employed to estimate 

the conditional covariance matrix of the error terms for each specification. In doing this, we 

derive the conditional IS, MIS, and GIS measures with both constant loading factors and 

conditional covariance matrix and those with both autoregressive loading factors and 

conditional covariance matrix15. The Specifications (II), (III), and (IV) are then compared 

with Specification (I)16.  

15 We also compute PT/GG measure with the constant and dynamic loading factors.  
16 It should be noted that we focus only on an AR(1) process of loading factors in this study. Besides, only sine 
and cosine functions are used to transform the regular AR(1) process for the ease of  estimation.  
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3.4. Model Estimation  

Parameter estimates are obtained through maximum likelihood estimation (MLE) based upon 

the probability density function (PDF) of innovations 𝜀𝑡𝑡. 𝜀𝑡𝑡 is assumed to follow a bivariate 

skewed Student’s t distribution where both excess kurtosis and large skewness are taken into 

account. Excess kurtosis, which is reflected by fat tails of distribution, is widely observed in 

financial time series (Bollerslev, 1987; Baillie and Bollerslev, 1989). In addition, financial 

returns are often skewed, thus capturing the skewness for the conditional distribution is 

necessary (Park and Jei, 2010). Relying on the conditional normality may lose efficiency in 

the estimation process of the multivariate GARCH models (Engle and Gonzalez-Rivera, 1991; 

Park and Jei, 2010). Thus a more generalised conditional distribution that captures both 

excess kurtosis and large skewness can yield more reliable results than the normality (Susmel 

and Engle, 1994; Tse, 1999; Bauwens and Laurents, 2005).  

We employ Bauwens and Laurents (2005)’s multivariate skewed-t density for the 

standardized innovations 𝜖𝑡𝑡 , which applies Fernandez and Steel (1998)’s skew filter to a 

multivariate Student’s t distribution. The contribution of each observation at time t to the log-

likelihood of a standardized bivariate skewed-t distribution can be expressed in general term 

as 

𝑙𝑡𝑡(Θ) = log(4
𝜋

) + ∑ log ( 𝜉𝑖𝑠𝑖
1+ξ𝑖

2)2
𝑖𝑖=1 + log �Γ �𝑣+2

2
� (Γ �𝑣

2
� (𝑣 − 2))� � − (1 2)⁄ log(|𝑅𝑡𝑡|) −

(1 2)⁄ (𝑣 + 2) log[1 + (𝜅𝑡𝑡𝑇𝑅𝑡𝑡−1𝜅𝑡𝑡) (𝑣 − 2)⁄ ].                                                                        (31) 

where  

𝜅𝑡𝑡 = (𝜅1𝑡𝑡, 𝜅2𝑡𝑡)𝑇 

𝜅𝑖𝑖𝑡𝑡 = (𝑠𝑖𝑖𝜖𝑖𝑖𝑡𝑡 + 𝑚𝑖𝑖)𝜉𝜉𝑖𝑖
−𝐼𝑖 
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𝑚𝑖𝑖 =
Γ �𝑣 − 1

2 �√𝑣 − 2

√𝜋Γ �𝑣2�
(𝜉𝜉𝑖𝑖 −

1
𝜉𝜉𝑖𝑖

) 

𝑠𝑖𝑖2 = �𝜉𝜉𝑖𝑖2 +
1
𝜉𝜉𝑖𝑖2
− 1� −𝑚𝑖𝑖

2 

𝐼𝑖𝑖 = �
1      if 𝜖𝑖𝑖𝑡𝑡 ≥ −𝑚𝑚𝑖

𝑠𝑖

−1   if 𝜖𝑖𝑖𝑡𝑡 < −𝑚𝑚𝑖
𝑠𝑖

 . 

Note that Γ(. )  is the gamma function and v is the degree of freedom for the bivariate 

Student’s t distribution. Note that v is restricted to be more than 2 to ensure the covariance 

matrix exists. v governs the thickness of tails of the distribution, that is, the kurtosis. 𝑚𝑖𝑖(𝜉𝜉𝑖𝑖, 𝑣) 

and 𝑠𝑖𝑖(𝜉𝜉𝑖𝑖,𝑣) are the mean and standard deviation of the non-standardized marginal skewed-t 

of Fernandez and Steel (1998). 𝜉𝜉𝑖𝑖 is the skewness parameter where the sign of the logarithmic 

𝜉𝜉𝑖𝑖  indicates the sign of the skewness. When 𝑙𝑛𝜉𝜉𝑖𝑖 > 0 (< 0) , the skewness is positive 

(negative) and density is skewed to the right (left). 𝑅𝑡𝑡 is a conditional correlation matrix of 𝜖𝑡𝑡.  

Θ is a parameter vector with all of the coefficients of the model specifications.  Estimates of 

the parameter vector Θ can be obtained by the following equation 

                                                         𝐿(Θ) = ∑ 𝑙𝑡𝑡(Θ)𝑇
𝑡𝑡=1 .                                                        (32) 

where 𝑇 is the sample size.  

 

4. Data and Descriptive Statistics 

In this study, transaction prices recorded at 1-minute intervals of the Standard & Poor’s (S&P) 

500 index and the S&P 500 E-mini futures contracts are collected for our analysis. The 1-

minute time frequency is chosen since it is perceived to be a better choice than other 

frequencies given the trade-off between staleness of data and loss of information (Wu et al., 
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2005; Taylor, 2011). The sample period is from October 1st, 2015 to December 31st, 2015. All 

data are obtained from Thomson Reuters Tick History (TRTH).  

The E-mini S&P 500 futures contracts trade around the clock on the electronic GLOBEX 

trading system which was introduced by Chicago Mercantile Exchange (CME) in 1997. The 

size of S&P 500 E-mini contracts is one-fifth of the regular S&P 500 futures contracts and it 

has a notional value of $50 times the index. This makes E-mini index futures trading 

affordable to traders with small margin accounts and capital constraints (Kurov and Lasser, 

2004). In addition, the E-mini index futures contracts are traded electronically, in contrast to 

the floor-traded regular index futures. That is, for E-mini index futures trading, customer 

orders are placed, routed, and executed without human intermediation through the GLOBEX 

electronic trading system (Hasbrouck, 2003; Kurov and Lasser, 2004; Ates and Wang, 2005).  

We choose the E-mini S&P 500 index futures contracts for this study over the floor-traded 

counterparts for two reasons. First, previous studies utilise the static price discovery measures 

and reach a consensus that E-mini S&P 500 index futures makes a dominant contribution to 

the price discovery process over the cash index (see, e.g. Hasbrouck, 2003; Kurov and Lasser, 

2004; Ates and Wang, 2005; Taylor, 2011). This finding aligns with the advantages of E-mini 

trading such as increased speed of execution, timely and accurate reporting of fills, improved 

pricing transparency, high liquidity and trader anonymity (Kurov and Lasser, 2004). Hence, 

using the data of E-mini futures and S&P 500 cash index allows the comparison with the 

findings of price discovery measures in the literature. Second, it is well acknowledged that 

the S&P 500 E-mini futures market is one of the most actively traded index futures markets 

in the world. Thus it is important to understand the S&P 500 E-mini futures market and the 

results on this market can also have important implications for others. 

The E-mini S&P 500 index futures contracts are cash settled at 8.30 am on the third Friday of 

March, June, September, and December. The futures contracts are traded daily for almost 24 

22 
 



hours on GLOBEX, with two trading halts from 3.15 pm to 3.30 pm and from 4.30 pm to 

5.00 pm Central Standard Time (CST). As trading hours of the underlying stock market 

extend from 8.30 am to 3.00 pm CST, our sample of observations consists of index cash and 

futures prices matched at time points between 8.40 am and 3.00 pm CST. Any observations 

outside of this time period are eliminated. Transaction data in the first 10 minutes of each 

trading day are also omitted following Stoll and Whaley (1990). Exclusion of such data can 

also help to get rid of the staleness of the reported index levels at the beginning of the day 

(Ates and Wang, 2005). For our analysis, we use the futures contracts with the highest 

liquidity on each trading day. To this end, the most nearby contracts are selected since they 

are the most active ones in terms of trading volume. Furthermore, a most nearby contract is 

switched to the next available one during the second week in its maturity month.  

[Insert Table 1 about here] 

Table 1 gives descriptive statistics for intraday minute-by-minute data from October to 

December 2015 for the S&P 500 cash index and E-mini futures contracts. Original price 

series are taken in the form of natural logarithm. Returns are calculated by taking the first-

order difference of the log prices. Note that the statistical properties of the logarithmic prices 

and returns are similar for both the index cash and futures contracts. This indicates that the 

two markets may be cointegrated. The JB test statistics strongly reject the normality of return 

series where large skewness and excess kurtosis are detected. The non-normality will be 

addressed in the model estimation process.  

[Insert Table 2 & 3 about here] 

Table 2 suggests that prices of the S&P 500 cash index and E-mini futures contracts are both 

integrated at order 1. Cointegration between these two price series with the same integration 
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order is tested in Table 317. The Johansen (1991) trace and max-eigenvalue test statistics 

indicate that prices of the cash index and E-mini futures are cointegrated. There is a long-run 

equilibrium relationship between the two time series. Moreover, the likelihood ratio test 

statistic strongly rejects the null that the cointegrating vector equals to (1,-1). Thus it is 

reasonable to take into account the unrestricted cointegrating vector when calculating 

information share measures.  

 

5. Empirical Results  

5.1. Model estimates 

The estimation results on the constant and autoregressive error correction coefficients 

corresponding to the VEC models with four specifications are presented in Table 4. Residual 

diagnoses of the estimated models are provided. As can be seen from Panel B of the table, the 

Ljung-Box test suggests that the residuals of all the specifications have no autocorrelations. 

The heteroscedasticity exists in the residuals across the four specifications and will be 

addressed later by the AG-DCC GARCH model.  

[Insert Table 4 about here] 

In Panel A of Table 4,   𝛼𝛼1 and 𝛼𝛼2 in Specification (I) are significant. This implies that both 

the S&P 500 cash index and the E-mini futures respond to the past deviations from the long-

run equilibrium. There may be a bidirectional lead-lag relationship between the cash and 

futures markets in the long term.  The fact that  𝛼𝛼1 is positive suggests that the short-term 

momentum may exist in the cash market (Zhong et al., 2004).  

