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Abstract 

This thesis develops a new methodological approach to test for threshold cointegration. It 

determines the threshold locations, the number of thresholds, and tests the null hypothesis 

of a unit root against the alternative of a stationary threshold process using p-values based 

on a residual-based block bootstrap for the nonlinear threshold autoregressive 

specification (TAR). Chapter 2 describes the methodological approach which combines 

Gonzalo and Pitarakis (2002) and Seo (2008). Chapter 3 employs Monte Carlo analysis to 

investigate the properties of the new approach. The results indicate that the methodology 

performs well and is suited for application to real world time series. Chapter 4 applies the 

new approach in combination with a threshold error correction model (ECM) to 

determine the spatial relationships among three crude oil prices: WTI, Brent, and Oman, 

from 2008 through 2011. The results indicate that the crude oil benchmarks are tied 

together by a long run relationship; however, the recent reversal in price premium 

between the two main crude oil benchmarks, WTI and Brent, is an anomaly that has 

resulted in a time period in which the series do not have a tendency to move back toward 

their long run relationship. Chapter 5 applies the new approach, in combination with 

threshold ECMs, with regime switches being triggered by the upstream markup margin to 

determine the vertical relationships between the crude oil, rack, and retail gasoline prices 

for six cities across North America. The results using both daily and weekly data between 

2008 and 2011 suggest that upstream and downstream prices are cointegrated. There is 

evidence of band-TAR in which the crude, rack, and retail prices are free to diverge until 

the markup margin is squeezed or stretched beyond a lower or upper threshold. This 

suggests that abnormally high margins cannot be sustained indefinitely. The threshold 
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ECMs indicate that there is no systematic relationship between the speed of adjustment 

and the markup margin; however, the residuals exhibit a leverage effect in which 

volatility and price changes are negatively correlated. Chapter 6 concludes with a 

summary of Chapters 2 through 5 and makes suggestions for future research.  
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Chapter 1 

Introduction 

This thesis is comprised of six chapters. Chapter 1 can be viewed as a roadmap. It 

provides an overview of each of the subsequent chapters, and describes how each chapter 

builds upon the preceding one. 

 Chapter 2 introduces cointegration and threshold cointegration and provides a 

review of the methodological approaches used to test for cointegration and threshold 

cointegration. A review is also provided on the methodological approaches used to 

determine the threshold locations (τj) and the number of thresholds (m). The remainder of 

the second chapter describes a new methodological approach for testing threshold 

cointegration. This approach combines and extends the methodological approaches by 

Gonzalo and Pitarakis (2002) and Seo (2008). The primary advantage of the new 

approach is it determines the threshold locations (τj), the number of thresholds (m), and 

tests the null hypothesis of a unit root against the alternative of a stationary threshold 

process using p-values based on a residual-based block bootstrap. This is necessary 

because the alternative hypothesis of a stationary threshold process contains nuisance 

parameters that are not present under the null, which is commonly referred to as the 

Davies problem (1978, 1987). The new methodological approach is incorporated into 

Chapters 3 through 5. 

 In Chapter 3, Monte Carlo analysis is used to investigate the properties of the new 

approach introduced in Chapter 2. Monte Carlo analysis is used to determine the 

sensitivity of the correct decision frequency with respect to the number of thresholds (m), 

the size, and the power of the testing approach. The results of this chapter are used to 
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make recommendations on the optimal input specifications that can be used by 

researchers when applying the new methodology. 

 In Chapter 4, the spatial relationships among the prices of the three main crude oil 

benchmarks are investigated. The benchmarks include the Western Texas Intermediate 

(WTI), the North Sea Brent (Brent), and the Oman for the period of time from 2008 

through 2011. The new methodology is used to determine whether the spatially separated 

price series are tied together by a long run relationship. When the series are found to be 

(threshold) cointegrated, an (threshold) error correction model (ECM) is used to 

determine which of the series move to restore the long run relationship. The results 

provide insight to address the question, “What, exactly, is the price of crude oil?” (The 

Economist, 2011). This question refers to the recent reversal in the price premium 

between the two main global crude oil benchmarks, the WTI and the Brent. The results 

using daily data from 2008 through 2011 are used to determine which crude oil price 

series to employ as the upstream price, crude oil, in the fifth chapter.   

In Chapter 5, the vertical relationships between the price of crude oil, rack
1
 

(wholesale), and retail gasoline are investigated in six cities across North America 

between 2008 and 2011 using daily and weekly data. The new methodology is applied to 

determine whether the vertical series are tied together by a long run relationship. The 

results from daily and weekly data are compared across each of the six cities. As in 

Chapter 4, when the series are found to be (threshold) cointegrated, an (threshold) ECM 

is used to determine which of the series move to restore the long run relationship.  The 

results provide insight into the sentiment, “All I know is the prices are going up and 

down and sideways and no one really knows why.” (O’Meara, 2011), as well as the 

                                                   
1 The rack price is the price charged by refineries and is a proxy for the wholesale price of gasoline. 
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longstanding mixed findings of asymmetry, termed “rockets and feathers” in the oil and 

gasoline industry.  

  In Chapter 6, the thesis is concluded with an integrated discussion of Chapters 2 

through 5 and suggestions for future research.  
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Chapter 2 

Threshold Cointegration 

2.1  Introduction 

This purpose of this chapter is to introduce threshold cointegration, including the 

threshold autoregressive (TAR) and momentum threshold autoregressive (MTAR) 

specifications
2
, which extend standard cointegration analysis to allow for nonlinear 

adjustments back to the long run equilibrium relationship. This extension increases the 

ability of cointegration analysis to represent real world economic phenomena by relaxing 

the assumption that the speed at which cointegrated series move toward their long run 

equilibrium relationship is constant over time. For example, consider the effect of 

transaction costs on market efficiency across two spatially separated markets. For periods 

of time in which the transaction costs exceed the gains from arbitrage, the prices in the 

spatially separated markets may diverge; however, once the gains from arbitrage exceed 

the transaction costs the prices move back toward their long run equilibrium relationship. 

Threshold cointegration incorporates the role of transaction costs by allowing the 

cointegrating relationship to be dormant or modest until the system exceeds an upper or 

lower threshold, which triggers the adjustment to restore the long run equilibrium 

relationship. Threshold cointegration has been widely employed to investigate spatial 

price transmission with a subset of recent papers having investigated spatial price 

transmission in the Brazilian wheat, soybean, and maize market (Balcombe, Bailey & 

Brooks, 2007); Tanzania maize market (Rapsomanikis & Karfakis, 2007); German apple 

                                                   
2 This chapter introduces the TAR and MTAR specifications; however, only the TAR specification is 

incorporated into Chapters 3 through 6.  
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market (Goetz & von Cramon-Taubadel, 2008); Sarawak pepper market (Sephton, 2011); 

and South African Maize market (Myers & Jayne, 2011). 

 The application of threshold cointegration is not limited to spatial price 

transmission. It has been used to investigate: the law of one price (Lo & Zivot, 2001; 

Park, Mjelde & Bessler, 2007); purchasing power parity (Enders & Chumrusphonlert, 

2004; Lu & Chang, 2011; Nam, 2011); the Fisher hypothesis (Millon, 2004); interest rate 

pass-through (Sander & Kleimeier, 2003); asymmetric price transmission (Douglas, 

2010); the Environmental Kuznets curve (Esteve & Tamarit, 2012); investment 

asymmetry (Boetel, Hoffmann, & Lui, 2007); the cost-of-carry model (Martens, Kofman 

& Vorst, 1998); the law of diminishing returns (Adachi & Liu, 2010); and money demand 

(Sarno, Taylor & Peel, 2003) along with many other economic phenomena.  

 The remainder of this chapter is organized as follows. The next section provides 

an overview of cointegration and threshold cointegration. A literature review of methods 

used to determine the threshold locations (τj) and the number of thresholds (m) follows. 

The chapter proceeds to a review of methods used to test for cointegration and threshold 

cointegration, after which a new methodological approach is developed that determines 

the threshold locations (τj), the number of thresholds (m), and tests for threshold 

cointegration.  

 

2.2  Threshold Cointegration  

When dealing with time series data there are many examples of integrated series that are 

tied together by a long run relationship. This does not mean the series move in parallel at 

all times; however, it does mean they do not deviate too far from each other. This concept 
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is termed cointegration and was first formally introduced by Granger (1983) and Engle 

and Granger (1987) with the definition being that I(d) series, Yt and Xt  are cointegrated if 

they are tied together by a long run relationship such as that found in equation (1), with 

the errors (εt) being I(d-1). 

  

                                                    (1) 

 

The regression found in equation (1) represents the long run relationship and is termed 

the cointegrating regression. It can be extended to include multiple I(d) independent 

variables as well as other deterministic components.  

The Engle Granger approach to testing for cointegration is a two-step approach. 

The first step is to estimate the cointegrating regression for the series of interest. For the 

sake of brevity, consider two series that are I(1). The second step is to determine the 

order of integration of the residuals from the cointegration regression using the Engle 

Granger test with a null hypothesis of no cointegration (H0: ρ1 = 0) against the alternative 

of cointegration (HA: ρ1 < 0) using the regression found in equation (2). 

 

    ̂      ̂                               (2) 

where 

  ̂  are the residuals from the cointegrating regression  

 

The similarity between the Engle Granger test and the Dickey Fuller (DF) unit root test is 

immediately apparent when looking at equation (2). As with the DF unit root test, the 
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Engle Granger test can be augmented by adding lagged dependent variables to the right 

hand side of equation (2) to whiten the covariance matrix. The critical values for the 

Engle Granger test for cointegration are non-standard with asymptotic critical values for 

the Engle Granger and Augmented Engle Granger tests being provided by MacKinnon 

(2010). When the series are found to be cointegrated, an ECM can be used to determine 

which of the series move to restore the long run relationship. A very general form of an 

ECM is found in equation (3). The adjustment parameters (γ1 and γ2) indicate the speed at 

which the variables adjust when there is a deviation from the long run relationship. If 

either γ1 or γ2 is not significantly different from zero the variable Yt or Xt, respectively, is 

weakly exogenous and does not adjust when there is a deviation from the long run 

relationship. If the series are cointegrated at least one of the variables must not be weakly 

exogenous.  

 

      (       ̂    ̂     )                                  (3)                 

      (       ̂    ̂     )                                                  

where 

Yt  is the dependent variable from the cointegrating regression 

Xt is the independent variable from the cointegrating regression 

  and    are the adjustment parameters  

  

The Engle Granger model for cointegration was generalized by Balke and Fomby 

(1997) to allow for nonlinear adjustments by partitioning the lagged residuals from the 

cointegration regression (  ̂  ) using a Heaviside indicator function (It). The basic 
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premise behind this generalization can be attributed to Howell Tong, the forefather of the 

"threshold idea" (Tong & Lim, 1980; Tong, 2011; Hansen, 2011). Following the 

generalization of the Engle Granger model, Enders and Siklos (2001) generalized the 

Engle Granger test for cointegration to allow for nonlinear adjustments. Two popular 

threshold cointegration tests are the TAR test and MTAR test. The most basic form of the 

TAR test and MTAR test allow for only one threshold, hence two regimes, and are found 

in equation (4). The null hypothesis for both the TAR and MTAR test is no cointegration 

(H0: ρ1 = ρ2 = 0). 

