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Abstract 
The objective of this research is to study the causality relationship between the 
Information Technology industry and the nine other industries. Prior 
literatures found proof that volatility of stock prices carry information that can 
be used on the decision of investment; here we apply Granger causality by using 
of a leveraged bootstrap test developed by Hacker and Hatemi-J (2006) to 
investigate the behavior of the volatility. The results show that the volatility of 
Information Technology industry has an effect on the volatility of Industrials 
and Consumer Discretionary industries. Also, the Information Technology 
industry market was affected by five out of nine other industries - Materials, 
Industrials, Consumer Staples, Health Care and Telecommunication Services 
industrials. 
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INTRODUCTION 

Does the spread of firm level adoption of information technology have an aggregate consequence on the 
overall economy? The answer to this question has been debated many times over in the literature. One 
side of the literature claim that advancements in information technology, endogenous with technology in 
general, has “dumbed down” a new generation that demand complete and accurate information - 
ubiquitously and instantly. The other side of the literature claims that these advancements have allowed 
for new and more innovative ways to solve problems that have plagued humanity.    
On an aggregate level, has the overall economy benefited from the firm level adoption of information 
technology? Do certain industries rely more on information technology and vice versa? As economics 
pick a side in the debate of the economic benefits of advancements in information technology, investors 
have been left to pick up the pieces of this puzzle to find a causal relationship between information 
technology industries and other related industries. 
There is evidence support that the information technology industry drives and is driven, by other 
industries. Causality of the volatility of Information Technology industry on the volatility of two other 
industries, Industrials and Consumer Discretionary, is found in this research. Also, Information 
Technology industry market was driven by five out of nine other industries, Materials, Industrials, 
Consumer Staples, Health Care and Telecommunication Services industrials. Our findings offer 
important perception on the for investors to shield their investments.  
 
LITERATURE REVIEW 
The evolution of information technology and its effect on the firm level is well documented. Since the 
analysis of the Productivity Paradox and the Solow Computer Paradox, several studies have attempted to 
verify the discrepancy between investment in information technology and economic output (Brynjolfsson 
1993; Dedrick 2003; Solow 1987). Recent studies have found linkages between increases in investments in 
information technologies and various industries (Anand 2013; Helfat 1997; Zaheer and Zaheer 1997; 
Kshetri and  Dholakia 2011). These studies find that advancements and proliferation in the technology 
industry have a direct spillover effect on other industries. This spillover effect is attributed to 
advancements in productivity and directly related technologies that provide cutting edge real-time 
information.  
The evolution of real-time information has in turn led to a reliance on this information to advance output 
and ultimately build leaner and more productive operations (Brynjolfsson 1995). The increase and 
evolution of technology, in general, has spawned industries that rely on the ability to manage this real-
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time information. On the firm level, traditional companies have evolved to become hybrid companies 
that provide both products/services to customers and collect data on customers to enhance the buying 
experience. This evolution in reliance on real-time information and collection of data to enhance the 
buying experience leads to important questions: Do companies that use information technology to 
enhance their businesses rely on information technology businesses? In other words, do advances in 
information technology benefit companies that rely on information technology to enhance their business? 
Or, do information technology companies rely on the need for businesses to enhance their business needs 
to benefit information technology companies? The relationship between information technology 
industries and other industries that rely on information technology may seem endogenous.  
Advancements in technology has driven a cultural change and an increase in the need to always “be 
connected”. These advancements have placed social media at the focal point of the marketing paradox. 
Information technology has become a ubiquitous, uninterruptable, and a closely scrutinized means for 
firms –regardless of industry- to promote their products. The need for companies to reach out to 
customers on a personal basis, and to interact with them in real time contributes to the enhancement of 
the buying experience, and in turn translates to higher sales (Mangold 2009; Asur 2010). 
Many previous literatures apply only stock returns to examine the performances of stock prices to the 
market information. But does the behavior of the return provide whole picture of the industrial markets? 
Can volatility deliver additional information? Recent research by Campbell, Lettau, Malkiel and Xu 
(2001) made a break through the traditional method of returns. The volatility of stock returns is divided 
into market, industry, and firms’ idiosyncratic volatility by using a disaggregated approach. Further, Xu 
and Malkiel (2003) decompose volatility of stock returns into systematic volatility and idiosyncratic 
volatility by both direct a decomposition method and a disaggregated approach method. And found that 
corporate private information could be reacted to its stock price faster when the institutional investors 
held a higher percentage of that company’s stock. As for the causality between the returns and volatility, 
Hatemi-J, A. and M. Irandoust (2011) found that the volatility causes returns negatively and returns cause 
volatility positively. 
The purpose of this study is to find the co-movement within industrial sectors. By applying the volatility 
to monitor the causality between the Information Technology industry and other nine industries that 
depart from previous studies. Our finding will provide some information to answer the question of 
which industries rely on the information technology and which industries do information technology rely 
on.  
 