17 In this test, the cointegrating equation has mean zero and the underlying VAR has no intercept. AIC is used to 
choose the optimal lags of the VAR. The null hypothesis that an intercept in the cointegrating equation equals to 
zero is not rejected.  
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With respect to the dynamic loading factors,  𝜃𝜃1 in Specification (II) is significant at the 1% 

level. This indicates that 𝛼𝛼1,𝑡𝑡  follows an autoregressive process of order 1. The null 

hypothesis that |𝜃𝜃1| = 1 is rejected at the 1% level18. Thus the autoregressive process of 𝛼𝛼1,𝑡𝑡 

is stationary. The   𝜃𝜃2  estimate is insignificant and it thus suggests that 𝛼𝛼2,𝑡𝑡 does not follow 

an AR(1) process as defined in Specification (II).  The conditional 𝛼𝛼1,𝑡𝑡 series confirms the 

time-varying nature of the long-run response of the cash market to the deviations in the past 

from its cointegrating relationship with the E-mini futures.  Overall, the result suggests that 

the long-run impacts of news on cointegrated prices can be dependent on the past. It reveals 

the autoregressive behaviour of the informed trading.   

The autoregressive behaviour of the loading factors is confirmed by the significant estimates 

of 𝜃𝜃𝑖𝑖(𝑖 = 1,2) in Specifications (III) and (IV). Thus both the sine and cosine functions can be 

used to describe the AR(1) processes of the loading factors 𝛼𝛼1,𝑡𝑡 and 𝛼𝛼2,𝑡𝑡. Significance of 𝜃𝜃1 

and 𝜃𝜃2 may be attributed to less parameter constraints on 𝜃𝜃𝑖𝑖 than Specification (II). Moreover, 

the null hypotheses |𝑠𝑖𝑛𝑒(𝜃𝜃𝑖𝑖)| = 1 (𝑖 = 1,2) and |𝑐𝑜𝑠𝑖𝑛𝑒(𝜃𝜃𝑖𝑖)| = 1 (𝑖 = 1,2) are all rejected 

at the 1% level19. Hence, the AR(1) processes of the derived loading factor series 𝛼𝛼1,𝑡𝑡 and 

𝛼𝛼2,𝑡𝑡 by Specifications (III) and (IV) are all stationary. Overall, the conditional 𝛼𝛼1,𝑡𝑡 and 𝛼𝛼2,𝑡𝑡 

estimated by the triangular specifications for the AR(1) process reconfirms that the behaviour 

of informed trading is affected by its past as in Specification (I). 

In Panel B of Table 4, Specifications (II), (III), and (IV) are compared with Specification (I) 

in terms of penalized model fit. The log-likelihood values for Specifications (II)-(IV) are 

higher than that of Specification (I). Meanwhile, AIC, SIC, and HQIC for Specifications (II)-

(IV) are lower than for Specification (I). Thus, the proposed specifications of the VECM that 

account for the autoregressive error correction coefficients provide better representativeness 

18 Test statistic is available upon request. 
19 Test statistics are available upon request.  
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of data than the regular VECM. The results obtained by Specifications (II)-(IV) should be 

more accurate and reliable.   

[Insert Table 5 about here] 

Panel A of Table 5 presents the descriptive statistics of the estimated loading factor series.  

Both the means of 𝛼𝛼1,𝑡𝑡 and 𝛼𝛼2,𝑡𝑡  are positive for Specifications (II) and (III) whereas they are 

negative for Specification (IV). A positive mean of 𝛼𝛼1,𝑡𝑡 aligns with the constant estimates of 

loading factors where the short-term momentum may exist in the cash market. A negative 

mean of 𝛼𝛼2,𝑡𝑡 suggests that the short-term momentum may exist in the futures market. That is, 

when the E-mini futures contracts are under-priced (over-priced), investors sell (buy) the 

contracts. It makes prices of the futures contracts deviate more from the efficient ones in the 

short run. The scale of the mean for  𝛼𝛼1,𝑡𝑡 ( 𝛼𝛼2,𝑡𝑡) increases from Specifications (II) to (IV). 

The same results hold for the medians. Table 5 reveals that Specification (IV) may capture 

more effects of news impacts on prices than the other two. The volatilities of  𝛼𝛼1,𝑡𝑡 and 𝛼𝛼2,𝑡𝑡 for 

rise Specification (IV) are much higher than those for Specifications (II) and (III). Thus the 

cosine specification yields more volatile loading factors than the other two. It is interesting to 

note that the higher the variability of the error correction coefficients is, the higher is the 

effects of news impacts. This implies that the variability of the loading factors mirrors the 

time-varying nature of the behaviour of informed trading. If more time-variant behaviour of 

informed trading is captured, more its effects on prices are revealed.  

We test whether the means of dynamic loading factors statistically equal to zero in Panel B of 

Table 5. This is equivalent to testing the weak exogeneity of either markets. The zero means 

of 𝛼𝛼1,𝑡𝑡 and 𝛼𝛼2,𝑡𝑡 are rejected at the 1% level for all the specifications. The result suggests that 

the proposed specifications that yield the autoregressive error correction coefficients agree 
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with a bidirectional lead-lag relationship between cash and futures markets in the long term. 

Neither market can completely dominate the other.  

[Insert Table 6 about here] 

The estimation results of the AG-DCC GARCH model for the four specifications for the 

conditional mean are presented in Table 6. The model fits the data well across all 

specifications as suggested by the Ljung-Box test as there are no autocorrelation and 

heteroscedasticity in the standardised residuals. In addition, the excess kurtosis and large 

skewness are accounted for given significant estimates of v and 𝜉𝜉𝑖𝑖 (𝑖 = 1,2). Note that given 

estimates of 𝜉𝜉𝑖𝑖,  ln(𝜉𝜉𝑖𝑖) > 0 , which is evident for all  specifications. This confirms positive 

skewness of both return series, consistent with the result of Table 1.  

The GARCH effects are captured for all specifications where volatility is not only affected by 

new shocks but old news in cash and futures markets. Asymmetry of volatility is evident in 

cash and futures markets according to Specifications (I), (II) and (III) given significant 

estimates of 𝜆𝜆3𝑖𝑖(𝑖 = 1,2). The exception is Specification (IV) for which such result does not 

hold. Moreover, the correlation between cash and futures market is conditioned on its past for 

all the specifications. Further, asymmetry of correlation where correlation gets higher when 

both cash and futures markets face price downturns is found for all specifications. Overall, 

Table 6 suggests that accounting for the time variant loading factors in the conditional mean 

of return series has little effect on the result of the conditional covariance matrix.  

5.2. Time varying price discovery 

The estimates of constant and time-varying price discovery measures are shown in Table 7. 

According to Panel A, the static information share and PT/GG measures indicate the cash 

market is superior to the E-mini future market in terms of price discovery performance. Price 

discovery is more likely to occur in the underlying stock market. The result apparently 
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contradicts with the transaction cost hypothesis, proposed by Garbade and Silber (1983) and 

Flemming et al. (1996), that price discovery should take place in the futures market due to its 

lower trading costs. It is also inconsistent with the empirical work on the hypothesis 

suggesting it is the E-mini futures that leads the cash index in the long run (e.g. Hasbrouck, 

2003; Kurov and Lasser, 2004; Ates and Wang, 2005) 20.  

[Insert Table 7 about here] 

The result of the conditional price discovery performance presented in Panel B of Table 7 

reveals a different scenario. The means and medians of the IS, MIS, GIS and PT/GG 

measures on the cash index decrease from Specifications (I) to (IV). Meanwhile, the means 

and medians of those measures on the E-mini futures increase from Specifications (I) to 

(IV)21. Moreover, for Specification (IV), the means and medians of the IS, MIS, and GIS of 

the E-mini futures are higher than those of the cash index while the contrary holds for  the 

PT/GG measure. Overall, the result supports the transaction cost hypothesis and agrees with 

the finding in the literature that the E-mini futures market plays a leading role in price 

discovery with the cash market. It is in sharp contrast to the result suggested by Specification 

(I). The result implies that specifying an AR(1) process of the loading factors when the price 

discovery measures are calculated can help to unveil more about the information content of 

the E-mini futures prices than using the constant loading factors. It is revealed that taking into 

account the autoregressive error correction coefficients can improve the results obtained by 

using the constant coefficients. This may be attributed to the variability of loading factors that 

reflects the time varying nature of informed trading. Utilising a cosine function to model the 

AR(1) process may have more benefits than a pure AR specification and a sine function for 

20 Note that the static price discovery measures in Table 7 are all derived from estimates of the conditional mean 
of Specification (I), that is, the regular VECM AGDCC GARCH model. We do not calculate the same measures 
that consider autoregressive loading factors and unconditional covariance matrix of innovations since 
heteroscedasticity exists in the innovations of all proposed specifications as revealed in Table 4.  
21 The changes of the IS for the spot (futures) market across all specifications are the total changes of the means 
and medians of the upper and lower bounds of the IS.  
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capturing such behaviour. The reason is that the cosine function may estimate more 

variability of the loading factors, thus capturing more dynamics in the behaviour of informed 

trading. A detailed comparison between the pure AR, sine and cosine specifications will be 

discussed later in this paper.  

[Insert Figure 1 about here] 

In addition, from Specifications (I) to (IV), the volatilities of MIS and GIS decrease while 

MIS and GIS of the E-mini futures increase22. The result can be visualised in Figure 1. Thus, 

the cosine specification provides the highest and most stable MIS and GIS measures on the 

futures market. It can be also observed from Figure 1 that the estimated series of IS, MIS, and 

GIS of the cash and futures markets by the four specifications follow a mean-reverting 

process. The stationarity tests suggest that all the series are stationary23. Besides, it is evident 

that both GIS and MIS lie between the upper and lower bounds of IS for all specifications.  

5.3. A comparison across autoregressive loading factors 

 The three specifications on VECM proposed in this paper that generate autoregressive 

loading factors are compared with each other in terms of log-likelihood of model estimation, 

penalised model-fit, and volatility of estimated conditional GIS series24.  The log-likelihood 

and information criteria that measure model fit for each specification are shown in Table 4. 