 

    ̂        ̂     (     )  ̂                       (4) 

where 

  ̂  are the residuals from the cointegrating regression  

   is the Heaviside indicator function:  

     if qt-1 > τ     1 if Δqt-1 > τ  

    if qt-1 ≤ τ       if Δqt-1 ≤ τ  

τ is threshold location  

qt-1 is the threshold indicator variable 

 

The only difference between the TAR specification and the MTAR specification is the 

definition of the Heaviside indicator function (It); the Heaviside indicator function is 

based on the level value of the threshold indicator variable in the former and the change 

in the threshold indicator variable in the latter. This thesis only investigates the TAR 

specification but can easily be extended to the MTAR specification. The threshold 

MTAR: It =  TAR: It =  
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indicator variable is denoted qt-1 because it is not limited to the lagged residual from the 

cointegrating regression and can be external to the variables contained in the 

cointegrating regression. Most tests for threshold cointegration require that the threshold 

variable be stationary (Hansen, 2011). The basic form of the TAR and MTAR test in 

equation (4) can be extended to include multiple thresholds (τj) and can be augmented by 

adding lagged dependent variables to whiten the covariance matrix. Additionally, the 

threshold indicator variable can be extended to qt-d where d is a delay parameter equal to 

any positive integer following Tsay (1989) and Gospodinov (2005) among others.  

When first introducing threshold cointegration in this chapter it was referred to as 

a generalization of cointegration. There are three preeminent similarities between 

cointegration and threshold cointegration: first, the cointegrating regression found in 

equation (1) is does not differ between cointegration and threshold cointegration
3
; 

second, the Engle Granger test for cointegration is nested within the TAR and MTAR 

tests for threshold cointegration and occurs when ρ1 is equal to ρ2.; and third, all three 

tests have a null hypothesis of no cointegraton. One distinct difference between the tests 

for cointegration and threshold cointegration is that the latter incorporates two additional 

parameters that are rarely known a priori: the location of the thresholds (τj) and the 

number of thresholds (m). Several methods that can be used to estimate the location of 

the thresholds (τj) and the number of thresholds (m) are presented in the next section. 

 

                                                   
3 Threshold cointegration is most commonly used to describe a scenario where the cointegrating regression 

is linear while the adjustment to the long run relationship is nonlinear and contains one or more thresholds. 

Gonzalo and Pitarakis (2006) point out that threshold cointegration can also be used to describe a 
cointegrating regression that is nonlinear and contains one or more thresholds. Since general estimation and 

inference theory for threshold cointegration that includes nonlinearities in both the cointegrating regression 

and the adjustment process to the long run relationship do not exist (Gonzalo & Pitarakis, 2006), this thesis 

focuses on the scenario where the cointegrating regression is linear while the adjustment to the long run 

relationship is allowed to be nonlinear and contain one or more thresholds. 
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2.3  Threshold Estimation 

When performing applied econometric analysis that employs threshold cointegration the 

location of the thresholds (τj) and the number of thresholds (m) are rarely known a priori. 

There are several different methods that can be used to select the location of the 

thresholds (τj) which include: Tsay (1989); Chan (1993); Hansen (1999); Gonzalo and 

Pitarakis (2002); Strikholm and Teräsvirta (2005); and Chen, Chong, and Bai (2012).  

 The method by Tsay (1989) uses linear regression techniques in combination with 

scatterplots of several statistics versus the threshold indicator variable (qt-d) to determine 

the location of the thresholds (τj) and the number of thresholds (m). The methodology by 

Tsay (1989) determines the location of the thresholds (τj) and the number of thresholds 

(m) by computing the recursive least squares estimates based on an arranged 

autoregression which is ordered based on the magnitude of the threshold indicator 

variable (qt-d). The location of the thresholds (τj) and the number of thresholds (m) are 

determined by the ocular inspection of several scatterplots including: the standardized 

predictive residuals versus the threshold indicator variable (qt-d); the ordinary predictive 

residuals verses the threshold indicator variable (qt-d); and t-statistics from the recursive 

estimates of the coefficients versus the threshold indicator variable (qt-d).  

 The scatterplots provide insight into the locations of the thresholds (τj) and the 

number of thresholds (m) because the TAR model changes at each threshold value with 

breakpoints in the scatterplots indicating the approximate locations of the thresholds (τj). 

For example, in a linear model with m = 0 thresholds the scatterplot of the t-statistic 

verses the threshold variable (qt-d) is expected to converge gradually and smoothly. In a 

TAR model with one or more thresholds the t-statistic is expected to converge gradually 
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and smoothly until it reaches a threshold (τj), at which point it deviates from the gradual 

convergence. If there is more than one threshold (τj), it is expected that the t-statistic will 

once again converge gradually and smoothly until it reaches the next threshold location. 

There are many advantages to the method by Tsay (1989) including it selects the location 

of the thresholds (τj), the number of thresholds (m), and allows the threshold variable to 

contain a delay parameter (d). These advantages have enticed researchers to employ the 

methodology even one and two decades after its introduction (Martens, Korman & Vorst, 

1998; Douglas, 2010). The primary limitation of the method by Tsay (1989) is that it is 

much less precise than some of the more recent methods.  

 The method by Chan (1993) determines the threshold value (τ) as that which 

minimizes the sum of squared residuals for the fitted model across all possible threshold 

values. In practice, the threshold values are often limited to the middle 80 or 70 percent 

of the possible threshold values by discarding the largest and smallest 10 or 15 percent of 

the possible threshold values, respectively. For m = 1 threshold Chan (1993) proves that 

the selected threshold value is a superconsistent estimate of the threshold. The primary 

advantage of the method by Chan (1993) is that it is much more precise than that by Tsay 

(1989). The primary limitation of the method by Chan (1993) is that only allows for        

m = 1 threshold.  

 The focus of the method by Hansen (1999) is on the determination of the number 

of thresholds (m) as opposed to the determination of the threshold values (τj). The 

methodology uses linear regression techniques in combination with a sequential testing 

approach. The sequential testing approach starts by testing the null hypothesis of a linear 

model (m = 0) against the alternative of a single threshold model (m = 1) and continues 
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sequentially until one fails to reject the null hypothesis. The F-statistic is used to test the 

hypothesis because the models under the null and alternative hypotheses are nested; 

however, the distribution of the F-statistic is non-standard due to the presence of nuisance 

parameters that are only identified under the alternative hypothesis. The significance of 

the test statistic is determined by the bootstrap-based procedure developed in Hansen 

(1996). The primary advantage of the method by Hansen (1999) is that it is more precise 

than Tsay (1989). The primary limitations of the methodology by Hansen (1999) is that 

the bootstrap-based procedure requires substantial computational power and the validity 

of the bootstrap-based procedure developed in Hansen (1996) is not established for more 

than  m = 1 threshold (Gonzalo & Pitarakis, 2002).  

 The method by Gonzalo and Pitarakis (2002) uses a sequential model selection 

procedure with m one-dimensional optimizations to jointly estimate the threshold values 

(τj) and the number of thresholds (m). The sequential estimation algorithm starts by 

deciding between m = 0 and m = 1 threshold by maximizing an objective function that is 

equal to the logarithm of the residual variance in the linear model divided by the residual 

variance of the TAR model with m = 1 threshold, from which a penalty parameter is 

subtracted. The penalty parameter prevents over segmentation as the number of 

thresholds (m) increase. If the maximized objective function is greater than zero, one 

concludes that there is at least m = 1 threshold and continues the sequential model 

selection procedure which decides between m = 0 and m = 1 threshold in each of the 

subsamples. The procedure continues until the selection procedure finds m = 0 thresholds 

in each subsample. 
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 One unique feature of the Gonzalo and Pitarakis (2002) approach is that it chooses 

between m and m + 1 thresholds using a penalty term rather than a test statistic. The 

penalty term is λ
  

 
 and prevents over segmentation as the number of thresholds (m) 

increase. The penalty term is independent of the threshold location(s) and represents a 

model selection criteria (λ) multiplied by the number of free parameters. Gonzalo and 

Pitarakis (2002) chose the Bayesian information criterion (BIC), λ = log(T), over other 

model selection criteria including the Akaike information criterion (AIC), Hannan-Quinn 

criterion (HQ), and variations of the BIC because its overall performance was found to be 

superior for their methodology across multiple data generating processes (DGP).  

 There are many advantages to the method by Gonzalo and Pitarakis (2002) 

including it selects both the location of the thresholds (τj) and the number of thresholds 

(m) without putting an upper bound on the number of thresholds (m). An additional 

advantage of the methodology by Gonzalo and Pitarakis (2002) is the use of a penalty 

term rather than a test statistic to determine the number of thresholds (m) avoids 

complications created by the nuisance parameters. The primary limitation of the 

methodology by Gonzalo and Pitarakis (2002) is the implied statistical significance may 

vary substantially when compared to a test statistic approach such as Hansen (1999) 

which has the ability to control the asymptotic significance level (Strikholm & Teräsvirta, 

2006). Additionally, the performance of the penalty term depends on the underlying DGP 

making the choice of model selection criteria (λ) crucial (Strikholm & Teräsvirta, 2005; 

Chapter 3). 

 The method by Strikholm and Teräsvirta (2005) also focuses on the determination 

of the number of thresholds (m) as opposed to the determination of the threshold values 
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(τj). The methodology is similar to Gonzalo and Pitarakis (2002) in that it uses a 

sequential approach to determine the number of thresholds (m), although the 

methodology by Strikholm and Teräsvirta (2005) uses a test statistic in a similar spirit to 

Hansen (1999) rather than a penalty parameter. The authors suggest that it can be seen as 

an alternative to the method by Hansen (1999) and offers the advantage of computational 

simplicity. The first step in the method by Strikholm and Teräsvirta (2005) is to test the 

null hypothesis of a linear model (m = 0) against the alternative of a single threshold 

model (m = 1). This hypothesis test is performed using an F-approximation following 

Luukkonen, Saikkonen and Teräsvirta (1988) and Teräsvirta (1994). The                         

F-approximation is designed so that it follows the F-distribution under the null 

hypothesis. The number of thresholds (m) is determined by performing the test 

sequentially until one fails to reject the null hypothesis. 

 Strikholm and Teräsvirta (2005) performed a simulation study to compare the 

performance of their methodology with that of Hansen (1999) and Gonzalo and Pitarakis 

(2002). The results indicate that the primary advantage of their methodology over Hansen 

(1999) is that it requires less computational resources and does not run into the problem 

of a distorted bootstrap distribution when there is more than m = 1 threshold due to the 

occasional explosive series when the null model is misspecified.  The primary advantage 

of the methodology by Strikholm and Teräsvirta (2005) over Gonzalo and Pitarakis 

(2002) is that it has better size properties and does not require a decision to be made on 

the optimal model selection criteria (λ). The primary limitation of the methodology by 

Strikholm and Teräsvirta (2005) is that the correct decision frequency is often lower than 
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Gonzalo and Pitarakis (2002) and it requires a decision to be made on the level of 

significance for the hypothesis test(s).  

 The method by Chen, Chong, and Bai (2012) differs from previous research by 

allowing observations to be classified into regimes using two threshold variables        

(q1,t-1 and q2,t-1) that can be either internal or external to the system. For an example of a 

model with two threshold variables (q1,t-1 and q2,t-1) consider the Fama and French (1992) 

model which uses the size of the firm and the book-to-market ratio to explain abnormal 

stock returns. Chen, Chong, and Bai (2012) suggest linking the Fama and French (1992) 

model to a threshold model using the firm and the book-to-market ratio as threshold 

variables (q1,t-1 and q2,t-1).  The method by Chen, Chong, and Bai (2012) uses likelihood 

ratio tests to determine the number of regimes (m) and the threshold values (τ1 and τ2). 

They allow up to four regimes: q1,t-1  ≤ τ1 and q2,t-1  ≤ τ2; q1,t-1  ≤ τ1 and q2,t-1  > τ2; q1,t-1  > τ1 

and q2,t-1  ≤ τ2; and q1,t-1  > τ1 and q2,t-1  > τ2.  