DATA AND METHODOLOGY 
We examine the data of the four hundred sixteen S&P-500 listed firms that have their fourth quarter 
earnings announcements of 2010 on December 31st. Data period is from Nov 23, 2011 to Jan 31, 2012 
which is 25 days before to 20 days after December 31st. 
High frequency data is used here by suggestion that is as outlined by Campbell, Lettau, Malkiel and Xu 
(2001), as this approach is best based on how we perform our analysis. We employ the calculation 
method that introduced by Brandt, Brav, Graham, and Kumar (2010), for each stock j in the industry I on 
day t, the intraday residual of the firm is calculated by subtracting the return of industry-i: 

                 

where       is the return of sth 5-minutes interval of stock j that belongs to industry i on day t and      is the 

weighted return of industry I in sth 5-minutes interval on day t. 

By following the formula below, the day-t idiosyncratic volatility      
    of stock j in industry I is obtained:  

    
          

 

 

 

In order to find the industry volatility:  
We compute the value weighted average volatility for each industry using the daily idiosyncratic 
volatility estimates for all stocks: 
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where      is the day-t weight of stock j belonging to industry-i.  

After individual industry volatility has been determined, Granger causality can be examined a leveraged 
bootstrap test established by Hacker and Hatemi-J (2006). This test used the vector autoregressive model 
of order p, VAR (p) as following: 
                        , 

where   is a two dimensional vector of volatility from two industries that we are interested in their 
causality. The lag order p can be selected by minimizing an information criterion by Hatemi-J (2003, 2008) 
which is robust to ARCH effects, and performs well when the goal of the VAR model is to conduct a 
forecast based inference. This information criterion is defined as: 

                 
                

  
  ,          

where        denoted as the determinant of the estimated maximum likelihood variance-covariance 

matrix of the residuals in the VAR(j) model. The notations n and T signify the sample sizes.  
We then can define the null hypothesis that kth element of    does not Granger-cause the dth element of 
  : 
  : the row d, column k element in                         
We first introduce the following denotations before we perform a Wald test on the null hypothesis: 

                                                         

   

 
 
 
 
 

 
  
    
 

     
 
 
 
 

                               

                                                             

where n is the number of variables which is 2 in here and T is the sample size. With these denotations, the 
VAR(p) model can be reformulated as: 

       
Then, the null hypothesis of non-Granger causality can be expressed as  

        
After we obtain the Wald test statistics, the result can be used to test this null hypothesis: 

                         
           

 , 

where          and     is the column-stacking operator; the notation   represents the Kronecker 
product and C is an              indicator matrix. The elements in each row of C takes a value of 
one if its related parameter in β is zero under the null hypothesis, and takes a value of zero if there is no 
such restriction under the null.    represents the variance-covariance matrix of the unrestricted VAR 
model. That is,                     where c is the number of estimated parameters. When the 
assumption of normality is fulfilled, the Wald test statistics defined above is asymptotically distributed as 
χ2, with the number of degrees of freedom equal to the number of restrictions under the null hypothesis. 
However, the financial market data are usually characterized by both non-normality and with changing 
volatilities. Under this circumstance, the critical values from the Wald test would not perform accurately, 
and that’s why a new causality test method developed by Hacker and Hatemi-J (2006) is implemented 
here which doesn’t require normality as well as time-varying volatility. In order to conduct this test, the 
following steps are taken:  
I. Estimate the VAR model using the selected lag order, p, and obtain the estimated residuals (    . 
II. Generate the simulated data, denoted by   