From Specifications (II) to (IV), the log-likelihood values increases and values of the 

information criteria (AIC, SIC and HQIC) decrease. The VECM with a cosine-autoregressive 

process for loading factors possesses the highest log-likelihood and the lowest AIC, SIC and 

22 Standard deviations of the IS lower and upper bounds are not monotonic across all specifications. This paper 
relies on changes of standard deviations of MIS and GIS since these two measures are more advanced than the 
other two.  
23 Test results are available upon request.  
24 It should be noted that we rely on the standard deviations of GIS as a benchmark for comparison in this 
subsection. We do not use those of IS since the estimates of IS convey relatively inferior information given that 
the lower and upper bounds are far apart. The standard deviations of MIS are not used since they are equivalent 
to GIS.  
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HQIC among the three specifications that yield dynamic loading factors. Thus Specifications 

(IV) fits the data the best.    

[Insert Table 8 about here] 

The standard deviations of the conditional GIS of the cash index and the E-mini futures with 

respect to each specification are reported in Table 825. As can be seen from the table,  the 

standard deviations of the futures’ GIS decrease from Specifications (II) to (IV) and 

Specification (IV) yields the least volatile conditional GIS measure Hence, the AR(1) process 

of loading factors specified by a cosine function in Specification (IV) outperforms the other 

two specifications in terms of stability of estimated GIS series.   

The performance of Specification (IV) may be due to its capability to capture the variability 

of loading factors. The standard deviations of loading factors estimated by Specification (IV) 

are highest in Table 8. This implies that Specification (IV) can better capture the time varying 

nature of the error correction coefficients than either Specification (II) or (III). That is, 

Specification (IV) is superior in capturing dynamics of the behaviour of informed trading. 

The more the dynamics is reflected, the higher is the accuracy in estimating its impacts on 

information content on prices. This is supported by an observation that an increase in the 

standard deviations of dynamic loading factors from Specifications (II) to (IV), especially for 

the loading factors of the E-mini futures market, is followed by a decrease in the information 

criteria for model fit, a decrease in the volatility of GIS and an increase in estimation log-

likelihood value.  

Furthermore, it is observed from Table 8 that the average GIS of the E-mini futures steadily 

increases with changes in the standard deviations of loading factors from Specifications (I) to 

(IV). This observation promotes one to consider the question whether changes in variability 

25 The standard deviation of the conditional GIS of the cash index with respect to each specification is equal to 
that of the E-mini futures and thus not reported in the table.  
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of loading factors relate to the improved price discovery performance of the futures market. 

To this end, the following regression equations are considered: 

�ln�
𝐺𝐼𝑆𝑓,𝑡

𝑠𝑝𝑒𝑐(𝐼𝐼)

𝐺𝐼𝑆𝑠,𝑡
𝑠𝑝𝑒𝑐(𝐼𝐼)� − ln�

𝐺𝐼𝑆𝑓,𝑡
𝑠𝑝𝑒𝑐(𝐼)

𝐺𝐼𝑆𝑠,𝑡
𝑠𝑝𝑒𝑐(𝐼)�� = 𝛬0

𝑠𝑝𝑒𝑐(𝐼𝐼) + 𝛬1
𝑠𝑝𝑒𝑐(𝐼𝐼)(𝛼𝛼1,𝑡𝑡

𝑠𝑝𝑒𝑐(𝐼𝐼))2 + 𝛬2
𝑠𝑝𝑒𝑐(𝐼𝐼)(𝛼𝛼2,𝑡𝑡

𝑠𝑝𝑒𝑐(𝐼𝐼))2 +

𝜔𝑡𝑡
𝑠𝑝𝑒𝑐(𝐼𝐼),                                                                                                                                 (33) 

�ln�
𝐺𝐼𝑆𝑓,𝑡

𝑠𝑝𝑒𝑐(𝐼𝐼𝐼)

𝐺𝐼𝑆𝑠,𝑡
𝑠𝑝𝑒𝑐(𝐼𝐼𝐼)� − ln�

𝐺𝐼𝑆𝑓,𝑡
𝑠𝑝𝑒𝑐(𝐼𝐼)

𝐺𝐼𝑆𝑠,𝑡
𝑠𝑝𝑒𝑐(𝐼𝐼)�� = 𝛬0

𝑠𝑝𝑒𝑐(𝐼𝐼𝐼) + 𝛬1
𝑠𝑝𝑒𝑐(𝐼𝐼𝐼){�𝛼𝛼1,𝑡𝑡

𝑠𝑝𝑒𝑐(𝐼𝐼𝐼)�
2
− �𝛼𝛼1,𝑡𝑡

𝑠𝑝𝑒𝑐(𝐼𝐼)�
2

} +

𝛬2
𝑠𝑝𝑒𝑐(𝐼𝐼𝐼){�𝛼𝛼2,𝑡𝑡

𝑠𝑝𝑒𝑐(𝐼𝐼𝐼)�
2
− �𝛼𝛼2,𝑡𝑡

𝑠𝑝𝑒𝑐(𝐼𝐼)�
2

} + 𝜔𝑡𝑡
𝑠𝑝𝑒𝑐(𝐼𝐼𝐼),                                                             (34) 

�ln�
𝐺𝐼𝑆𝑓,𝑡

𝑠𝑝𝑒𝑐(𝐼𝑉)

𝐺𝐼𝑆𝑠,𝑡
𝑠𝑝𝑒𝑐(𝐼𝑉)� − ln�

𝐺𝐼𝑆𝑓,𝑡
𝑠𝑝𝑒𝑐(𝐼𝐼𝐼)

𝐺𝐼𝑆𝑠,𝑡
𝑠𝑝𝑒𝑐(𝐼𝐼𝐼)�� = 𝛬0

𝑠𝑝𝑒𝑐(𝐼𝑉) + 𝛬1
𝑠𝑝𝑒𝑐(𝐼𝑉){�𝛼𝛼1,𝑡𝑡

𝑠𝑝𝑒𝑐(𝐼𝑉)�
2
− �𝛼𝛼1,𝑡𝑡

𝑠𝑝𝑒𝑐(𝐼𝐼𝐼)�
2

} +

𝛬2
𝑠𝑝𝑒𝑐(𝐼𝑉){�𝛼𝛼2,𝑡𝑡

𝑠𝑝𝑒𝑐(𝐼𝑉)�
2
− �𝛼𝛼2,𝑡𝑡

𝑠𝑝𝑒𝑐(𝐼𝐼𝐼)�
2

} + 𝜔𝑡𝑡
𝑠𝑝𝑒𝑐(𝐼𝑉).                                                             (35)     

where 𝑠𝑝𝑒𝑐(𝐼𝐼) , 𝑠𝑝𝑒𝑐(𝐼𝐼𝐼) , and 𝑠𝑝𝑒𝑐(𝐼𝑉)  denote Specifications (II), (III) and (IV), 

respectively. We use the squared loading factors as a proxy for variability in the series26. In 

the equations above, the difference in the relative GIS of futures prices across specifications 

is specified as a function of the difference in variability of loading factors27. Positive 𝛬1
𝑠𝑝𝑒𝑐(𝑖𝑖) 

and 𝛬2
𝑠𝑝𝑒𝑐(𝑖𝑖) (i = II, III, IV) indicate that an increase in the variability of the loading factors 

leads to a better price discovery performance of the E-mini futures market.  

[Insert Table 9 about here] 

The estimation results for   Equations (33), (34), and (35) are shown in Table 9. All the 

estimates of 𝛬1
𝑠𝑝𝑒𝑐(𝑖𝑖) and 𝛬2

𝑠𝑝𝑒𝑐(𝑖𝑖) (i = II, III, IV) are positive and statistically significant at the 

1% level. Therefore, volatility of loading factors contributes to price discovery performance 

26 We also calculate time series of standard deviations of loading factors as a proxy by using a rolling window 
method. The window size is set to 100 observations and step size is 1 observation.  The estimation results are 
similar to Table 9.  
27 Note that variability of loading factors in Specification (I) is zero.  
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of the E-mini futures market. The more volatile the loading factor that a specification 

produces, the higher is the GIS of the futures market. The reason why Specification (IV) has 

the highest GIS of the futures market is that it generates the most volatile dynamic loading 

factors. The result confirms that more volatile loading factors capture more dynamics 

inherent in informed trading and thus gauge information content of futures prices more 

accurately. Hence, utilising a cosine function to specify an autoregressive process of loading 

factors in VECM benefits the calculation of GIS since such specification significantly 

improves the estimation results by the constant loading factors. The result for Specification 

(IV) also supports the fact that the E-mini futures market is a focal pit for informed trading.  

 

6. Concluding Remarks  

Although price discovery of cointegrated markets has been extensively explored in the 

literature, the question whether the time-varying error correction coefficients of the VECM 

should be taken into account remains open. This paper shed lights on this issue. Three new 

specifications on the VECM are proposed to estimate time varying loading factors where the 

loading factors are specified to follow a pure AR(1), a sine-function AR(1) and a cosine-

function AR(1). The conditional covariance matrix of the error structure of each specification 

is specified by a bivariate AG-DCC GARCH model. The models are estimated with the 

assumption that security prices follow a skewed Student’s t distribution.  

Using  minute-by-minute data of the S&P 500 cash index and the E-mini futures markets in a 

3-month period, static and conditional Hasbrouck information share (IS), modified 

information share (MIS), generalised information share (GIS) and Gonzalo-Granger 

permanent-temporary (PT/GG) measure are  estimated. The regular VECM and new 

specifications are compared in terms of model fit, estimates of price discovery measures and 
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their standard deviations. The best specification is determined and its benefits on price 

discovery measurement are assessed.  

This paper reveals that the loading factors of the cointegrated cash and futures markets are 

dependent on their past. They follow a stationary AR(1) process, which is evidenced by all of 

the three new specifications. The result implies that the long-term impacts of news on 

cointegrated price series are conditioned on their past.  This evidence supports the evolving 

nature of informed trading. 