 The first step in the method by Chen, Chong, and Bai (2012) is to test the null 

hypothesis of one regime against the alternative of more than one regime using a 

likelihood ratio test with critical values bootstrapped following Hansen (1996). If the null 

hypothesis is rejected, the number of regimes is selected using a sequential likelihood 

ratio test following the general-to-specific approach. The null hypothesis of a three 

regime model is tested against the alternative of a four regime model using six hypothesis 

tests. If the null hypothesis is rejected for one or more of the six hypothesis tests, one 

proceeds to test the null hypothesis of a three regime model against the alternative of a 

two regime model using three hypothesis tests. The threshold values (τ1 and τ2) are 

determined by maximizing the likelihood ratio test statistic which is equivalent to 
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minimizing the residual sum of squares under the alternative hypothesis. The primary 

advantages of the method by Chen, Chong, and Bai (2012) are that it allows for more 

than one threshold variable and can be extended to allow for multiple thresholds (m) for 

each threshold variable, although its primary limitations are that the maximum number of 

thresholds (M) must be specified a priori and the process to test for the number of 

regimes is cumbersome, especially when multiple thresholds (m) are allowed.  

  

2.4  Testing for Contegration 

When performing applied econometric analysis that employs threshold cointegration it is 

necessary to test for threshold cointegration after determining the location of the 

thresholds (τj) and the number of thresholds (m). There are several different methods to 

test for threshold cointegration which include: Engle and Granger (1987); Enders and 

Siklos (2001); Gonzalo and Pitarakis (2006); Seo (2006); Seo (2008); and Li and Lee 

(2010).  

The Engle Granger approach to testing for cointegration is very similar to the DF 

unit root test and is described in Section 2.2. The critical values for the Engle Granger 

test for cointegration are non-standard with asymptotic critical values for the Engle 

Granger and Augmented Engle Granger tests being provided by MacKinnon (2010). The 

Engle Granger approach can be used to test for cointegration even when one or more 

thresholds are present; however, it suffers from low power in the presence of thresholds 

(Pippenger & Goering, 1993; Balke & Fomby, 1997; Enders & Granger, 1998).  

 The Enders and Siklos (2001) approach to testing for threshold cointegration 

extends the Engle Granger approach to account for a single threshold that is either known 
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a priori or selected based on the threshold value that minimizes the residual sum of 

squares after discarding the upper and lower 15 percent of the possible threshold values. 

The test for cointegration incorporates the t-statistics for two null hypotheses: H0: ρ1 = 0 

and H0: ρ2 = 0, and the F-statistic for H0: ρ1 = ρ2 = 0 from the testing equation in equation 

(4) with the addition of lagged dependent variables to the right hand side of the equation. 

The largest t-statistic between H0: ρ1 = 0 and H0: ρ2 = 0 is termed t-Max and the             

F-statistic is termed Ф for the TAR specification while the t-Max and the F-statistic are 

termed t-Max(M) and Ф(M), respectively, for the MTAR specification. An asterisk is 

added if the threshold value is estimated as opposed to being known a priori. Enders and 

Siklos (2001) provide critical values for t-Max, Ф, t-Max
*
, Ф

*
, t-Max(M), Ф(M),            

t-Max
*
(M), and Ф

*
(M) for several combinations of sample size and number of lagged 

dependent variables. 

Enders and Siklos (2001) compared the power of the t-Max, Ф, t-Max(M), and 

Ф(M) test statistics to the power of the Engle Granger test and found the t-Max and the Ф 

test statistic to have lower power than the Engle Granger test at both five and ten percent 

levels of significance. Enders and Siklos (2001) recommend using the Engle Granger test 

over the t-Max and Ф test statistics for the TAR specification. On the other hand, the 

Ф(M) test statistic was found to be superior to the t-Max(M) test statistic for the MTAR 

specification. When the adjustment is reasonably asymmetric the Ф(M) test statistic has 

higher power than the Engle Granger test.  

 The Gonzalo and Pitarakis (2006) approach to testing the null hypothesis of linear 

cointegration against the alternative of threshold cointegration differs from the other 

methods in this section because it investigates thresholds in the cointegrating regression 



-18- 

 

as opposed to thresholds in the adjustment mechanism. The test is performed using a sup-

Lagrange multiplier (LM) test statistic that is the supremum (sup) across all possible 

threshold values for a stationary threshold variable (qt-d). The critical values for the sup-

LM test statistic follow Hansen (1997). The primary advantages of Gonzalo and Pitarakis 

(2006) approach are that it investigates thresholds in the cointegrating regression and has 

good size and power properties, while the primary limitation is that it assumes 

cointegration under both the null and the alternative hypothesis.  

  The Seo (2006) approach to testing the null hypothesis of no linear cointegration 

against the alternative of threshold cointegration uses a sup-Wald test statistic with 

critical values determined by a residual-based bootstrap. The primary advantage of the 

Seo (2006) approach is that it has better power properties than conventional cointegration 

tests. The primary disadvantage of the Seo (2006) approach is that it assumes the 

cointegrating vector is known a priori. The Seo (2006) approach appears to be very 

similar to the next approach, Seo (2008), with one difference being that Seo (2008) 

considers self-exciting TAR which requires a distinct distribution theory (Seo, 2008).  

 The Seo (2008) approach to testing the null hypothesis of a unit root against the 

alternative of a stationary threshold process uses a sup-Wald test statistic with critical 

values determined by a residual-based block bootstrap. The residual-based block 

bootstrap is detailed in equations (9) and (10) in the next section. The primary advantages 

of the Seo (2008) approach are that it does not limit the number of thresholds (m) and 

allows for serial correlation, which is common when the alternative hypothesis of a unit 

root test is not linear. The primary disadvantage of the Seo (2008) approach is that it can 

be computationally burdensome for large sample sizes.  
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 The Li and Lee approach (2010) to testing for threshold cointegration differs from 

all of the previous methods in that it does not extend the Engle Granger test for 

cointegration to test for threshold cointegration, rather it extends the linear autoregressive 

distributed lag models of Banerjee, Dolado, and Mestre (1998) and Boswijk (1994) to test 

for threshold cointegration. The test statistic is created by calculating a sup-Wald type 

test statistic at each of the possible threshold values which results in a continuous 

function of the sequence of statistics; hence, the test statistic is free of nuisance 

parameters. Li and Lee (2010) provide a table that presents the critical values for the test 

statistic. The primary advantages of the Li and Lee approach (2010) are that the test 

statistic is free of nuisance parameters which eliminates the need for a bootstrap 

procedure and it has better size-adjusted power properties than the Engle and Granger 

(1987), Enders and Siklos (2001), and Seo (2006) tests for most specifications in the 

Monte Carlo analysis. The primary disadvantages of the Li and Lee (2010) approach are 

that it requires the number of regimes to be known a priori as well as the assumption that 

Xt is weakly exogenous.  

 

2.5  Methodology 

This section develops a new methodological approach that combines and extends the 

work of Gonzalo and Pitarakis (2002) and Seo (2008). More specifically, the new 

methodological approach employs the threshold selection method and test outlined by 

Seo (2008) and employs the model selection approach by Gonzalo and Pitarakis (2002) to 

determine the number of thresholds (m). The detailed methodology used to select the 

threshold locations (τj) and the number of thresholds (m) is found in equations (5) 
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through (7). After determining the threshold locations (τj) and the number of thresholds 

(m) the null hypothesis of a unit root is tested against the alternative of a stationary 

threshold process using p-values simulated using the residual-based block bootstrap 

outlined by Seo (2008). The residual-based block bootstrap is detailed in equations (9) 

and (10).  

The first step in the methodology is to extend the single threshold model found in 

equation (2) to the multiple threshold model found in equation (5). The multiple threshold 

model in equation (5) allows for a maximum of m thresholds, hence m+1 regimes, and 

augments the single threshold model by adding lagged dependent variables to the testing 

equation with an order r.  

 

   ̂  ∑         ̂  
   
    ∑      ̂  

 
                   (5) 

where 

  ̂ are the residuals from the cointegrating regression  

     from j = 1 to m + 1 is the Heaviside indicator function:  

   1 if      ≤ τj and 0 otherwise for j = 1   

  if              and 0 otherwise for j = 2, …, m 

 1 if       > τj and 0 otherwise for j = m+1 

τj is threshold location for the j
th

 threshold such that               ̅ 

  and  ̅ are the lower and upper threshold boundaries 

qt-1 is the threshold indicator variable 

m is the number of thresholds 

r is order of the lagged dependent variable  

TAR: Ij,t = 
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The optimal threshold values ( ̂     ̂ ) are selected by maximizing the objective 

function found in equation (6) across the sample space of all possible threshold values ( ) 

where  ([
 ̂ 

 

 ̂ (       )
]   ) is termed the sup-Wald statistic (Davies, 1987). 

 

 ( ̂     ̂ )         (       )   ([
 ̂ 

 

 ̂ (       )⁄ ]   )                      (6)                                           

where 

 T is the number of observations  

  ̂ 
 
 is the residual variance under the restricted null model  

H0:                  

  ̂ (       ) is the residual variance under the unrestricted alternative model 

    {(       )                  ̅   } such that 

  ∑                       
       

mobs is the minimum number of observations in each of the m + 1 regimes 

  and   are the lower and upper threshold boundaries 

 

The definition of the parameter space   of all possible threshold values depends 

on the minimum percentage (pct) of observations that fall below or above the lower 

threshold boundary ( ) and the upper threshold ( ) boundary, respectively. The definition 

of the sample space   also depends on the number of equally spaced threshold values to 

be considered (n). The objective function found in equation (6) is maximized using M 

grid searches of size (n)
m 

 where M is an input variable that represents the maximum 
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number of thresholds under consideration. For each individual grid search the order of the 

lagged dependent variable (r) is determined by minimizing the BIC with the maximum 

order of the lagged dependent variable being R which is often set to equal T
1/3

. 

 The optimal number of thresholds (m) is selected by minimizing the penalized 

objective function in equation (7) specified by Gonzalo and Pitarakis (2002).  

 

 ̂                  ( ̂ (       ))  
 

 
(   )                 (7) 

where 

  ̂ (       ) is the residual variance under the unrestricted alternative model 

 m is the number of thresholds 

 M is the maximum number of thresholds 

T is the number of observations 

 

 
(   ) is the penalty term 

λ is a model selection criteria such as BIC or AIC 

 

Gonzalo and Pitarakis (2002) chose the BIC selection criteria (  = logT) over other 

model selection criteria including:  AIC (  = 2); HQ (  = 2loglogT); BIC2 (  = 2logT); 

and BIC3 (  = 3logT) because its overall performance was found to be superior for their 

methodology across multiple DGPs. One unique feature of the Gonzalo and Pitarakis 

(2002) approach is that the penalized objective function found in equation (7) chooses 

between the linear and threshold specifications using a penalty term rather than a test 

statistic. The penalty term is increasing in m which prevents over segmentation as the 
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number of thresholds (m) increases. The penalty term is independent of the threshold 

location and represents the sample size (T) multiplied by the number of free parameters.  

 In addition to combining the methodology by Gonzalo and Pitarakis (2002) and 

Seo (2008) this chapter offers three methodological extensions not considered in either of 

the papers independently. The first extension is to augment the Gonzalo and Pitarakis 

(2002) penalized objective function by adding lagged dependent variables to the testing 

equation to whiten the covariance matrix. The order of the lagged dependent variable is 

selected using the BIC selection criteria under the unrestricted alternative model 

 ̂ (       )  in equation (6). The same order is used for the residual variance of the 

restricted null model   ̂ 
 
 in equation (6).  