 , as following: 

  
                           

  

where the variables with circumflex notations above represents its estimated values. The variable    
  is the 

bootstrapped residuals, which are based on   random draws with replacement from the regressions’ 
modified residuals (to be defined below). These residuals are mean adjusted in each independent draw to 
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ensure that the expected value of the residuals will be zero. The regressions’ raw residuals are modified 
by using leverage(s) as suggested by Hacker and Hatemi-J (2006) in order to have constant variance. To be 
more specific about the leverage modification, it is necessary to introduce more notations. First, we define 

                  and let      be the ith row of      Thus,       is defined as a row vector of the lag p 

values for variables     during the sample period          We then define      
       

    and 

      
         

      for        For the equation that generates      the independent variable matrix for 

the regression is     this equation is restricted by the null hypothesis’ non-Granger causality. For the 
equation that generates      the independent variable matrix for the regression is    this equation is not 
restricted by the null hypothesis’ non-Granger causality and includes the lag values of all variables in the 
VAR model. We define the     leverages vectors for     and     as: 

            
 
    

    
   and                      

 
These leverages are used to modify the residuals in order to take into account the effect of ARCH. The 
modified residual for     is produced as: 

    
  

    

      
  

where     it the element of     and      is the raw residual from the regression for      
 
III. Repeat 10,000 times of the bootstrap simulation and the W test statistic is obtained for each 
simulation. An approximate distribution for the W test statistic is constructed here in this process. 
Subsequent to these 10,000 estimations we determine the (α)th upper quintile of the distribution of the 
bootstrapped W statistics and find the α-level of significant “bootstrap critical values” (  

    The 
simulations are conducted by using the module written in Gauss by Hacker and Hatemi-J (2009a). 
 
IV. Compare the calculated W statistic of the original simulated data. If the calculated W statistics is 
higher than the bootstrap critical values   

   then the null hypothesis of non-Granger causality will be 
rejected at the α significant level. 
 