It is also found that the AR(1) loading factors benefit price discovery measurement. Moving 

from constant to autoregressive loading factors, a significant improvement in the price 

discovery performance of the E-mini futures is confirmed.  The IS, MIS, and GIS measures 

suggest that price discovery primarily takes place in the S&P 500 cash market under the 

regular, pure AR(1), and sine AR(1) specifications on the loading factors of the VECM. In 

stark contrast, the same information share measures derived from the specification with 

cosine AR(1) loading factors strongly suggest that it is the E-mini futures market that leads 

the cash counterpart in the long run. Such finding aligns with the established consensus on 

price discovery of the E-mini futures market in the literature. The result from the cosine 

specification is the most reliable because that specification has the best fit with the data. .  It 

is concluded that a cosine-function-based AR(1) process of the loading factors improves the 

results of information share measures on the E-mini futures market compared to the ones 

obtained by the constant loading factors.  

Moreover, we find that the volatility of the dynamic loading factors increases with GIS of the 

E-mini futures market. The more volatile are the loading factors, the higher is the GIS of the 

futures market. This result implies that the highest GIS of the futures market that the cosine 

AR(1) specification generates can be attributed to the most volatile loading factors that 

specification yields. The result suggests a critical role the variability of the loading factors 
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plays in the modelling price discovery of futures prices. That is, the autoregressive loading 

factors can yield a better price discovery measure and reveal more insight on informed 

trading than the constant loading factors.  

Finally, some future research directions can be briefly discussed. A future study can be 

devoted to exploring a variety of specifications for the loading factors that may capture more 

time-series behaviour. The benefits of these specifications can be evaluated in terms of to 

what extent they help to explain information content of asset prices. In addition, the three 

specifications that estimate the autoregressive loading factors proposed in this paper may 

apply to other price discovery measures. One may wish to examine if the benefits of the 

specifications revealed in this study still continue with those measures.  
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Table 1. Descriptive Statistics of the S&P 500 cash index and E-mini index futures 

 Nobs Mean Median Std Skew Kurt JB statistics 

S&P 500 cash index 

Prices 24054 7.626 7.630 0.020 -1.257 4.946 1.013×104*** 

Returns 24053 2.647×10-6 0.000 3.960×10-4 0.255 206.122 4.135×107*** 

S&P 500 E-mini index futures  

Prices 24054 7.623 7.628 0.021 -1.233 4.802 9.351×103*** 

Returns 24053 2.617×10-6 0.000 4.440×10-4 0.350 146.783 2.072×107*** 

Notes: This table reports the descriptive statistics of the S&P 500 cash index and E-mini index futures. Prices are taken in 
the form of natural logarithms. Returns are calculated as the first differences of the logarithmic price series. Nobs denotes the 
number of observations; Mean denotes mean of sample; Median denotes median of sample; Std denotes standard deviation; 
Skew denotes skewness; Kurt denotes kurtosis; JB statistics denotes statistics of the Jarque-Bera test for normality. ***, **, 
and * indicate significance at the 1%, 5% and 10% level, respectively.  
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Table 2. Unit-root tests 

 Logarithms of Prices  
 Level  First Difference  
 ADF PP ADF PP 

S&P 500 Cash Index     
 -3.348 -3.312 -37.759*** -149.105*** 

S&P 500 E-Mini Futures     
 -3.313 -3.259 -38.146*** -163.178*** 

Notes: This table shows the results of the Augmented Dickey-Fuller (ADF) and Phillips-Perron (PP) unit-root Tests on the 
natural logarithm of prices of the S&P 500 cash index and E-mini index futures. The results on the original level and the first 
difference of price series are reported. The first difference equals to the price at time t minus the price at time t-1. ADF 
denotes the Augmented Dickey-Fuller test statistic and PP denotes the Phillips-Perron test statistic. ***, **, and * indicate 
significance at the 1, 5, and 10% levels, respectively. 
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Table 3. Johansen cointegration tests 

Cointegrating Vector Zero Cointegrating 
Vector (r = 0) 

One Cointegrating 
Vector (r = 1) 

Restrictions on 
Cointegrating Vector 

Coeff. of St Coeff. of Ft 𝜆𝜆𝑚𝑚𝑚𝑚𝑚𝑚  Trace 𝜆𝜆𝑚𝑚𝑚𝑚𝑚𝑚  Trace Likelihood –ratio test 
statistic 

1 -1.0004 12.390** 12.988** 0.598 0.598 7.758*** 

Notes: This table shows the results of the Johansen cointegration tests on prices of the S&P 500 cash index and E-mini index 
futures. Coeff. stands for cointegrating coefficient. St denotes cash index prices while Ft denotes E-mini futures prices. 𝜆𝜆𝑚𝑚𝑚𝑚𝑚𝑚 
is the max-eigenvalue test statistic. Trace denotes the trace test statistic. r refers to the number of cointegrating vector. The 
likelihood ratio test is conducted on restricting the cointegrating vector to be (1,-1). ***, **, and * indicate significance at 
the 1, 5, and 10% levels, respectively. 
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Table 4. Constant and autoregressive loading factors 

Panel A: Model estimates 

 Specification (I) Specification (II) Specification (III) Specification (IV) 

𝛼𝛼1 0.004** 

(1.79×10-3) 
- - - 

𝛼𝛼2 0.006*** 

(2.01×10-3) 
- - - 

𝛿𝛿1 - 0.022*** 

(1.25×10-3) 
0.024 

(2.76×10-2) 
-5.858*** 

(9.32×10-3) 
𝛿𝛿2 - 0.025* 

(1.34×10-2) 
0.045*** 

(1.05×10-2) 
-6.913*** 

(2.83×10-3) 
𝜃𝜃1 - -0.995*** 

(1.14×10-3) 
-2.982** 

(1.37) 
3.181*** 

(1.06×10-3) 
𝜃𝜃2 - -0.632 

(0.88) 
-2.327*** 

(0.59) 
3.102*** 

(1.06×10-3) 
Panel B: Residual Diagnosis 

 Specification (I) Specification (II) Specification (III) Specification (IV) 

Log-likelihood -37274.438 41996.490 43239.912 76991.051 

AIC 3.102 -3.491 -3.594 -6.401 

SIC 3.110 -3.482 -3.585 -6.392 

HQIC 3.104 -3.488 -3.591 -6.398 

LB(k) 12.824 0.070 0.539 1.021 

 7.721 0.080 0.485 0.985 

LB2(k) 44.524*** 9.950 45.429*** 60.433*** 

 62.804*** 21.572*** 68.187*** 87.185*** 

Notes: This table reports the estimation results of the constant and dynamic error correction coefficients of the VECM. 
Specification (I) refers to the VECM with the constant error correction coefficients as in Equation (1); Specification (II) 
refers to the VECM with the dynamic error correction coefficients defined by Equation (28); Specification (III) refers to the 
VECM with the dynamic error correction coefficients defined by Equation (29); Specification (IV) refers to the VECM with 
the dynamic error correction coefficients defined by Equation (30). AIC, SIC, and HQIC refer to Akaike information criteria, 
Schwarz information criteria, Hannan-Quinn information criteria, respectively. The lag orders of the underlying VAR are 
chosen by AIC. LB(k) and LB2(k) are Ljung-Box Q statistics for residuals and its squares up to k lags. k equals to 8. Figures 
in parenthesis are standard errors. ***, **, and * denotes significance at the 1%, 5%, and 10% levels, respectively.  
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Table 5. Descriptive statistics and hypothesis testing on autoregressive loading factors 
 

Panel A: Descriptive statistics  

 Mean Median Std 

Specification (II)    
𝛼𝛼1,𝑡𝑡 0.011 0.011 7.206×10-4 
𝛼𝛼2,𝑡𝑡 0.015 0.015 1.253×10-4 

Specification (III)    
𝛼𝛼1,𝑡𝑡 0.020 0.020 1.338×10-4 
𝛼𝛼2,𝑡𝑡 0.026 0.026 2.432×10-4 

Specification (IV)    
𝛼𝛼1,𝑡𝑡 -2.930 -2.930 0.483 
𝛼𝛼2,𝑡𝑡 -3.458 -3.458 0.570 

Panel B : Hypothesis testing  
Specification (II)    

H0: u1 = 0 2.406×103*** 

H0: u2 = 0 1.863×104*** 
Specification (III)    

H0: u1 = 0 2.374×104*** 

H0: u2 = 0 1.650×104*** 
Specification (IV)    

H0: u1 = 0 -940.356*** 

H0: u2 = 0 -940.732*** 

Notes: This table reports the descriptive statistics of the estimated loading factor series. Test results on the hypotheses that 
the series’ means equal to zero are reported. Specification (II) refers to the VECM with the dynamic error correction 
coefficients defined by Equation (28); Specification (III) refers to the VECM with the dynamic error correction coefficients 
defined by Equation (29); Specification (IV) refers to the VECM with the dynamic error correction coefficients defined by 
Equation (30). Std denotes standard deviation. u1 denotes the mean of 𝛼𝛼1,𝑡𝑡; u2 denotes the mean of  𝛼𝛼2,𝑡𝑡 . t-statistics for 
hypothesis testing are reported. *** denotes significance at the 1% level.  
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Table 6. AG-DCC GARCH model 

 Specification (I) Specification (II) Specification (III) Specification (IV)  
Coeff. (i = 1) (i = 2) (i = 1) (i = 2) (i = 1) (i = 2) (i = 1) (i = 2) 
𝜆𝜆1𝑖𝑖 -0.150*** 

(4.99×10-7) 
-0.154*** 

(1.54×10-6) 
-0.163*** 

(3.05×10-4) 
-0.174*** 

(1.88×10-5) 
-0.226 *** 

(2.73×10-4) 
-0.226*** 

(1.34×10-5) 
-0.171*** 

(2.20×10-3) 
-0.159*** 

(1.65×10-3) 

𝜆𝜆2𝑖𝑖 0.118*** 
(9.18×10-6) 

0.120*** 
(2.23×10-5) 

0.076*** 
(7.81×10-4) 

0.077*** 
(1.22×10-3) 