 The second extension allows the threshold indicator variable to be qt-d instead of 

restricting the threshold variable to be qt-1 in the same spirit as Tsay (1989) and 

Gospodinov (2005) among others. In order to determine the optimal threshold indicator 

variable (qt-d) another dimension is added to the grid search. This means that the objective 

function found in equation (6) is maximized using M grid searches of size D(n)
m
. The 

number of thresholds (m) is selected as the value that minimizes equation (7) across        

0 ≤ m ≤ M and 1 ≤ d ≤ D where D is an input variable that represents the maximum delay 

parameter under consideration.  

 The third extension addresses the low power of the threshold cointegration test by 

Enders and Siklos (2001) by employing local-to-unity detrending via GLS (GLSD) for 

both the dependent and independent variables. This follows Cook (2007) who found that 

GLSD improved the power of the MTAR test by Enders and Siklos (2001). The 
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methodology used to implement GLSD for any series Yt that is not trending is found in 

equation (8).  

 

    
          ̂                                      (8) 

where 

    
     is the local-to-unity detrended series via GLS 

    is the original series 

   
 ̅          ̅          ̅           

  ̂  is the coefficient obtained from the regression   
 ̅ =         

   ̅      ̅  ⁄    

c̅  = -7 following Elliott, Rothenberg, and Stock (1996) and Perron and  

 Rodríguez (2001) 

 T is the number of observations 

 

If the series is trending the GLSD is identical except   
          ̂  becomes    

  
          ̂   ̂    where t is a linear trend and  ̂  and  ̂  are the coefficients 

obtained from the regression   
 ̅=           with c̅  = -13.5 following Elliott et al. 

(1996) and Perron and Rodríguez (2001). It is important to note that when implementing 

GLSD a constant does not need to be included in the cointegrating regression.  

 This concludes the development of the methodological approach used to 

determine the optimal threshold values (τj), the number of thresholds (m), and the delay 

parameter (d). The final step is to test the null hypothesis of a unit root against the 

alternative of a stationary threshold process using the residual-based block bootstrap by 
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Seo (2008). The residual-based block bootstrap is identical to the original version in Seo 

(2008) and is described using the notation from this thesis in equations (9) and (10).  

The first step in the residual-based block bootstrap is to centre the residuals ( ̂ ) 

from equation (5) following the method by Hall, Horowitz, and Jing (1995). Before 

centreing the residuals it is important to notice that equation (5); hence, the residual-

based block bootstrap, is augmented by adding a lagged dependent variable of order r to 

“whiten” the covariance matrix. The order of the lagged dependent variable is that which 

corresponds to r as selected in equation (7) for the optimal threshold values (τj), number 

of thresholds (m), and delay parameter (d). The equation used to centre the residuals ( ̂ ) 

is found in equation (9). Seo (2008) uses a block length b = 6 in the Monte Carlo 

simulations reported in the paper; however, the Monte Carlo results are found to be 

similar across block lengths of b = 6, 8 and 10 with the properties of each block length 

being reported in Seo (2005).  

 

 ̃   ̂  
 

   
∑

 

 
∑  ̂   

 
   

   
                (9) 

where 

  ̂  are the residuals from equation (5) 

  ̃  are the centred residuals 

 T is the number of observations 

 b is the block length   

 

 The next step in the residual-based block bootstrap is to create T-b blocks of 

length b using the overlapping blocking scheme from Künsch (1989) found below. 
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                    ( ̃     ̃   )                                   

                    ( ̃     ̃   ) 

       

              ( ̃         ̃ ) 

 

After creating T-b blocks of length b, k blocks are drawn one at a time with replacement 

and the blocks are connected horizontally where   [
(   )

 
].  The merged blocks with kb 

observations are termed    
      

  where       .  

 The third step in the residual-based block bootstrap is to construct bootstrap 

samples {  
 }   

  of length   using equation (10). 

 

   
       for t = 1                                          (10)  

  
       

    
   for t = 2, … ,   

 

The bootstrap samples {  
 }   

   are used to construct the sup-Wald statistic       

 ([
 ̂ 

 

 ̂ (       )
]   ) which is the bootstrap statistic. Finally, the empirical distribution of 

the sup-Wald statistic is obtained by replicating the two preceding steps multiple times. 

When outlining the residual-based block bootstrap, Seo (2008) introduced and compared 

the power properties of two parameter spaces of all possible threshold values; the first is 

termed fixed and is equal to   from equation (6) while the second is termed random and 

is determined using the same methodology as   from equation (6) but uses data from the 

bootstrap samples. The size results for the random parameter space are not presented in 
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Seo (2008); however, he notes that the fixed and random parameter space would perform 

similarly because the distributional properties of the original data and the bootstrap 

samples under the null hypothesis of a unit root are very similar.  

 This concludes the development of the new methodological approach which is 

incorporated into Chapters 3 through 5. The next chapter tests the properties of the new 

approach and compares its properties to results from the Monte Carlo analysis performed 

in Gonzalo and Pitarakis (2002) and Seo (2008). The fourth and fifth chapters apply the 

new approach to investigate vertical and spatial price transmission in the oil and gasoline 

industry and incorporate findings from the second chapter to determine whether the 

properties of the methodology are better for GLSD or level data that incorporate a 

constant or a constant and trend.  
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Chapter 3 

Properties of Methodology 

3.1  Introduction 

The purpose of this chapter is to investigate the properties of the combined Gonzalo and 

Pitarakis (2002) and Seo (2008) methodology developed in this thesis and detailed in 

Chapter 2. The methodology uses a penalty term to prevent the approach from over 

segmenting when determining the number of thresholds. The methodology combines the 

approach by Gonzalo and Pitarakis (2002) with Seo (2008) so that the null hypothesis of 

a unit root against the alternative of a stationary threshold process can be tested using      

p-values simulated using the residual-based block bootstrap outlined by Seo (2008). This 

is necessary because the alternative hypothesis of a stationary threshold process contains 

nuisance parameters that are not present under the null hypothesis. Monte Carlo 

simulations are used to investigate three properties of the methodology: sensitivity of the 

correct decision frequency with respect to the number of thresholds (m); size; and power. 

Each property is investigated across: two penalty terms that differ in the choice of model 

selection criteria (λ = BIC and λ = AIC); level and GLSD data with a constant (constant) 

or constant and trend (trend); time series length (T = 100 and T = 250); and time series 

frequency (‘daily’ and ‘weekly’). The correct decision frequency is investigated across 

two additional model selection criteria (λ = BIC2 and MAXF); however, they perform 

too poorly to warrant investigation into their size and power properties.  

 The results of this chapter are used to make the optimal choice(s) of model 

selection criteria. This is important because if the methodology over or under segments 

by finding too many or too few thresholds (m), respectively, conflicting conclusions may 
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result when applying the methodology. The results also provide guidance when deciding 

whether or not to employ GLSD instead of placing the deterministic components in the 

cointegrating regression when using the combined Gonzalo and Pitarakis (2002) and Seo 

(2008) methodology to estimate the threshold location (τj) and the number of thresholds 

(m) in a threshold cointegration model. Finally, investigation into the impact of data 

frequency on the correct decision frequency answers the long standing question as to 

whether data aggregated to a frequency lower than the underlying DGP causes an omitted 

variable bias (Geweke, 1978) that can lead to incorrect and misleading conclusions. The 

answer to this question is important because it is common practice to use data aggregated 

to a weekly, monthly, or quarterly frequency when applying threshold cointegration 

techniques even when the underlying DGP has a daily frequency. The results from this 

chapter are used to determine the input variables for the fourth and fifth chapters in this 

thesis which apply the methodology.  

 The remainder of this chapter is organized as follows. The next section details the 

methodology for the Monte Carlo analysis including the DGPs and input variables used 

to investigate the correct decision frequency, power, and size. The results and discussion 

follow. The chapter concludes by making several recommendations for applied 

researchers who employ the combined Gonzalo and Pitarakis (2002) and Seo (2008) 

methodology.  

 

3.2  Methodology for Monte Carlo Analysis 

The DGPs used to investigate the properties of the combined Gonzalo and Pitarakis 

(2002) and Seo (2008) methodology are found in equations (11) and (12). The DGP in 
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equation (11) is a slightly modified version of the DGP employed by Li and Lee (2010). 

The DGP is cointegrated and contains m thresholds. It is employed to investigate the 

correct decision frequency for both m = 1 and m = 2 thresholds and the power with m = 1 

threshold. The DGP in equation (12) is not cointegrated; hence, the null hypothesis holds. 

It is used to investigate the size of the combined Gonzalo and Pitarakis (2002) and Seo 

(2008) methodology. 

 

      ∑   
   
                                                         (11) 

     ∑   
   
                           

where 

   is the I(1) dependent variable in the cointegrationg regression with      

   is the I(1) independent variable in the cointegrationg regression with      

                     such that δ1 =1 and δ2=2 

     is the Heaviside indicator function for the TAR specification:  

   1 if      ≤ τj and 0 otherwise for j = 1     

    if              and 0 otherwise for j = 2, …, m 

         1 if       > τj and 0 otherwise for j = m+1 

{          } are the innovative series 

 

 

 

 

 

          Ij,t = 
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                                                       (12) 

           

where 

   is I(1) with      

   is I(1) with      

 {          } are the innovative series 

 

3.2.1  Input Variables for Equations (11) and (12) 

The DGPs in equations (11) and (12) include several input variables whose specifications 

are required prior to investigating the sensitivity of the combined Gonzalo and Pitarakis 

(2002) and Seo (2008) methodology. The input variables include: the long run 

relationship between the variables Yt and Xt (δ1 =1 and δ2 =2); the short run speeds of 

adjustment (   and    for j = 1 through m+1); the threshold locations (τj); and the 

innovative series {          }. The next paragraph provides details on the specific input 

variables used to investigate the correct decision frequency, the size, and the power. 

Four DGPs are used to investigate the correct decision frequency of the combined 

Gonzalo and Pitarakis (2002) and Seo (2008) methodology. The input variables are 

summarized in Table 3.1 and are straight forward except for the fourth column, the 

innovative series {          }. The first set of innovative series are generated as pseudo 

i.i.d. N(0,1) random numbers using the MATLAB function randn, and the second set of 

innovative series are generated as a generalized autoregressive conditional 

heteroskedasticity - GARCH(1,1) process with parameters (1, 0.3, 0.6) using 

garchsimulate.m (Sheppard, 2001). Twenty four DGPs are used to investigate the power 
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of the combined Gonzalo and Pitarakis (2002) and Seo (2008) methodology. The input 

variables are summarized in Table 3.2. The innovative series {          } are the same as 

those defined for the correct decision frequency. Two DGPs are used to investigate the 

size of the combined Gonzalo and Pitarakis (2002) and Seo (2008) methodology. The 

input variables are summarized in Table 3.3. The innovative series {          } are the 

same as those defined for the correct decision frequency and the power. 