EMPIRICAL RESULTS 
The bootstrap simulation is applied here to calculate our own critical values based on the empirical 
distribution of the data set, where assumptions of normality are relaxed. From the results shown in Table 
1, we can see that the calculated W statistics, 9.323, of the causality of the Materials industry volatility on 
the volatility of the Information Technology industry is higher than all three critical values of 1%, 5% and 
10% significance levels. The calculated W statistics of the causality of the Information Technology 
industry volatility on the volatility of the Materials industry is 0.336 which is lower than the critical 
values for all three significance levels. The results also suggest that there exists a uni-direction causality 
between the Information Technology industry and Martials industry. Another causal effect was  of 
volatility of Information Technology industry on the volatility of Industrials industry, 6.98, is higher than 
the estimated critical values, 5.139 that generated by simulation on a 10% significance level and less than 
the 1% and 5% simulated significance levels. This result implies that the volatility of the Information 
Technology industry does have an impact on the volatility of the Industrials industry under a 10% 
significance level. A similar result is found in the opposite direction; the calculated W statistics of 
causality of Industrials industry volatility on Information Technology industry volatility is 200.919 - 
higher than the critical values of the three significant levels. We then can conclude that there exists a bi-
direction causality, which means that the Information Technology industry and Industrials industry are 
driven by each other. 
Furthermore, we also noticed that volatility from the Industrials and Consumer Discretionary industries 
are affected by the volatility of the Information Technology industry. Additionally, the volatility of five 
out of nine other industrials have an impact on the Information Technology industry, these industries 
include the Materials, Industrials, Consumer Staples, Health Care and Telecommunication Services 
industries. 
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CONCLUSIONS 
The recent increase and evolution of technology has driven companies to evolve and become hybrid 
companies that provide both products/services to customers and collect data on these customers in order 
to enhance business operations. Based on this, this research posed three important questions: (1) Does the 
spread of firm level adoption of information technology have an aggregate consequence on the overall 
economy? (2) On an aggregate level, has the overall economy benefited from the firm level adoption of 
information technology? (3) Do certain industries rely more on information technology and vice versa?  
If companies use information about customers to enhance their businesses, then advances in Information 
Technology leads to enhancements of business efficiencies of companies that adopt these technologies. 
This relationship, therefore, builds a reliance on businesses for advancements in Information Technology. 
If this relationship holds then we should also see a reversal in the reliance on businesses towards 
Information Technology. Therefore, we examine if there exist causality between the volatility of 
Information Technology industry and the volatility of nine other industries by using a causality test 
method developed by Hacker and Hatemi-J (2006) which is robust to non-normality and ARCH.  
We investigate volatility of 416 S&P 500 firms during the period Nov 23, 2011 to Jan 31, 2012 by the 
calculation method used in Brandt, Brav, Graham, and Kumar (2010). From our results, there is causality 
of the volatility of Information Technology industry on the volatility of two other industries, Industrials 
and Consumer Discretionary. Also, Information Technology industry market was driven by five out of 
nine other industries. 
This finding suggests that Industrials and Consumer Discretionary both are dictated by advancements in 
the Information Technology industry, which suggests that these industries benefit greatly by the 
advancements in information based technologies. The relationship of the Information Technology 
industry with five other industries: Materials, Industrials, Consumer Staples, Health Care and 
Telecommunication Services, suggests that advancements in these industries lead to an adoption of 
information based technologies. These findings have important implications for investors and policy 
makers. It aligns the needs of industries, in terms of technology, with customers and tries to decipher 
whether certain industries are customer driven or technology driven.   
 

Table 1 The results of test for causality using the leveraged bootstrap test 

Null hypothesis 
Calculated 
W 
statistics  

bootstrap critical 
value 

    1% 5% 10% 

Information Technology ≠> Energy 1.351 6.997 4.042 2.849 

Energy ≠> Information Technology 2.731 7.269 4.186 2.833 

Information Technology ≠> Materials 0.336 7.234 4.199 2.933 

Materials ≠> Information Technology 9.323*** 8.203 4.281 2.911 

Information Technology ≠> Industrials 6.98* 11.323 7.063 5.139 

Industrials ≠> Information Technology 200.919*** 17.707 7.636 5.023 
Information Technology ≠> Consumer 
Discretionary 11.434*** 10.372 6.523 4.905 
Consumer Discretionary ≠> Information 
Technology 1.670 10.368 6.482 4.826 

Information Technology ≠> Consumer Staples 0.059 7.929 3.986 2.759 

Consumer Staples ≠> Information Technology 7.379** 7.476 4.135 2.793 

Information Technology ≠> Health Care 0.007 7.341 4.019 2.795 

Health Care ≠> Information Technology 3.587* 6.876 4.002 2.830 

Information Technology ≠> Financials 0.556 7.302 4.132 2.919 
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Financials ≠> Information Technology 1.452 7.327 4.160 2.907 
Information Technology ≠> Telecommunication 
Services 2.422 11.433 6.814 5.047 
Telecommunication Services ≠> Information 
Technology 68.47*** 16.299 7.722 5.270 

Information Technology ≠> Utilities 0.061 6.638 3.950 2.859 

Utilities ≠> Information Technology 0.651 7.024 4.033 2.868 

Notes: 1. Information Technology ≠> Energy denoted as Information Technology volatility does not 
cause Energy volatility.     2. *, ** and *** indicated that the null hypothesis is rejected at 10% and 
5% and 1%. 
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