0.084*** 

(9.54×10-4) 
0.086*** 

(1.13×10-3) 
0.142*** 

(3.21×10-3) 
0.137*** 

(3.99×10-3) 
𝜆𝜆3𝑖𝑖 -0.123*** 

(4.02×10-4) 
-0.106*** 

(9.67×10-4) 
-0.022*** 

(1.28×10-3) 
-0.024*** 

(1.47×10-3) 
-0.017*** 

(1.41×10-3) 
-0.019*** 

(1.61×10-3) 
0.001 

(1.08×10-3) 
0.001 

(1.71×10-3) 
𝜆𝜆4𝑖𝑖 0.984*** 

(1.14×10-6) 
0.986*** 

(1.69×10-6) 
0.992*** 

(8.97×10-6) 
0.991*** 

(3.57×10-5) 
0.988*** 

(2.31×10-5) 
0.988*** 

(3.63×10-5) 
0.993*** 

(1.29×10-4) 
0.993*** 

(1.46×10-4) 
𝑎𝑎𝑖𝑖𝑖𝑖 0.100*** 

(7.67×10-7) 
0.074*** 

(1.19×10-5) 
0.100*** 

(6.91×10-4) 
0.023*** 

(8.25×10-3) 
0.100*** 

(1.58×10-4) 
0.056* 

(2.88×10-2) 
0.060*** 

(1.67×10-3) 
0.199*** 

(4.38×10-2) 
𝑏𝑏𝑖𝑖𝑖𝑖 0.930*** 

(2.36×10-6) 
0.274*** 

(8.47×10-5) 
0.990*** 

(6.20×10-6) 
0.072*** 

(1.34×10-2) 
0.991*** 

(2.66×10-5) 
0.311*** 

(6.63×10-2) 
0.991*** 

(4.23×10-5) 
-0.162*** 

(6.04×10-2) 
𝑔𝑔𝑖𝑖𝑖𝑖 0.104*** 

(1.68×10-6) 
0.016*** 

(1.26×10-5) 
0.085*** 

(1.74×10-3) 
0.034 

(2.99×10-2) 
0.076*** 

(1.35×10-3) 
0.024 

(3.92×10-2) 
0.107*** 

(5.02×10-3) 
-0.268*** 

(9.92×10-2) 
𝜉𝜉𝑖𝑖 1.910*** 

(3.83×10-2) 
1.914*** 

(3.85×10-2) 
1.849*** 

(7.06×10-3) 
1.897*** 

(7.71×10-3) 
1.736*** 

(7.04×10-3) 
1.768*** 

(7.38×10-3) 
2.593*** 

(3.20×10-2) 
2.513*** 

(4.41×10-2) 
v 4.613*** 

(2.48×10-2) 
2.567*** 

(5.14×10-3) 
2.585*** 

(6.12×10-3) 
2.733*** 

(1.98×10-2) 

LB(k) 12.743 7.732 0.003 0.002 0.539 0.485 0.876 0.831 
LB2(k) 3.345 4.669 0.318 0.795 1.784 5.800 1.464 5.624 

Notes: This table reports the estimation results of the bivariate AG-DCC GARCH model. Specifically, the coefficients of Equations (25), (26) & (31) are reported. Specification (I) refers to the 
VECM with the constant error correction coefficients as in Equation (1); Specification (II) refers to the VECM with the dynamic error correction coefficients defined by Equation (28); 
Specification (III) refers to the VECM with the dynamic error correction coefficients defined by Equation (29); Specification (IV) refers to the VECM with the dynamic error correction 
coefficients defined by Equation (30).  LB(k) and LB2(k) are the Ljung-Box Q statistics at order k for the standardized residuals and their squares, respectively. k equals to 8. Coeff. stands for 
coefficients. Figures in the parentheses are standard errors. ***, **, and * indicate significance at the 1, 5, and 10%, respectively.   
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Table 7. Static and conditional price discovery measures 

Panel A : Static price discovery measure 

 IS  MIS  GIS  PT/GG  
 Upper 

Bound 
Lower 
Bound 

Upper 
Bound 

Lower 
Bound 

      

 Cash Index E-mini Futures Cash Index E-mini Futures Cash Index E-mini Futures Cash Index E-mini Futures 

Estimates  0.985 0.025 0.975 0.015 0.518 0.482 0.518 0.482 0.593 0.407 
Panel B: Conditional price discovery measure  

Specification (I)           

Mean 0.997 0.030 0.970 0.003 0.558 0.442 0.558 0.442 0.593 0.407 

Median 0.999 0.015 0.985 0.001 0.551 0.449 0.551 0.449 0.593 0.407 
Std 7.396×10-3 0.060 0.060 7.396×10-3 0.039 0.039 0.039 0.039 0 0 

Specification (II)           

Mean 0.935 0.080 0.920 0.065 0.513 0.487 0.513 0.487 0.574 0.426 

Median 0.949 0.059 0.941 0.051 0.510 0.490 0.510 0.490 0.574 0.426 

Std 0.051 0.070 0.070 0.051 0.018 0.018 0.018 0.018 0.018 0.018 

Specification (III)           

Mean 0.930 0.078 0.922 0.070 0.507 0.493 0.507 0.493 0.558 0.442 

Median 0.945 0.059 0.941 0.055 0.505 0.495 0.505 0.495 0.558 0.442 

Std 0.049 0.062 0.062 0.049 0.011 0.011 0.011 0.011 1.564×10-3 1.564×10-3 

Specification (IV)           

Mean 0.923 0.074 0.926 0.077 0.497 0.503 0.497 0.503 0.541 0.459 

Median 0.957 0.041 0.959 0.043 0.497 0.503 0.497 0.503 0.541 0.459 

Std 0.052 0.051 0.051 0.052 0.005 0.005 0.005 0.005 3.317×10-5 3.317×10-5 
Notes: This table reports the estimation result of the static and conditional IS, MIS, GIS, and PT/GG measures. Mean, median and standard deviation of the conditional measures are reported. IS, MIS, GIS and 
PTGG refer to information share, modified information share, generalised information share Gonzalo-Granger permanent-temporary measure, respectively. Cash Index denotes the S&P 500 cash index; E-mini 
Futures denotes the S&P 500 E-mini index futures. The AG-DCC GARCH model is used to predict the conditional covariance matrix of innovations for IS, MIS and GIS measures.  Specification (I) refers to the 
VECM with the constant error correction coefficients as in Equation (1); Specification (II) refers to the VECM with the dynamic error correction coefficients defined by Equation (28); Specification (III) refers to 
the VECM with the dynamic error correction coefficients defined by Equation (29); Specification (IV) refers to the VECM with the dynamic error correction coefficients defined by Equation (30). Std denotes 
standard deviation.  
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Figure 1. Time-varying IS and GIS 
 

    
 

    
Notes: Specification (I) is the VECM with the constant error correction coefficients as in Equation (1); Specification (II) is the VECM with the dynamic error correction coefficients defined by Equation (28); 
Specification (III) is the VECM with the dynamic error correction coefficients defined by Equation (29); Specification (IV) is the VECM with the dynamic error correction coefficients defined by Equation (30). 
The AG-DCC GARCH model is used to compute the conditional covariance matrix of innovations for IS, MIS and GIS measures. IS, information share; GIS, generalised information share. The estimates of MIS 
equal to GIS and thus are not showed in the figure.  
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Table 8. Volatility of autoregressive loading factors and GIS  

 Specification(I) Specification(II) Specification(III) Specification(IV) 

Panel A: Variability of dynamic loading factors 

Std. of 𝛼𝛼1,𝑡𝑡 0 7.206×10-4 1.338×10-4 0.483 

Std. of 𝛼𝛼2,𝑡𝑡 0 1.253×10-4 2.432×10-4 0.570  

Panel B: Mean of conditional GIS   

𝐺𝐼𝑆𝑠,𝑡𝑡 0.558 0.513 0.507 0.497 

𝐺𝐼𝑆𝑓,𝑡𝑡 0.442 0.487 0.493 0.503 

Panel C: Volatility of conditional GIS 

Std. of 𝐺𝐼𝑆𝑓,𝑡𝑡 0.039 0.018 0.011 0.005 

Notes: This table reports the variability of estimated dynamic loading factors as well as the mean and volatility of estimated 
conditional GIS series. Note that the standard deviation of the conditional GIS of the cash index with respect to each specification is 
equal to that of the E-mini futures and thus not reported in this table.  𝛼𝛼1,𝑡𝑡 refers to the conditional error correction coefficients for the 
S&P 500 cash index while 𝛼𝛼2,𝑡𝑡 refers to the conditional error correction coefficients for the S&P E-mini futures. 𝐺𝐼𝑆𝑠,𝑡𝑡 denotes the 
conditional GIS of the S&P 500 cash index; 𝐺𝐼𝑆𝑓,𝑡𝑡 denotes the conditional GIS of the S&P E-mini futures.  Specification (I) refers to 
the VECM with the constant error correction coefficients as in Equation (1); Specification (II) refers to the VECM with the dynamic 
error correction coefficients defined by Equation (28); Specification (III) refers to the VECM with the dynamic error correction 
coefficients defined by Equation (29); Specification (IV) refers to the VECM with the dynamic error correction coefficients defined by 
Equation (30). Std., standard deviation; GIS, generalised information share.  
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Table 9. Model estimation of variability of autoregressive loading factors and GIS   
 

 Eq.(33)  Eq.(34)  Eq.(35) 

𝛬0
𝑠𝑝𝑒𝑐(𝐼𝐼) 0.177*** 

(5.66×10-2) 
𝛬0
𝑠𝑝𝑒𝑐(𝐼𝐼𝐼) 0.025*** 

(9.32×10-4) 
𝛬0
𝑠𝑝𝑒𝑐(𝐼𝑉) 0.039*** 

(9.84×10-4) 

𝛬1
𝑠𝑝𝑒𝑐(𝐼𝐼) 913.091*** 

(126.58) 
𝛬1
𝑠𝑝𝑒𝑐(𝐼𝐼𝐼) 93.468*** 

(3.33) 
𝛬1
𝑠𝑝𝑒𝑐(𝐼𝑉) 0.004*** 

(9.21×10-5) 

𝛬2
𝑠𝑝𝑒𝑐(𝐼𝐼) 274.192*** 

(71.35) 
𝛬2
𝑠𝑝𝑒𝑐(𝐼𝐼𝐼) 57.060*** 

(2.24) 
𝛬2
𝑠𝑝𝑒𝑐(𝐼𝑉) 0.003*** 

(6.61×10-5) 

AIC -1.146  -1.503  -2.988 

SIC -1.145  -1.503  -2.988 

HQIC -1.146  -1.503  -2.988 
Notes: This table reports the estimation results of Equations (33), (34), and (35). 𝑠𝑝𝑒𝑐(𝐼𝐼) denotes specification (II) that refers to the 
VECM with the dynamic error correction coefficients defined by Equation (28); 𝑠𝑝𝑒𝑐(𝐼𝐼𝐼) denotes specification (III) that refers to the 
VECM with the dynamic error correction coefficients defined by Equation (29); 𝑠𝑝𝑒𝑐(𝐼𝑉) denotes specification (IV) that refers to the 
VECM with the dynamic error correction coefficients defined by Equation (30). AIC, SIC, and HQIC refer to Akaike information 
criteria, Schwarz information criteria, Hannan-Quinn information criteria, respectively. Figures in parentheses are the Newey-West 
(1987) standard errors. ***, **, and * denotes significance at the 1%, 5% and 10% levels, respectively.  
 