 

Table 3.1:  Input Variables for Equation (11) used to Investigate the Correct Decision   

                   Frequency             

Number of 

Thresholds 

 in DGP 

 Threshold         

Location(s) 

   Short Run Speed of  

        Adjustment 

Innovative Series  

 

m = 1 

 
 

 

τ1 = 0 

 
 

 

   = -0.05,    = -0.8 

   = 0.05,    = 0.6 
 

 

{          }: Random 

{          }: GARCH (1,1) 

 

 

m = 2 

 
 

 

τ1 = 0 

τ2 = 5 
 

 

   = -0.05,    = -0.25,    = -0.8 

   = 0.1,    = 0.3,    = 0.8 
 

 

{          }: Random 

{          }: GARCH (1,1) 
 

 

NOTE: Input variables used to investigate the correct decision frequency which correspond to the DGP in 

equation (11). The first column contains the number of thresholds in the DGP; the second column indicates 

the threshold locations; the third column specifies the short run speeds of adjustment; and the fourth 

column specifies the innovative series.  
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Table 3.2:  Input Variables for Equation (11) used to Investigate Power 

Number of 

Thresholds 

 in DGP 

Threshold 

Location 

Parameter        

  Space  

  Short Run Speed of 

        Adjustment 

Innovative Series  

 

m = 1 

 
 

 

 

τ1 = 0 

 
 

 

 

  = Fixed 

 

   = -0.05,    = -0.03 

        = 0.00,    = 0.00 

        = 0.00,    = 0.50 

        = 0.00,    = 0.90 

        = 0.02,    = 0.00 

        = 0.02,    = 0.50 

        = 0.02,    = 0.90 

 

 

{          }:Random 

{          }:GARCH (1,1) 

 

 

 

 

 
m = 1 

 
τ1 = 0 

 

 = Fixed 

 

   = -0.05,    = -0.8 

        = 0.00,    = 0.00 

        = 0.00,    = 0.50 

        = 0.00,    = 0.90 

        = 0.02,    = 0.00 

        = 0.02,    = 0.50 

        = 0.02,    = 0.90 

 

{          }:Random 

{          }:GARCH (1,1) 

 

 

m = 1 

 

 

 

 
τ1 = 0 

 
 

 

  = 

Random 

 

   = -0.05,    = -0.03 

        = 0.00,    = 0.00 

        = 0.00,    = 0.50 

        = 0.00,    = 0.90 

        = 0.02,    = 0.00 

        = 0.02,    = 0.50 

        = 0.02,    = 0.90 

 

{          }:Random 

{          }:GARCH (1,1) 

 

 

 

 

m = 1 

 

 

 

 
τ1 = 0 

 
 

 

   = 

Random 

 

   = -0.05,    = -0.03 

        = 0.00,    = 0.00 

        = 0.00,    = 0.50 

        = 0.00,    = 0.90 

        = 0.02,    = 0.00 

        = 0.02,    = 0.50 

        = 0.02,    = 0.90 

 

{          }:Random 

{          }:GARCH (1,1) 

 

 

 

NOTE: Input variables used to investigate the power which correspond to the DGP detailed in equation 

(11). The first column contains the number of thresholds in the DGP; the second column indicates the 

threshold location; the third column specifies the parameter space; the fourth column details the short run 

speeds of adjustment; and the fifth column specifies the innovative series. 
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Table 3.3:  Input Variables for Equation (12) used to Investigate Size 

Number of 

Thresholds 

 in DGP 

Threshold 

Location 

Parameter    

   Space 

  Short Run Speed of  

        Adjustment 

Innovative Series  

 
 

m = 0 

 

 
 

 
 

N/A 

 

 

 
 

  = Fixed 

 
 

 
 

            N/A 

 

 

 

{          }: Random 

{          }: GARCH (1,1) 

 

 

m = 0 
 

 

N/A 
 

  = Random 

 

            N/A          
{          }: Random 

{          }: GARCH (1,1) 

 

NOTE: Input variables used to investigate size which correspond to the DGP detailed in equation (12). The 

first column contains the number of thresholds in the DGP; the second column indicates the threshold 

location; the third column specifies the parameter space; the fourth column details the short run speeds of 

adjustment; and the fifth column specifies the innovative series. 

 

 

 

 

3.2.2  Input Variables for Equations (5) through (10) 

The input variables specified in Tables 3.1, 3.2, and 3.3 cover all of the input variables 

required for equations (11) and (12). Additionally, several input variables need to be 

specified for equations (5) through (10) and are summarized in Table 3.4. The input 

variables and the related equations that need to be specified prior to conducting the 

Monte Carlo simulations are as follows: threshold indicator variable (qt-d =     ); 

maximum order of the lagged dependent variable (R = 3); maximum delay parameter           

(D = 1); number of threshold values to be considered (n = 51); minimum percentage of 

observations that fall outside of the threshold boundaries (pct = 0.15); minimum number 

of observations within each regime (mobs =  10) following the Monte Carlo simulations 

in Seo (2008); maximum number of thresholds (M = 3); and  model selection criteria for 

the penalty term (λ = BIC, λ =BIC2, λ =AIC and MAXF). As an alternative to the 

penalized objective function found in equation (7), the Monte Carlo analysis also 

investigates selecting the optimal number of thresholds (m) as that which maximizes the 
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sup-Wald statistic from Seo (2008) with the lag length on the lagged dependent variable 

being selected by minimizing the BIC. This method is termed MAXF.  

The correct decision frequency, power, and size of the combined Gonzalo and 

Pitarakis (2002) and Seo (2008) methodology are investigated using Monte Carlo 

simulations that incorporate the input variable specifications for equations (5) through 

(12) which are presented in Tables 3.1 through 3.4. The Monte Carlo simulations are 

compared across sample sizes of T = 100 and T = 250 using 200 replications following 

Seo (2008) due to the heavy burden of the computations. The Monte Carlo simulations 

are performed using various combinations of level or GLSD data with a constant 

(constant) or a constant and trend (trend).  

 

Table 3.4:  Input Variables for the Combined Gonzalo and Pitarakis (2002) and Seo  

                   (2008) Methodology Described in Equations (5) – (10) 

Level / GLSD Constant / Trend ‘Daily’ / ‘Weekly’ Penalty Term (λ) 

Level Constant ‘Daily’ λ = AIC, λ  =BIC, λ  = BIC2, & MAXF 

Level Constant ‘Weekly’ λ = AIC, λ  =BIC, λ  = BIC2, & MAXF 

Level Trend ‘Daily’ λ = AIC, λ  =BIC, λ  = BIC2, & MAXF 

Level Trend ‘Weekly’ λ = AIC, λ  =BIC, λ  = BIC2, & MAXF 

GLSD Constant ‘Daily’ λ = AIC, λ  =BIC, λ  = BIC2, & MAXF 

GLSD Constant ‘Weekly’ λ = AIC, λ  =BIC, λ  = BIC2, & MAXF 

GLSD Trend ‘Daily’ λ = AIC, λ  =BIC, λ  = BIC2, & MAXF 

GLSD Trend ‘Weekly’ λ = AIC, λ  =BIC, λ  = BIC2, & MAXF 

NOTE: Input variables for the combined Gonzalo and Pitarakis (2002) and Seo (2008) methodology 

described in equations (5) – (10). The first column indicates whether to use the level data or the GLSD 

data; the second column indicates whether to include a constant (constant) or a constant and trend (trend); 

the third column specifies whether to use ‘daily’ or ‘weekly’ data as described in section 3.2.3; and the 

fourth column specifies the penalty terms under investigation for the correct decision frequency. The 
penalty terms λ = BIC2 and λ = MAXF are not investigated for the power and size.  

 

       

3.2.3  ‘Daily’ and ‘Weekly’ Data Frequency 

When econometricians apply threshold cointegration to investigate real world phenomena 

the data sets employed in the analysis are often at a frequency that is lower than the 

underlying DGPs. There are several reasons for employing a data set with a frequency 
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that is lower than the underlying DGP, with three common reasons being data at a higher 

frequency does not exist; research budgets limit the purchase of data at a higher 

frequency; and high frequency data may contain substantially more noise that is 

“averaged out” when using a lower frequency series. As an example, consider the 

application of threshold cointegration to investigate vertical price asymmetries in the oil 

and gasoline industry, which is the focus of Chapter 5. This application has been 

investigated in over 40 research papers, with slightly over half supporting the existence of 

asymmetry. This finding also holds when limiting the application to the 22 papers 

investigating vertical price asymmetry in the North American oil and gasoline industry. 

The discrepancy in the results has been attributed, among other factors, to differing data 

frequencies. Within the 22 papers investigating vertical price asymmetry in the North 

American oil and gasoline industry, only four use daily data while ten use weekly data 

and eight use monthly data. The purpose of this specific example is to illustrate the 

variety of data frequencies used to investigate an identical research question; hence, 

details of the specific papers are left to the literature review and Tables 5.2 and 5.3 within 

Chapter 5. 

 Continuing with the same example, several papers have investigated the impact of 

data aggregation and data frequency on the finding of asymmetry. Bettendorf, van der 

Geest, and Varkevisser (2003) found the choice of day from which a weekly time series 

is derived impacts the extent of price asymmetry in the Dutch oil and gasoline industry. 

Godby et al. (2000) included data frequency as a possible explanation for why their paper 

contradicted findings from previous research by concluding that crude oil and retail 

gasoline price adjustments were symmetric. Although these studies mention data 



-37- 

 

frequency, neither explicitly tests the sensitivity of results to data frequency. On the other 

hand, Bachmeier and Griffin (2003) estimated an ECM following Borenstein, Cameron, 

and Gilbert (1997) using both daily and weekly data and found that the results using daily 

data reduced, and almost eliminated the asymmetry found when using weekly data.  

Asplund, Eriksson, and Friberg (2000) and Kirchgässner and Kübler (1992) 

recommend that the data must be at least as frequent as the adjustments in price, 

otherwise asymmetries that take place over a time interval that is less than the data 

frequency cannot be detected. In the period of time since this recommendation was made 

only four of nineteen publications on asymmetry in the oil and gasoline industry used 

daily data, while six of nineteen used weekly data, and the remainder used monthly data.  

 This chapter explicitly investigates the impact of data frequency on the correct 

decision frequency, power, and size by forming ‘weekly’ data from ‘daily’ data. 

‘Weekly’ data is created by simulating time series of length T = 500 and T = 1,250 from 

the underlying ‘daily’ DGPs outlined for correct decision frequency, power, and size 

using input variables detailed in Section 3.2. After simulating the longer ‘daily’ time 

series every observation t from Yt and Xt that is not divisible by five is discarded. The 

number five is chosen due to the prevalence of time series data that is only available from 

Monday through Friday such as commodity futures and stock market prices. The 

resulting ‘weekly’ data  series contains T = 100 and T = 250 observations, which allows a 

direct comparison with the correct decision frequency, power, and size results from the 

‘daily data.’ The properties of the combined Gonzalo and Pitarakis (2002) and Seo (2008) 

methodology when employing ‘daily’ and ‘weekly’ data are used to make 
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recommendations for applied econometricians considering employing data that has a 

frequency that is lower than the underlying DGP.  

 

3.3 Results and Discussion for Monte Carlo Analysis 

This section provides the results for the Monte Carlo simulations whose methodology and 

input variables are detailed in the Section 3.2. Monte Carlo simulations are used to 

determine the correct decision frequency, power, and size for the combined Gonzalo and 

Pitarakis (2002) and Seo (2008) methodology in Sections 3.3.1, 3.3.2, and 3.3.3, 

respectively. The results for ‘daily’ data are presented first within each section and are 

followed by the results for ‘weekly’ data. 

 

3.3.1  Correct Decision Frequency for ‘Daily’ and ‘Weekly’ Data 

The correct decision frequency tables presented in this section loosely replicate Tables 4 

through 8 in Gonzalo and Pitarakis (2002) using the combined Gonzalo and Pitarakis 

(2002) and Seo (2008) methodology with different DGPs and input variables. The 

combined Gonzalo and Pitarakis (2002) and Seo (2008) methodology is correct when it 

finds  ̂ = 1 if the underlying DGP contains m = 1 threshold. If the methodology finds     

 ̂ = 0 it under segments and if the methodology finds  ̂ = 2 or  ̂ = 3 it over segments, 

which are both incorrect. The correct decision frequency is defined as the number of 

times the methodology finds  ̂ = 0,  ̂ = 1 or  ̂ = 2 thresholds when the underlying DGP 

contains m = 0, m = 1 or m = 2 thresholds, respectively, divided by the number of 

replications in the Monte Carlo simulations.  
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 There are two different measures of correct decision frequency. The first measure 

of correct decision frequency assumes that the number of thresholds (m) is known a 

priori and sets the input variable for the maximum number of threshold (M) equal to the 

number of thresholds (m). The second measure of correct decision frequency assumes 

that the number of thresholds (m) is not known a priori and only specifies the maximum 

number of thresholds (M) under consideration. The input variables for the Monte Carlo 

simulations are presented in Tables 3.1 and 3.4. The results for the Monte Carlo 

simulations when the number of thresholds (m) is known a priori are presented in Tables 

3.5 and 3.6, with Table 3.5 employing ‘daily’ data while Table 3.6 employs ‘weekly’ 

data. The results for the Monte Carlo simulations when the number of thresholds (m) is 

not known a priori are presented in Tables 3.7 through 3.10, with Tables 3.7 and 3.8 

employing ‘daily’ data while Tables 3.9 and 3.10 employ ‘weekly’ data. The first part of 

the discussion focuses on ‘daily’ data and the second part focuses on the impact of using 

‘weekly’ data when the underlying DGP is ‘daily’ data. The columns shaded in grey 

indicate the correct decision frequency. When then number of thresholds (m) are not 

known a priori the columns to the right of the shaded grey column indicate over 

segmentation while the columns to the left of the shaded grey column indicate under 

segmentation.  

 The first insight from the Monte Carlo results presented in Tables 3.5 and 3.6 for 

the correct decision frequency when the number of thresholds (m) is known a priori is 

that one should employ λ = BIC2 when m = 0; λ = AIC or MAXF when m = 1; and         

λ = MAXF when m = 2. The one caveat is that it is a rare occurrence, if ever, that one 

knows the number of thresholds (m) a priori. This gives some credibility to λ = BIC 
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which performs either well or fair for all three cases: m = 0; m = 1; or m = 2 thresholds. 

This is not the case for λ = AIC which performs poorly when m = 0; λ = BIC2 which 

performs extremely poorly when m = 2; nor λ = MAXF which performs extremely poorly 

when m = 0. One last insight from the Monte Carlo results is that the ‘daily’ data 

outperforms the ‘weekly’ data even when the number of thresholds (m) is known a priori 

for both sample sizes T = 100 and T = 250.  

The first insight from the Monte Carlo results reported in Tables 3.7 and 3.8 for 

the correct decision frequency when the number of thresholds (m) is not known a priori 

is that MAXF severely over segments, finding  ̂ = 3 with a frequency over 0.98 no 

matter whether the underlying DGP contains m = 1 or m = 2 thresholds. As mentioned in 

the introduction, MAXF performs too poorly to warrant investigation into its power and 

size properties. The remaining penalty terms, λ = AIC, λ = BIC, and λ = BIC2 are not as 

clear cut as MAXF and warrant further investigation. For the smaller sample size T = 100 

and an underlying DGP containing m = 1 threshold the penalty term λ = AIC over 

segments, λ = BIC slightly over segments and λ = BIC2 slightly under segments. When 

increasing the sample size to T = 250 the results for λ = AIC and λ = BIC do not change 

dramatically, while λ = BIC2 clearly dominates λ = AIC and λ = BIC. On the other hand 

when the underlying DGP contains m = 2 thresholds λ = AIC clearly dominates λ = BIC 

and λ = BIC2 for both T = 100 and T = 250 because λ = BIC slightly under segments 

while λ = BIC2 severely under segments.  

Due to severe under segmenting when using λ = BIC2 as the penalty term with        

m = 2 thresholds, λ = BIC and λ = AIC are the only realistic penalty terms when applying 

the combined Gonzalo and Pitarakis (2002) and Seo (2008) methodology. For this reason, 
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the power and size properties are only investigated for the penalty terms λ = BIC and       

λ = AIC. This finding concurs with Gonzalo and Pitarakis (2002) who find that λ = BIC 

displays the best overall performance for their methodology. Gonzalo and Pitarakis 

(2002) did not investigate λ = AIC beyond the case with m = 1 threshold despite the 

correct decision frequency for λ = AIC outperforming λ = BIC for many of the input 

variable combinations when moving from an underlying DGP that contains m = 0 

thresholds to m = 1 threshold. Gonzalo and Pitarakis’ (2002) decision not to investigate    

λ = AIC beyond the case with m = 1 threshold stems from the results for the case with     

m = 0 thresholds, in which λ = AIC over segments in comparison to λ = BIC.  

The results presented in Tables 3.7 and 3.8 not only narrow the potential penalty 

term to λ = AIC and λ = BIC, they also provide information on the other two other input 

specification from Table 3.4, namely level or GLSD data series with a constant (constant) 

or a constant and trend (trend). The results indicate that the constant version out performs 

the trend version for both sample sizes when the underlying DGP contains m = 1 

threshold; however, the constant and the trend version perform equally for both sample 

sizes when the underlying DGP contains m = 2 thresholds. The results also indicate that 

using the GLSD data series is better than using the level data series when the underlying 

DGP contains m = 1 threshold; however, the benefit of using the GLSD data series 

almost completely disappears when the underlying DGP contains m = 2 thresholds.  

 The correct decision frequency for ‘weekly’ data that is presented in Tables 3.9 

and 3.10 concur with the findings from ‘daily’ data in Tables 3.7 and 3.8 which is 

discussed in the two preceding paragraphs. One additional finding is that the correct 

decision frequency for ‘weekly’ data is lower than for ‘daily’ data. This finding holds 
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across both sample sizes T = 100 and T = 250 and is worse when the underlying DGP 

contains m = 1 threshold than m = 2 thresholds. The finding does not systematically 

depend on the choice between GLSD or level data series nor the choice between constant 

or trend. These results indicate that the combined methodology by Gonzalo and Pitarakis 

(2002) and Seo (2008) can be applied to ‘weekly’ data; however, the researcher must 

keep in mind that the correct decision frequency decreases when moving from ‘daily’ to 

‘weekly’ data. Also, it is important to keep in mind the results in Tables 3.9 and 3.10 

employ data series that fix the number of observations; hence, the length of time covered 

by the data series increases by fivefold while the underlying DGP remains constant. 

When using real world data covering a longer length of time there is a higher probability 

that the underlying DGP has changed, which can also adversely affect the correct 

decision frequency of the combined Gonzalo and Pitarakis (2002) and Seo (2008) 

methodology.  

Overall, the correct decision frequency results in Tables 3.5 through 3.10 provide 

enough evidence to narrow the potential penalty terms to λ = AIC and λ = BIC but do not 

provide enough evidence to make recommendations on the decision between GLSD and 

level data series nor the decision between constant and trend, thus recommendations will 

rely on the results for the power and size properties. This does not come as a surprise for 

the decision between GLSD and level data series because the primary reason one 

investigated GLSD is that Cook (2007) found that using the GLSD data series improved 

the power of the MTAR test by Enders and Siklos (2001) in comparison to the level data 

series.  
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Table 3.5:  Correct Decision Frequency for DGP using ‘Daily’ Data when the Number  

                   of Thresholds (m) are known A Priori  

 m =  ̂ = 0 m =  ̂ = 1 m =  ̂ = 2 

 Random GARCH Random GARCH Random GARCH 
 

T=100, λ=AIC        

Level w/ Constant 0.105 0.060 0.960 0.970 0.870 0.840 

Level w/ Trend 0.120 0.080 0.920 0.930 0.860 0.810 

GLSD w/ Constant 0.050 0.030 0.995 0.990 0.870 0.810 

GLSD w/ Trend 0.120 0.080 0.940 0.945 0.860 0.810 
       

T=100, λ=BIC       

Level w/ Constant 0.480 0.360 0.820 0.850 0.360 0.370 

Level w/ Trend 0.480 0.420 0.690 0.760 0.380 0.290 

GLSD w/ Constant 0.410 0.260 0.910 0.940 0.450 0.410 
GLSD w/ Trend 0.480 0.430 0.790 0.830 0.330 0.310 
       

T=100, λ=BIC2       
Level w/ Constant 0.890 0.780 0.500 0.520 0.020 0.040 

Level w/ Trend 0.870 0.820 0.300 0.370 0.020 0.020 

GLSD w/ Constant 0.820 0.700 0.740 0.760 0.040 0.020 

GLSD w/ Trend 0.870 0.820 0.360 0.450 0.030 0.020 
       

T=100, MAXF       

Level w/ Constant 0.060 0.070 0.970 0.980 1.000 1.000 

Level w/ Trend 0.090 0.090 0.960 0.950 1.000 0.980 

GLSD w/ Constant 0.010 0.010 0.990 0.990 1.000 0.995 

GLSD w/ Trend 0.030 0.030 0.960 0.980 1.000 0.990 
       

       

T=250, λ=AIC       

Level w/ Constant 0.160 0.070 1.000 1.000 0.970 0.870 

Level w/ Trend 0.170 0.070 1.000 1.000 0.980 0.890 

GLSD w/ Constant 0.070 0.060 1.000 0.995 0.980 0.850 

GLSD w/ Trend 0.150 0.070 1.000 1.000 0.950 0.890 
       

T=250, λ=BIC       

Level w/ Constant 0.590 0.410 0.980 0.970 0.330 0.290 

Level w/ Trend 0.650 0.430 0.980 0.960 0.320 0.300 

GLSD w/ Constant 0.500 0.350 0.995 0.990 0.460 0.270 

GLSD w/ Trend 0.620 0.390 0.960 0.970 0.340 0.280 
       

T=250, λ=BIC2       

Level w/ Constant 0.950 0.780 0.910 0.820 0.005 0.000 
Level w/ Trend 0.940 0.756 0.790 0.680 0.005 0.010 

GLSD w/ Constant 0.890 0.700 0.960 0.950 0.025 0.015 

GLSD w/ Trend 0.940 0.760 0.840 0.790 0.010 0.025 
       

T=250, MAXF       

Level w/ Constant 0.040 0.030 1.000 0.995 1.000 0.995 

Level w/ Trend 0.060 0.060 1.000 0.970 1.000 1.000 

GLSD w/ Constant 0.000 0.000 1.000 1.000 1.000 1.000 

GLSD w/ Trend 0.005 0.005 0.995 0.995 1.000 1.000 
       

NOTE: Correct decision frequency for ‘daily’ data when the number of thresholds (m) are known a priori. 