 

 

 

47 
 



May 4-6, 2017 24th Annual Global Finance Conference Hempstead, New York, USA

Room Student Center Rm 141 Student Center Rm 142 Student Center Rm 143 Student Center Rm 145 Student Center Plaza - East

Session 1.1 1.2 1.3 1.4 1.5

Topic Accounting Efficiency Financial Markets Foreign Currency Risk

Session Chair

Peer effects in corporate fraud
For a dynamic portfolio selection based on 

volume and returns
Patience

Price Discovery in the Onshore and Offshore 

Renminbi Markets

Does Corporate Social Responsibility Add Value? 

Evidence from Capital Structure and Product 

Markets Interactions

Asad Ali Rind

IRG, Université Paris-Est Créteil, France

Amel Oueslati

Université de Carthage

Jinghan Cai

University of Scranton, USA

Yu-Lun Chen

Chung Yuan Christian University

Kee-Hong Bae

York University, Canada

Sabri Boubaker

IRG, Université Paris-Est Créteil, France

Olfa Benouda

Université de Carthage

Jibao He

Shenzhen Stock Exchange, China

Sadok El Ghoul

University of Alberta, Canada

Souad Lajili−Jarjir

IRG, Université Paris-Est Créteil, France

Weili Zhai

Shenzhen University, China

Omrane Guedhami

University of South Carolina, USA

Chuck C.Y. Kwok

University of South Carolina, USA

Ying Zheng

University of South Carolina, USA

New Media and Stock Market: Evidence from 

China

Abnormal Stock Market Returns around Peaks in 

VIX: The Evidence of Investor Overreaction?

Impact of Banking Sector Development on 

Insurance Market-Growth Nexus

Co-jump between crude oil market and 

exchange rate market: An intraday analysis

New Metrics and Approaches in Bankruptcy 

Prediction

Li Antai

Huazhong Uni. of Science & Technology

Valeriy Zakamulin

University of Agder

Saurav Dash

Indian Institute of Technology, India

Hachmi Bem Ameur

Inseec Business School, France

Flavio Barboza

Federal University of Uberlandia, Brazil

Xia Xinping

Huazhong Uni. of Science & Technology

Rudra P. Pradham

Indian Institute of Technology, India

Fredj Jawadi

University of Evry, France

Leonardo Fernando Cruz Basso

Mackenzie Presbyterian University, Brazil
Liu Peipei

Huazhong Uni. of Science & Technology

Rana P. Maradana

Indian Institute of Technology, India

Zied Ftiti

EDC Paris Business School, France

Herbet Kimura

University of Brasília, Brazil

Kunal Gaurav

Indian Institute of Technology, India

Waël Louhichi

ESSCA School of Management, France

Manju Jayakumar

Indian Institute of Technology, India

Danish B. Zaki

Indian Institute of Technology, India

Audit Committee Quality Indices, Firm value, 

and Financial Reporting Quality

The Permanent Decline of S&P 500 Deletions: A 

Resolution to the Asymmetric Price Response 

Puzzle

Government Bond Yield Spreads in the 

Eurozone - Empirical Evidence from Better Days

The Arab League: Export Earnings and Economic 

Development

BANK RESPONSES TO CORPORATE 

REORGANIZATION: Evidence from Brazil

Wael Almaqoushi

University College Dublin, Ireland

Edward R. Lawrence

Florida International University, USA

Tobias Basse

Norddeutsche Landesbank Girozentrale

Raul Gouvea

University of New Mexico, USA

Mariana Oreng

São Paulo School of Business Administration, Brazil 

Ronan Powell

University College Dublin, Ireland

Ivan M. Rodriguez, Jr.

Florida International University, USA

Cristoph Wegener

Ipag Business School

Gautam Vora

University of New Mexico, USA

Richard Saito

São Paulo School of Business Administration, Brazil 

Frederik Kunze

Norddeutsche Landesbank Girozentrale

Hans-Jörg von Mettenheim

Gottfried Wilhelm Leibniz Universität

“Stiff Business Headwinds and Unchartered 

Economic Waters”: The Use of Euphemisms in 

Earnings Conference Calls

REIT Intangible Assets
The Big Short: Illusionary Benefits of Close 

Supply Chain Relationships

The Idiosyncratic Volatility Puzzle and Mergers 

and Acquisitions Activity

Kate Suslava

Rutgers Business School

Andrew Spieler

Hofstra University

Jocelyn D. Evans

College of Charleston, USA

Lorne Switzer

Concordia University

Dominique G. Outlaw

Hofstra University, USA

Day 1: Thursday, May 4, 2017
9:00 AM - 10:30 AM

Version 1.6 Session 1 Page 1 of 6

https://www.jotform.com/uploads/glofinorg/43487537533261/360838479034548133/Peer effects in Corporate Fraud 20012017.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/362283283311568649/PaperGFC17.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/362283283311568649/PaperGFC17.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/361712947931871564/patience2.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/357899358361308789/Manuscript.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/357899358361308789/Manuscript.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/361718939561450104/CSR and the Costs of High Leverage_11_18_16 FINAL1.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/361718939561450104/CSR and the Costs of High Leverage_11_18_16 FINAL1.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/361718939561450104/CSR and the Costs of High Leverage_11_18_16 FINAL1.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/357870829281955356/New media and stock market For GFC.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/357870829281955356/New media and stock market For GFC.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/359865828007867425/VolSpikesRevised.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/359865828007867425/VolSpikesRevised.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/360127737824149946/GFC_SD_Rudra_13 01 2017.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/360127737824149946/GFC_SD_Rudra_13 01 2017.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/360045022411498193/Abstract_Global_Finance.docx
https://www.jotform.com/uploads/glofinorg/43487537533261/360045022411498193/Abstract_Global_Finance.docx
https://www.jotform.com/uploads/glofinorg/43487537533261/354093593690598742/Paper - new-metrics-approaches-bankruptcy.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/354093593690598742/Paper - new-metrics-approaches-bankruptcy.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/360065598653136838/Audit Committee Quality Indices, Firm value, and Financial Reporting Quality_draft5.docx
https://www.jotform.com/uploads/glofinorg/43487537533261/360065598653136838/Audit Committee Quality Indices, Firm value, and Financial Reporting Quality_draft5.docx
https://www.jotform.com/uploads/glofinorg/43487537533261/361718135226113340/SP500.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/361718135226113340/SP500.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/361718135226113340/SP500.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/360549328699238954/government-bond-yield.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/360549328699238954/government-bond-yield.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/354602741532883560/ArabLeagueExportEarningsEconDevelop-GFC2017.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/354602741532883560/ArabLeagueExportEarningsEconDevelop-GFC2017.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/359802402951680408/BankResponseCorpReorg_MOreng_GFC.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/359802402951680408/BankResponseCorpReorg_MOreng_GFC.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/360149135388631557/Kate Suslava_ Use of Euphemisms in Conference Calls 1.10.17.docx
https://www.jotform.com/uploads/glofinorg/43487537533261/360149135388631557/Kate Suslava_ Use of Euphemisms in Conference Calls 1.10.17.docx
https://www.jotform.com/uploads/glofinorg/43487537533261/360149135388631557/Kate Suslava_ Use of Euphemisms in Conference Calls 1.10.17.docx
https://www.jotform.com/uploads/glofinorg/43487537533261/3685177627413424530/Global Finance Abstract - 2017- Devos - Scofield - Smith - Spieler.docx
https://www.jotform.com/uploads/glofinorg/43487537533261/359877117348469397/GFC_Paper_BigShort.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/359877117348469397/GFC_Paper_BigShort.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/354081791231898995/idiosynchratic vol and MAnov2016_nm1.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/354081791231898995/idiosynchratic vol and MAnov2016_nm1.pdf


May 4-6, 2017 24th Annual Global Finance Conference Hempstead, New York, USA

Room Student Center Rm 141 Student Center Rm 142 Student Center Rm 143 Student Center Rm 145 Student Center Plaza - East

Session 2.1 2.2 2.3 2.4 2.5

Topic Financial Markets Entrepreneurship Global Financial Crises IPOs Mergers

Session Chair

Time-Varying Price Discovery and Autoregressive 

Loading Factors: Evidence from S&P 500 Cash and 

E-Mini Futures Markets

CROWDFUNDING AS A GAME CHANGER IN REAL 

ESTATE FUNDING?
The Walking Debt Crisis

Manipulative Stock Option Games of Outside 

Directors

Bidder Behavior in Discriminatory Auctions: A 

Study of Swedish Treasury Auctions

Yang Hou

University of Waikato, New Zealand

Manuchehr Shahrokhi

California State University, Fresno

Cristoph Wegener

Ipag Business School, France and Center for Risk and 

Insurance, Germany

S. Burcu Avci

University of Michigan, USA

Mark Wu

Roger Williams University, USA

Steven Li

RMIT University, Australia

Jim Nakamura

California State University, Fresno

Robinson Kruse

University of Groningen, Netherlands and University of 

Aarhus, Denmark

Cindy A. Schipani

University of Michigan, USA

Shishir Paudel

Alabama A&M University, USA

Tobias Basse

Norddeutsche Landesbank Girozentrale, Germany and Touro 

College Berlin, Germany

H. Nejat Seyhun

University of Michigan, USA

The Dynamics of Firm Industry-Switching 

Decision: Learning from Peers

Overconfident Entrepreneurs: A Study of 

Kauffman Firm Survey

The Dynamic of Twin -Currency and Banking- 

Crises: The Role of Market Pressure

Does the Legal System Affect the Cost of External 

Financing_Evidence from IPO Underpricing of 

Foreign Firms Listed in U.S. Stock Markets.S. Stock 

Markets

Should we be afraid of mergers? Corporate 

acquisitions and long-term returns in frontier 

equity markets

Jing Jiang

Sacred Heart University

H. Young Baek

Nova Southeastern University, USA

Heru Rahadyan

Cranfield University, UK

Shaokang Wang

Wilkes University, USA

Adam Szyszka

Warsaw School of Economics, Poland

Florence Neymotin

Nova Southeastern University, USA

Catarina Figueira

Cranfield University, UK

Jing Jiang

Sacred Heart University, USA

Adam Zaremba

Poznań University of Economics and Business, Poland

Andrew Angus

Cranfield University, UK

Michal Plotnicki

Warsaw School of Economics, Poland

Przemyslaw Grobelny

Poznań University of Economics and Business, Poland

Bias in International Portfolio Diversification and 

Investor Protection Standard

Angels or Sharks? The Role of Personal 

Characteristics in Angel Investment Decisions

The impact of monetary policy during the global 

financial crisis: How does quantitative easing 

compare to conventional monetary policy?