The DGP with m = 1 threshold is detailed in equation (11) with short run adjustment parameters    = -0.05, 

   = -0.8,    = 0.05, and    = 0.6. The DGP for m = 2 thresholds is detailed in equation (12) with short run 

adjustment parameters    = -0.5,    = -0.25,    = -0.8,    = 0.1,    = 0.3, and    = 0.8. The results are 

separated by penalty term (λ = AIC, λ = BIC, λ = BIC2, and MAXF); sample size (T = 100 and 250); level 

/ GLSD data; and constant / trend. The shaded columns represent the correct decision frequency.   
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Table 3.6: Correct Decision Frequency for DGP using ‘Weekly’ Data when the 

                     Number of Thresholds (m) are known A Priori 

 m =  ̂ = 0 m =  ̂ = 1 m =  ̂ = 2 

 Random GARCH Random GARCH Random GARCH 
 

T=100, λ=AIC        

Level w/ Constant 0.105 0.100 0.910 0.915 0.840 0.775 

Level w/ Trend 0.110 0.095 0.880 0.895 0.770 0.795 

GLSD w/ Constant 0.065 0.035 1.000 0.995 0.855 0.810 

GLSD w/ Trend 0.110 0.085 0.965 0.940 0.835 0.830 
       

T=100, λ=BIC       

Level w/ Constant 0.475 0.495 0.585 0.625 0.270 0.270 

Level w/ Trend 0.458 0.450 0.575 0.585 0.270 0.285 

GLSD w/ Constant 0.360 0.340 0.975 0.960 0.345 0.295 
GLSD w/ Trend 0.515 0.455 0.820 0.735 0.330 0.320 
       

T=100, λ=BIC2       
Level w/ Constant 0.895 0.840 0.085 0.175 0.020 0.020 

Level w/ Trend 0.920 0.820 0.105 0.175 0.010 0.015 

GLSD w/ Constant 0.830 0.780 0.820 0.805 0.020 0.030 

GLSD w/ Trend 0.900 0.820 0.435 0.360 0.020 0.040 
       

T=100, MAXF       

Level w/ Constant 0.045 0.003 0.925 0.920 1.000 0.990 

Level w/ Trend 0.055 0.080 0.950 0.935 1.000 0.990 

GLSD w/ Constant 0.005 0.020 0.990 0.955 1.000 0.995 

GLSD w/ Trend 0.000 0.025 0.990 0.940 1.000 0.990 
       

       

T=250, λ=AIC       

Level w/ Constant 0.095 0.065 0.930 0.960 0.935 0.890 

Level w/ Trend 0.130 0.105 0.945 0.960 0.945 0.870 

GLSD w/ Constant 0.060 0.035 1.000 1.000 0.950 0.880 

GLSD w/ Trend 0.120 0.090 0.990 0.990 0.940 0.875 
       

T=250, λ=BIC       

Level w/ Constant 0.550 0.465 0.490 0.735 0.010 0.000 

Level w/ Trend 0.640 0.525 0.525 0.715 0.005 0.010 

GLSD w/ Constant 0.480 0.355 0.990 0.995 0.010 0.030 

GLSD w/ Trend 0.620 0.480 0.960 0.920 0.005 0.010 
       

T=250, λ=BIC2       

Level w/ Constant 0.945 0.775 0.905 0.815 0.345 0.240 
Level w/ Trend 0.870 0.820 0.790 0.680 0.315 0.215 

GLSD w/ Constant 0.820 0.695 0.995 0.950 0.385 0.275 

GLSD w/ Trend 0.870 0.815 0.835 0.785 0.335 0.285 
       

T=250, MAXF       

Level w/ Constant 0.045 0.050 0.940 0.930 1.000 0.990 

Level w/ Trend 0.035 0.025 0.945 0.935 1.000 0.990 

GLSD w/ Constant 0.000 0.005 1.000 0.980 1.000 0.995 

GLSD w/ Trend 0.000 0.010 0.990 0.960 1.000 0.995 
       

NOTE: Correct decision frequency for ‘weekly’ data when the number of thresholds (m) are known a 

priori. The DGP with m = 1 threshold is detailed in equation (11) with short run adjustment parameters    

   = -0.05,    = -0.8,    = 0.05, and    = 0.6. The DGP for m = 2 thresholds is detailed in equation (12) 

with short run adjustment parameters    = -0.5,    = -0.25,    = -0.8,    = 0.1,    = 0.3, and    = 0.8. The 

results are separated by penalty term (λ = AIC, λ = BIC, λ = BIC2, and MAXF); sample size (T = 100 and 

250); level / GLSD data; and constant / trend. The shaded columns represent the correct decision 

frequency.   
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Table 3.7:  Correct Decision Frequency for DGP with m = 1 Threshold using ‘Daily’  

                   Data 

  ̂=0  ̂=1  ̂=2  ̂=3 

 Random GARCH Random GARCH Random GARCH Random GARCH 
 

T=100, λ=AIC          

Level w/ Constant 0.010 0.010 0.185 0.265 0.715 0.670 0.090 0.055 

Level w/ Trend 0.020 0.040 0.160 0.225 0.800 0.695 0.020 0.040 

GLSD w/ Constant 0.000 0.005 0.260 0.240 0.725 0.720 0.015 0.035 

GLSD w/ Trend 0.015 0.020 0.190 0.250 0.775 0.710 0.020 0.020 
         

T=100, λ=BIC         

Level w/ Constant 0.115 0.135 0.540 0.610 0.340 0.240 0.005 0.015 

Level w/ Trend 0.230 0.210 0.420 0.525 0.350 0.265 0.000 0.000 

GLSD w/ Constant 0.045 0.065 0.635 0.640 0.315 0.295 0.005 0.000 

GLSD w/ Trend 0.175 0.190 0.440 0.525 0.385 0.285 0.000 0.000 
         

T=100, λ=BIC2         

Level w/ Constant 0.490 0.480 0.480 0.490 0.030 0.030 0.000 0.000 
Level w/ Trend 0.670 0.620 0.290 0.355 0.040 0.025 0.000 0.000 

GLSD w/ Constant 0.255 0.240 0.690 0.720 0.055 0.040 0.000 0.000 

GLSD w/ Trend 0.590 0.535 0.360 0.415 0.050 0.050 0.000 0.000 
         

T=100, MAXF         

Level w/ Constant 0.000 0.000 0.000 0.000 0.000 0.010 1.000 0.985 

Level w/ Trend 0.000 0.000 0.000 0.000 0.010 0.005 0.990 0.995 

GLSD w/ Constant 0.000 0.000 0.000 0.000 0.010 0.020 0.990 0.980 

GLSD w/ Trend 0.000 0.000 0.000 0.000 0.015 0.005 0.985 0.995 
         

         

T=250, λ=AIC         

Level w/ Constant 0.000 0.000 0.130 0.180 0.655 0.675 0.215 0.145 

Level w/ Trend 0.000 0.000 0.155 0.165 0.680 0.720 0.165 0.115 

GLSD w/ Constant 0.000 0.000 0.145 0.210 0.800 0.720 0.055 0.070 

GLSD w/ Trend 0.000 0.000 0.125 0.145 0.775 0.760 0.100 0.095 
         

T=250, λ=BIC         

Level w/ Constant 0.015 0.040 0.610 0.705 0.345 0.240 0.030 0.015 

Level w/ Trend 0.030 0.040 0.710 0.690 0.245 0.270 0.015 0.000 

GLSD w/ Constant 0.005 0.010 0.740 0.755 0.250 0.235 0.005 0.000 

GLSD w/ Trend 0.035 0.030 0.705 0.745 0.250 0.225 0.010 0.000 
         

T=250, λ=BIC2         

Level w/ Constant 0.100 0.185 0.855 0.785 0.045 0.045 0.000 0.000 

Level w/ Trend 0.200 0.345 0.780 0.655 0.020 0.020 0.000 0.000 
GLSD w/ Constant 0.045 0.060 0.935 0.915 0.020 0.025 0.000 0.000 

GLSD w/ Trend 0.160 0.210 0.815 0.775 0.025 0.025 0.000 0.000 
         

T=250, MAXF         

Level w/ Constant 0.000 0.000 0.000 0.000 0.000 0.005 1.000 0.995 

Level w/ Trend 0.000 0.000 0.000 0.000 0.010 0.010 0.990 0.990 

GLSD w/ Constant 0.000 0.000 0.000 0.000 0.010 0.015 0.990 0.985 

GLSD w/ Trend 0.000 0.000 0.000 0.000 0.005 0.005 0.995 0.995 
         

NOTE: Correct decision frequency for DGP with m = 1 threshold as detailed in equation (11) with short 

run adjustment parameters    = -0.05,    = -0.8,    = 0.05, and    = 0.6. The results are separated by 
penalty term (λ = AIC, λ = BIC, λ = BIC2, and MAXF); sample size (T = 100 and 250); level / GLSD data; 

and constant / trend. The shaded column represents the correct decision frequency.   
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Table 3.8:  Correct Decision Frequency for DGP with m = 2 thresholds using ‘Daily’  

                   Data 

  ̂=0  ̂=1  ̂=2  ̂=3 

 Random GARCH Random GARCH Random GARCH Random GARCH 
 

T=100, λ=AIC          

Level w/ Constant 0.040 0.045 0.080 0.125 0.875 0.820 0.005 0.010 

Level w/ Trend 0.070 0.030 0.090 0.125 0.835 0.835 0.005 0.010 

GLSD w/ Constant 0.030 0.020 0.085 0.170 0.880 0.800 0.005 0.010 

GLSD w/ Trend 0.035 0.015 0.105 0.175 0.855 0.805 0.005 0.005 
         

T=100, λ=BIC         

Level w/ Constant 0.405 0.255 0.240 0.370 0.355 0.375 0.000 0.000 

Level w/ Trend 0.365 0.265 0.280 0.420 0.355 0.315 0.000 0.000 

GLSD w/ Constant 0.310 0.195 0.215 0.400 0.475 0.405 0.000 0.000 

GLSD w/ Trend 0.365 0.280 0.320 0.410 0.315 0.310 0.000 0.000 
         

T=100, λ=BIC2         
Level w/ Constant 0.870 0.750 0.105 0.220 0.025 0.030 0.000 0.000 

Level w/ Trend 0.850 0.765 0.125 0.215 0.025 0.020 0.000 0.000 

GLSD w/ Constant 0.830 0.640 0.135 0.30 0.035 0.040 0.000 0.000 

GLSD w/ Trend 0.845 0.695 0.105 0.290 0.050 0.015 0.000 0.000 
         

T=100, λ=MAXF         

Level w/ Constant 0.000 0.000 0.000 0.000 0.000 0.010 1.000 0.985 

Level w/ Trend 0.000 0.000 0.000 0.000 0.010 0.005 0.990 0.995 

GLSD w/ Constant 0.000 0.000 0.000 0.000 0.010 0.015 0.990 0.980 

GLSD w/ Trend 0.000 0.000 0.000 0.000 0.020 0.005 0.985 0.995 
         

         

T=250, λ=AIC         

Level w/ Constant 0.010 0.005 0.050 0.125 0.930 0.835 0.010 0.035 

Level w/ Trend 0.005 0.010 0.030 0.100 0.955 0.890 0.010 0.000 

GLSD w/ Constant 0.015 0.000 0.025 0.160 0.925 0.805 0.035 0.035 

GLSD w/ Trend 0.000 0.005 0.035 0.110 0.945 0.865 0.020 0.020 
         

T=250, λ=BIC         

Level w/ Constant 0.385 0.145 0.310 0.555 0.305 0.300 0.000 0.000 

Level w/ Trend 0.400 0.230 0.260 0.505 0.340 0.265 0.000 0.000 

GLSD w/ Constant 0.285 0.095 0.285 0.635 0.430 0.270 0.000 0.000 

GLSD w/ Trend 0.350 0.155 0.305 0.555 0.345 0.290 0.000 0.000 
         

T=250, λ=BIC2         

Level w/ Constant 0.855 0.575 0.135 0.420 0.010 0.005 0.000 0.000 
Level w/ Trend 0.910 0.705 0.090 0.290 0.000 0.005 0.000 0.000 

GLSD w/ Constant 0.800 0.500 0.175 0.490 0.025 0.010 0.000 0.000 

GLSD w/ Trend 0.855 0.560 0.130 0.425 0.015 0.015 0.000 0.000 
         

T=250, λ=MAXF         

Level w/ Constant 0.000 0.000 0.000 0.000 0.000 0.005 1.000 0.995 

Level w/ Trend 0.000 0.000 0.000 0.000 0.010 0.010 0.990 0.990 

GLSD w/ Constant 0.000 0.000 0.000 0.000 0.010 0.015 0.990 0.985 

GLSD w/ Trend 0.000 0.000 0.000 0.000 0.005 0.005 0.995 0.995 
         

NOTE: Correct decision frequency for DGP with m = 2 thresholds as detailed in equation (11) with short 

run adjustment parameters    = -0.05,    = -0.25,    = -0.8,    = 0.1,    = 0.3, and    = 0.8. The results are 
separated by penalty term (λ = AIC, λ = BIC, λ = BIC2, and MAXF); sample size (T = 100 and 250); level 