Does Earnings Management during the Pre-IPO 

Process Pay?

Sources of Financing in Different Forms of 

Corporate Liquidity and the Performance of M&As

Chandra Thapa

University of Strathclyde

Thomas J. Boulton

Miami University, USA

Franziska Collingro

WHU Otto Beisheim School of Management, Germany

Arjan Premti

University of Wisconsin - Whitewater, USA

Jian Liu

University of Exeter

Thomas D. Shohfi

Rensselaer Polytechnic Institute, USA

Dr. Michael Frenkel

WHU Otto Beisheim School of Management, Germany

Garret Smith

University of Wisconsin - Whitewater, USA

Pengcheng Zhu

University of Pittsburgh, USA

Stock Market Liquidity and Incentives for 

Corporate Innovation

Forecasting Private Equity Returns Using a Five 

Factor Entrepreneurialism Model and the Bid Ask 

Spread of Private Companies

Analysis of banks’ systemic risk contribution and 

contagion determinants trough the leave-one-out 

approach

Determinants of Globalization
Private information implications for Acquirers and 

targets

Lai Vo

Western Connecticut State University
Spencer Knight

University of California, Irvine

Stefano Zedda

University of Cagliari, Italy

Catalina Hurwitz

University of the District of Columbia, USA

Amit Mittal

Indian Institute of Management, India

Huong Le

Northeastern Illinois University

Richard Herko

Pepperdine University

Giuseppina Cannas

European Commission, Joint Research Centre, IPSC, Scientific 

Support to Financial Analysis

Wen-Hsiu Chou

Florida International University, USA

Ajay Garg

Indian Institute of Management, India

Ji-Chai Lin

Hong Kong Polytechnic University
Chun-Hao Chang

Florida International University, USA

Day 1: Thursday, May 4, 2017
10:45 AM - 12:15 PM

Version 1.6 Session 2 Page 2 of 6

https://www.jotform.com/uploads/glofinorg/43487537533261/357567534698321878/Global finance Conference 2017 submission Paper Draft (revise version 16) .pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/357567534698321878/Global finance Conference 2017 submission Paper Draft (revise version 16) .pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/357567534698321878/Global finance Conference 2017 submission Paper Draft (revise version 16) .pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/361741274191363800/CROWDFUNDING AS A GAME CHANGER IN REAL ESTATE FUNDING.docx
https://www.jotform.com/uploads/glofinorg/43487537533261/361741274191363800/CROWDFUNDING AS A GAME CHANGER IN REAL ESTATE FUNDING.docx
https://www.jotform.com/uploads/glofinorg/43487537533261/360130609396363135/the_walking_debt_crisis.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/361636873833973813/Outside Directors.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/361636873833973813/Outside Directors.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/360320056424957709/SWEAug2014.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/360320056424957709/SWEAug2014.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/361726172102598363/The Dynamics of Firm Industry-Switching Decision Learning from Peers.docx
https://www.jotform.com/uploads/glofinorg/43487537533261/361726172102598363/The Dynamics of Firm Industry-Switching Decision Learning from Peers.docx
https://www.jotform.com/uploads/glofinorg/43487537533261/361436058311848641/Overconfident Entrepreneurs 2017 0128.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/361436058311848641/Overconfident Entrepreneurs 2017 0128.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/360199808342768748/3 - The Dynamic of Twin -Banking and Currency- Crises.docx
https://www.jotform.com/uploads/glofinorg/43487537533261/360199808342768748/3 - The Dynamic of Twin -Banking and Currency- Crises.docx
https://www.jotform.com/uploads/glofinorg/43487537533261/361214592102894995/Does the Legal System Affect the Cost of External Financing_Evidence from IPO Underpricing of Foreign Firms Listed in U.S. Stock Markets.S. Stock Markets.docx
https://www.jotform.com/uploads/glofinorg/43487537533261/361214592102894995/Does the Legal System Affect the Cost of External Financing_Evidence from IPO Underpricing of Foreign Firms Listed in U.S. Stock Markets.S. Stock Markets.docx
https://www.jotform.com/uploads/glofinorg/43487537533261/361214592102894995/Does the Legal System Affect the Cost of External Financing_Evidence from IPO Underpricing of Foreign Firms Listed in U.S. Stock Markets.S. Stock Markets.docx
https://www.jotform.com/uploads/glofinorg/43487537533261/361214592102894995/Does the Legal System Affect the Cost of External Financing_Evidence from IPO Underpricing of Foreign Firms Listed in U.S. Stock Markets.S. Stock Markets.docx
https://www.jotform.com/uploads/glofinorg/43487537533261/362331576751751447/2017-01-26 paper GFC.docx
https://www.jotform.com/uploads/glofinorg/43487537533261/362331576751751447/2017-01-26 paper GFC.docx
https://www.jotform.com/uploads/glofinorg/43487537533261/362331576751751447/2017-01-26 paper GFC.docx
https://www.jotform.com/uploads/glofinorg/43487537533261/358558718457197390/IPS_&_SPA_with_authors_info.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/358558718457197390/IPS_&_SPA_with_authors_info.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/359861719791359438/Shark Tank 20161218.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/359861719791359438/Shark Tank 20161218.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/361703746936958530/The impact of monetary policy during the global financial crisis_310117.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/361703746936958530/The impact of monetary policy during the global financial crisis_310117.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/361703746936958530/The impact of monetary policy during the global financial crisis_310117.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/360116806051215119/IPOearningsmanagementGFCSub.docx
https://www.jotform.com/uploads/glofinorg/43487537533261/360116806051215119/IPOearningsmanagementGFCSub.docx
https://www.jotform.com/uploads/glofinorg/43487537533261/359611206801809814/Sources_of_Financing_in_Different_Forms_of_Corporate_Liquidity_and_the_Performance_of_M%26As.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/359611206801809814/Sources_of_Financing_in_Different_Forms_of_Corporate_Liquidity_and_the_Performance_of_M%26As.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/361683720012317523/JAAF_Stock Market Liquidity and Incentives for Innovation.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/361683720012317523/JAAF_Stock Market Liquidity and Incentives for Innovation.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/361374294452333284/Forecasting Private Equity Returns Using a Five Factor Entrepreneurialism Model and the Bid Ask Spread of Private Companies.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/361374294452333284/Forecasting Private Equity Returns Using a Five Factor Entrepreneurialism Model and the Bid Ask Spread of Private Companies.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/361374294452333284/Forecasting Private Equity Returns Using a Five Factor Entrepreneurialism Model and the Bid Ask Spread of Private Companies.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/361666727621891049/LeaveOneOut_2017.docx
https://www.jotform.com/uploads/glofinorg/43487537533261/361666727621891049/LeaveOneOut_2017.docx
https://www.jotform.com/uploads/glofinorg/43487537533261/361666727621891049/LeaveOneOut_2017.docx
https://www.jotform.com/uploads/glofinorg/43487537533261/360245472931512302/Determinants of globalization GFC.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/360305465315872786/Private information implications for Acquirors and targets in Horizontal mergers v1.pdf
https://www.jotform.com/uploads/glofinorg/43487537533261/360305465315872786/Private information implications for Acquirors and targets in Horizontal mergers v1.pdf


May 4-6, 2017 24th Annual Global Finance Conference Hempstead, New York, USA

Room University Club Netherlands Room Student Center Rm 142 University Club Community Room Student Center Rm 145 Student Center Plaza - East

Session 3.1 3.2 3.3 3.4 3.5

Topic Sustainability Asset Allocation Banking & Financial Services BRICS Corporate Governance

Session Chair

Corporate Social Responsibility Practices and 

Financial Distress Risk

Socially Responsible US Equity Mutual Funds in 

Different Economic Regimes

The Effects of the Fed’s Quantitative Easing 

Announcements on the U.S. Mortgage Market: An 

Event-Study Analysis

Asymmetric Mean Reversion and Structural Breaks: 

Evidence from African Foreign Exchange Markets
Are women better directors in boards?

Asif Saeed

IRG, Université Paris-Est Créteil, France and COMSATS Institute 

of Information Technology, Pakistan

Ali Fatemi

DePaul University, USA

Gang Wang

Clemson University

Saint Kuttu

University of Ghana

Olvar Bergland

Norwegian University of Life Sciences, Norway

Sabri Boubaker

Champagne School of Management, France and IRG, Université 

Paris-Est Créteil, France

Iraj Fooladi

Dalhousi University, Canada

Helge Berglann

Norwegian Institute of Bioeconomy Research, Norway

Alexis Cellier

IRG, Université Paris-Est Créteil, France

Yonggan Zhao

Dalhousi University, Canada

Aytaç Erdemir

Norwegian Institute of Life Sciences, Norway and Norwegian 

Institute of Bioeconomy Research, Norway

Zongming Ma

Dalhousi University, Canada

Why Don't General Counsels Stop Corporate Crime? Closed-End Fund Discounts and Taxes
Banking Competition, Banking Stability, and 

Economic Growth: Are Feedback Effects at Work?

Volatility Differentials Across Listings: A Quantile 

Counterfactual Analysis of Chinese Start-up, SME 

Board and Large Capital Main Board

Labor Unions and Corporate Cash Holdings: 

Evidence from International Data

S. Burcu Avci

University of Michigan, USA

Shishir Paudel

Alabama A&M University, USA

Manju Jayakumar

Indian Institute of Technology, India

Simon Rudkin

Xi'an Jiaotong Liverpool University, China

Zhenxu Tong

University of Exeter, UK

H. Nejat Seyhun

University of Michigan, USA

Mark Wu

Roger Williams University

Rudra P. Pradhan

Indian Institute of Technology, India

Juan Tao

Xi'an Jiaotong Liverpool University, China

Hui Huang

University of Exeter, UK

Saurav Dash

Indian Institute of Technology, India

Rana P. Maradana

Indian Institute of Technology, India

Kunal Gaurav

Indian Institute of Technology, India

Corporate Environment Management Practices: 

International Evidence on Carbon Emission 

Disclosures

Does Manager Education Affect Hedge Fund 

Performance and Survival?

Payout policy of Islamic vs. Conventional banks 

Does ownership identity matter?

The Relationship between Half Hourly Returns and 

Trading Volumes - Evidence from NIFTY Futures

Do Directors Have a Use-By Date? Examining the 

Impact of Board Tenure on Firm Performance

Saqib Aziz

Rennes School of Business, France

Hyuna Park

Brooklyn College, USA

Andi Duqi

University of Sharjah, UAE

Aravind Sampath

Indian Institute of Management Kozhikode

Joshua Livnat

New York University, USA and Quantitative Management 

Associates, USA

Sabrina Chikh

SKEMA Business School, France

Aziz Jaafar

Bangor University, UK

Gavin Smith

Quantitative Management Associates, USA

Michael Dowling

Rennes School of Business, France

Mohammed H. Warsame

University of Sharjah, UAE

Kate Suslava

Rutgers University, USA

Dhoha Trabelsi

ESCE International Business School, France

Martin Tarlie

Quantitative Management Associates, USA

Is Controlling Shareholder Influencing the 

Relationship between CSR and Earnings Quality? 

Evidence from Chinese Listed Companies

The road less traveled: When short sellers disagree 

with common investment signals
Do Institutional Investors Avoid Women? Do Indian professional investors beat the market?

IS THERE (A METHODOLOGY TO MEASURE) A 

CORPORATE GOVERNANCE RISK PREMIUM INTO 

THE CORPORATE COST OF CAPITAL?

Li Antai

Huazhong University of Science & Technology, China

M. A. Rahman

Florida International University, USA

Jodonnis Rodriguez

Eastern Michigan University

S. N. Rao

SJM School of Management, India

Giorgio Bertinetti

Ca' Foscari University, Italy

Xia Xinping

Huazhong University of Science & Technology, China

Bakhtear Talukdar

University of Wisconsin - Whitewater, USA

Edward R. Lawrence

Florida International University, USA

R. H. Suhas

SJM School of Management, India

Guido Max Mantovani

HERMES-Universities Network and Ca' Foscari University, Italy

A. M. Parhizgari

Florida International University, USA
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Session 4.1 4.2 4.3 4.4 4.5

Topic Efficiency Financial Markets Mergers Efficiency E-Finance

Session Chair

The Effect of Earnings Components on the 

Forecast Dispersion Anomaly: Discretionary 

vs. Nondiscretionary earnings

Firm Accruals and US Stock Market Volatility

Differences between International Domestic 

and Cross-Border M&A Transactions and the 

Role of Reference Point Theory

Explaining the stock market’s reaction to 

unemployment news over the business cycle
Signaling in Fixed Rate P2P Lending

Haejung Na

California State University, Los Angeles

Antonio Figueiredo

Nova Southeastern University, USA

Garrett C. C. Smith

University of Wisconsin

Joost Driessen

Tilburg University, Netherlands
H. Young Baek

Nova Southeastern University, USA

A. M. Parhizgari

Florida International University, USA

Jeffrey M. Coy

Penn State Erie, The Behrend College

Ivo Kuiper

Tilburg University, Netherlands and Kempen Capital 

Management, Netherlands

David Cho

Nova Southeastern University, USA

Clark M. Wheatly

Florida International University, USA

Robert Jordan

Nova Southeastern University, USA

Why They Buy: Primary Market Demand for 

U.S. Treasury Securities

Linkages between Equity and Commodity 

Markets: Are Emerging Markets Different?

M&A in the Indian Banking Sector - An 

analysis of public and private transactions

For a new strategy based on volume 

dependant return portfolio selection

First-Generation College Students and 

Cultural Intelligence

Patrick Herb

Brandeis University

Maria E. de Boyrie

New Mexico State University, USA

Amit Mittal

Indian Institute of Management, India

Amel Oueslati

Université de Carthage

Jennifer Miele

 California State University-Fresno, USA

Ivelina Pavlova

University of Houston - Clear Lake, USA

Ajay Garg

Indian Institute of Management, India

Olfa Benouda

Université de Carthage

Vinh Huy Nguyen

 California State University-Fresno, USA

Is aggregate volatility a priced risk factor? Learning to wait
Cross-border M&As and Credit Risk: Evidence 

from the CDS Market

Interest Rate Risk in a Negative Yielding 

World

A Breach Too Far: Internet Protocol 

Footprints and Firm Cyber Risk

Stanley Peterburgsky

Brooklyn College

Jinghan Cai

University of Scranton, USA

Iuliana Ismailescu

Pace University, USA

Joel R. Barber

Florida International University, USA

Bill Francis

Rensselaer Polytechnic Institute, USA

Jibao He

Shenzhen Stock Exchange, China

Burcin Col

Pace University, USA

Krishnan Dandapani

Florida International University, USA

Wenyao Hu

Rensselaer Polytechnic Institute, USA

Weili Zhai

Shenzhen University, China

Thomas D. Shohfi

Rensselaer Polytechnic Institute, USA

Roger M. White

Arizona State University, USA

The impact of aggregate and disaggregate 

consumption shocks on the ERP in the UK

Valuation effects of cultural disparity on 

cross border mergers: The evidence from 

India

Do Stock Markets Price Expected Stock 

Skewness? New Evidence from Quantile 

Regression Skewness Forecasts

Sunil S. Poshakwale

Cranfield University, UK

Pradip Banerjee

Indian Institute of Management, India

Kevin Aretz

Manchester Business School, UK

Pankaj Chandorkar

Northumbria University, UK

Soumen De

Menlo College, USA

Y. Eser Arisoy

Université Paris-Dauphine, France

Manish Tewari

Menlo College, USA
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Session 5.1 5.2 5.3 5.4 5.5

Topic Asset Allocation Banking & Financial Services Corporate Governance Derivatives Efficiency

Session Chair

Retirement Portfolio Realities

Employee owned wealth management 

companies: friend or foe for stock 

performance?

Value of director networks for firms
Credit Default Swaps and Bond Issuance 

Costs
Variance of the Variance Risk Premium

Craig Israelsen

Utah Valley University

Binam Ghimire

Northumbria University

Olvar Bergland

Norwegian University of Life Sciences

Xiang Gao

Binghamton University, USA

Yiying Cheng

University of St. Thomas Houston, USA

Helge Berglann

Norwegian Institute of Bioeconomy Research

Cihan Uzmanoglu

Binghamton University, USA

Steven P. Clark

University of North Carolina at Charlotte , USA

Aytaç Erdemir

Norwegian University of Life Sciences, Norway, 

Norway and Norwegian Institute of Bioeconomy 

Research, Norway

Use of Options, Short Sales, and Leverage 

by Mutual Funds

Empirical Research on Competition and 

Efficiency of Macau's Banking Industry
Loss Averse Compensation: Bonus vs. Malus

Option Value Sensitivity to Systematic and 

Idiosyncratic Components of Volatility

What Is Wrong With Representative Agent 

Equilibrium

Paul Calluzzo

Queen's University, Canada

Kevin Lei

University of Saint Joseph, USA

Norbert Pierre

Office of the Comptroller of the Currency

Mobina Shafaati

Louisiana State University

Luca Pezzo

Washington University in Saint Louis

Fabio Moneta

Queen's University, Canada

Harry Xia

California State University, USA

Selim Topaloglu

Queen's University, Canada

Optimal Asset Allocation Strategies for 

International Equity Portfolios:A 

Comparison of Country versus Sector 

Optimization

How do lead lag relations in cross listings 

move?
Effect of Blockholder Promoters on Leverage

VOLATILITY SMILE: EVIDENCE FROM NIFTY 

50 INDEX OPTIONS

Is It Time for Popcorn? Expected Stock 

Returns and Daily Box Office Earnings

Wolfgang Bessler

Justus-Liebig-University Giessen

Malay Dey

FINQ LLC

Anuja Sethiya

Indian Institute of Technology Madras

V. Srividya

PSG College of Technology, India

Steve Fortin, Ph.D.

McGill University, Canada

Georgi Taushanov

Justus-Liebig-University Giessen

Chaoyan Wang

University of Nottingham Ningbo China

M. Thenmozhi

Indian Institute of Technology Madras

D. Susana

PSG College of Technology, India

Seda Oz, Ph.D.

McGill University, Canada

Dominik Wolff

Frankfurt am Main

Do bond mutual funds destabilize the 

corporate bond market?

Volume effect on return and volatility 

spillover in cross listed securities

Loss Averse Asset Pricing and Portfolio 

Choice

Individual Characteristics, Cognitive Abilities 

and Behavioural Anomalies: Evidence 

Against Rationality.

Saeid Hoseinzade

Suffolk University

Malay Dey

FINQ LLC

Norbert Pierre

Office of the Comptroller of the Currency

Ray Saadaoui Mallek, Ph.D.

University of Sharjah, UAE

Chaoyan Wang

University of Nottingham Ningbo China

Mohamed AlBaity, Ph.D.

University of Sharjah, UAE
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