/ GLSD data; and constant / trend. The shaded column represents the correct decision frequency.   
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Table 3.9:  Correct Decision Frequency for DGP with m = 1 Threshold using ‘Weekly’            

                   Data 

  ̂=0  ̂=1  ̂=2  ̂=3 
 Random GARCH Random GARCH Random GARCH Random GARCH 
 

T=100, λ=AIC          

Level w/ Constant 0.020 0.030 0.155 0.200 0.785 0.760 0.040 0.010 

Level w/ Trend 0.025 0.030 0.100 0.185 0.860 0.765 0.015 0.020 

GLSD w/ Constant 0.000 0.005 0.120 0.135 0.845 0.850 0.035 0.010 

GLSD w/ Trend 0.010 0.025 0.200 0.210 0.755 0.735 0.035 0.030 
         

T=100, λ=BIC         

Level w/ Constant 0.320 0.320 0.360 0.430 0.320 0.250 0.000 0.000 

Level w/ Trend 0.335 0.340 0.290 0.350 0.375 0.310 0.000 0.000 

GLSD w/ Constant 0.010 0.030 0.380 0.450 0.610 0.520 0.000 0.000 

GLSD w/ Trend 0.130 0.180 0.485 0.470 0.380 0.350 0.005 0.000 
         

T=100, λ=BIC2         

Level w/ Constant 0.885 0.795 0.105 0.195 0.010 0.100 0.000 0.000 

Level w/ Trend 0.860 0.785 0.115 0.205 0.025 0.100 0.000 0.000 

GLSD w/ Constant 0.175 0.190 0.660 0.700 0.165 0.110 0.000 0.000 
GLSD w/ Trend 0.575 0.625 0.360 0.310 0.065 0.065 0.000 0.000 
         

T=100, λ=MAXF         

Level w/ Constant 0.000 0.005 0.000 0.000 0.020 0.010 0.980 0.985 

Level w/ Trend 0.000 0.005 0.000 0.000 0.000 0.010 1.000 0.985 

GLSD w/ Constant 0.000 0.000 0.000 0.000 0.005 0.005 0.995 0.995 

GLSD w/ Trend 0.000 0.005 0.000 0.000 0.000 0.010 1.000 0.985 
         

         

T=250, λ=AIC         

Level w/ Constant 0.025 0.005 0.045 0.160 0.865 0.775 0.065 0.060 

Level w/ Trend 0.015 0.005 0.045 0.100 0.875 0.830 0.065 0.065 

GLSD w/ Constant 0.000 0.000 0.035 0.055 0.925 0.890 0.040 0.055 

GLSD w/ Trend 0.000 0.000 0.090 0.175 0.865 0.770 0.045 0.055 
         

T=250, λ=BIC         
Level w/ Constant 0.420 0.210 0.310 0.605 0.265 0.180 0.005 0.005 

Level w/ Trend 0.395 0.245 0.305 0.530 0.300 0.225 0.000 0.000 

GLSD w/ Constant 0.005 0.005 0.335 0.420 0.660 0.575 0.000 0.000 

GLSD w/ Trend 0.035 0.050 0.585 0.610 0.375 0.340 0.005 0.000 
         

T=250, λ=BIC2         

Level w/ Constant 0.860 0.660 0.135 0.340 0.005 0.000 0.000 0.000 

Level w/ Trend 0.860 0.690 0.135 0.305 0.005 0.005 0.000 0.000 

GLSD w/ Constant 0.055 0.070 0.730 0.795 0.215 0.135 0.000 0.000 

GLSD w/ Trend 0.155 0.270 0.820 0.700 0.025 0.030 0.000 0.000 
         

T=250, λ=MAXF         

Level w/ Constant 0.000 0.005 0.000 0.000 0.010 0.005 0.990 0.990 

Level w/ Trend 0.000 0.015 0.000 0.000 0.020 0.005 0.980 0.980 

GLSD w/ Constant 0.000 0.000 0.000 0.000 0.010 0.005 0.990 0.995 

GLSD w/ Trend 0.000 0.000 0.000 0.000 0.015 0.020 0.985 0.980 

         

NOTE: Correct decision frequency for DGP with m = 1 threshold as detailed in equation (11) with short 

run adjustment parameters    = -0.05,    = -0.8,    = 0.05, and    = 0.6. The results are separated by 

penalty term (λ = AIC, λ = BIC, λ = BIC2, and MAXF); sample size (T = 100 and 250); level / GLSD data; 

and constant / trend. The shaded column represents the correct decision frequency.   
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Table 3.10:  Correct Decision Frequency for DGP with m = 2 Thresholds using  

                     ‘Weekly’ Data 

  ̂=0  ̂=1  ̂=2  ̂=3 

 Random GARCH Random GARCH Random GARCH Random GARCH 
 

T=100, λ=AIC          

Level w/ Constant 0.030 0.050 0.125 0.165 0.805 0.745 0.040 0.040 

Level w/ Trend 0.015 0.045 0.165 0.165 0.790 0.780 0.030 0.010 

GLSD w/ Constant 0.030 0.030 0.110 0.145 0.820 0.790 0.040 0.035 

GLSD w/ Trend 0.030 0.020 0.145 0.155 0.815 0.805 0.010 0.020 
         

T=100, λ=BIC         

Level w/ Constant 0.385 0.385 0.325 0.305 0.290 0.310 0.000 0.000 

Level w/ Trend 0.385 0.390 0.325 0.305 0.290 0.305 0.000 0.000 

GLSD w/ Constant 0.345 0.295 0.275 0.400 0.380 0.305 0.000 0.000 

GLSD w/ Trend 0.360 0.295 0.315 0.385 0.320 0.320 0.005 0.000 
         

T=100, λ=BIC2         
Level w/ Constant 0.850 0.825 0.125 0.155 0.025 0.020 0.000 0.000 

Level w/ Trend 0.880 0.840 0.110 0.140 0.010 0.020 0.000 0.000 

GLSD w/ Constant 0.845 0.765 0.135 0.215 0.020 0.020 0.000 0.000 

GLSD w/ Trend 0.830 0.830 0.140 0.120 0.030 0.050 0.000 0.000 
         

T=100, λ=MAXF         

Level w/ Constant 0.000 0.005 0.000 0.000 0.005 0.015 0.995 0.980 

Level w/ Trend 0.000 0.000 0.000 0.000 0.015 0.005 0.985 0.995 

GLSD w/ Constant 0.000 0.005 0.000 0.000 0.010 0.005 0.990 0.990 

GLSD w/ Trend 0.000 0.000 0.000 0.000 0.010 0.010 0.990 0.990 
         

         

T=250, λ=AIC         

Level w/ Constant 0.020 0.000 0.025 0.085 0.880 0.815 0.075 0.100 

Level w/ Trend 0.010 0.000 0.025 0.090 0.890 0.815 0.075 0.095 

GLSD w/ Constant 0.005 0.000 0.030 0.120 0.850 0.780 0.115 0.100 

GLSD w/ Trend 0.000 0.005 0.055 0.120 0.860 0.795 0.085 0.080 
         

T=250, λ=BIC         

Level w/ Constant 0.430 0.285 0.230 0.465 0.340 0.245 0.000 0.005 

Level w/ Trend 0.425 0.315 0.255 0.470 0.320 0.215 0.000 0.000 

GLSD w/ Constant 0.425 0.175 0.220 0.545 0.350 0.275 0.005 0.005 

GLSD w/ Trend 0.355 0.225 0.310 0.510 0.335 0.265 0.000 0.000 
         

T=250, λ=BIC2         

Level w/ Constant 0.870 0.755 0.115 0.235 0.015 0.010 0.000 0.000 
Level w/ Trend 0.885 0.800 0.110 0.190 0.005 0.010 0.000 0.000 

GLSD w/ Constant 0.855 0.600 0.130 0.370 0.015 0.030 0.000 0.000 

GLSD w/ Trend 0.850 0.645 0.140 0.345 0.010 0.010 0.000 0.000 
         

T=250, λ=MAXF         

Level w/ Constant 0.000 0.005 0.000 0.000 0.015 0.015 0.985 0.980 

Level w/ Trend 0.000 0.005 0.000 0.000 0.010 0.005 0.990 0.990 

GLSD w/ Constant 0.000 0.005 0.000 0.000 0.005 0.020 0.995 0.975 

GLSD w/ Trend 0.000 0.005 0.000 0.000 0.010 0.005 0.990 0.990 
         

NOTES: Correct decision frequency for DGP with m = 2 thresholds detailed in equation (11) with short run 

adjustment parameters    = -0.05,    = -0.25,    = -0.8,    = 0.1,    = 0.3, and    = 0.8. The results are 
separated by penalty term (λ = AIC, λ = BIC, λ = BIC2, and MAXF); sample size (T = 100 and 250); level 

/ GLSD data; and constant / trend. The shaded column represents the correct decision frequency.   

 



-49- 

 

3.3.2  Power for ‘Daily’ and ‘Weekly’ Data 

The results for the power of the combined Gonzalo and Pitarakis (2002) and Seo (2008) 

methodology at a five percent level of significance with the input variables specified in 

Tables 3.2 and 3.4 are presented in Tables 3.11 through 3.18. Tables 3.11 through 3.14 

employ ‘daily’ data while Tables 3.15 through 3.18 employ ‘weekly’ data. Following the 

format of the previous section, the first part of the discussion focuses on ‘daily’ data and 

the second part focuses on the impact of using ‘weekly’ data when the underlying DGP is 

‘daily’. The remaining penalty terms under consideration are λ = AIC and λ = BIC, with 

the BIC2 and MAXF having been eliminated due to their poor results when investigating 

the correct decision frequency with respect to the number of thresholds (m).  

The first insight from the power results for the combined Gonzalo and Pitarakis 

(2002) and Seo (2008) methodology using both the fixed and random parameter space is 

that a stronger adjustment in    and    results in higher power for both λ = BIC and         

λ = AIC. The power is slightly higher when using λ = BIC for the smaller sample size      

T = 100; however, the power using λ = BIC and λ = AIC is almost identical when the 

sample size increases to T = 250 when using the fixed parameter space while λ = BIC 

still has a small advantage over λ = AIC when using the random parameter space.  

The results from Tables 3.11 through 3.14 indicate there is a large improvement 

in power when moving from T = 100 to T = 250, with the range in power improving from 

[0.374, 1] to [0.743, 1] when using the fixed parameter space and [0.151, 1] to [0.579, 1] 

when using the random parameter space. This improvement indicates that there are 

substantial benefits to using longer data series. This finding concurs with Table 1 in Seo 

(2008) which reports the power for a DGP that exhibits band-TAR with thresholds that 
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are symmetric around zero for five different error types. Overall, the combined 

methodology by Gonzalo and Pitarakis (2002) and Seo (2008) has much better power 

properties than Seo (2008) who reports a range of [0.07, 0.205] for a sample size T = 100 

and a range of  [0.145, 0.765] for a sample size T = 250 when using the fixed parameter 

space. Seo (2008) does not report results for the random parameter space; however, he 

finds the fixed parameter space to have higher power than the random parameter space so 

it follows that the range would be worse than those reported for the fixed parameter 

space; hence, the combined methodology by Gonzalo and Pitarakis (2002) and Seo 

(2008) has much better power properties for both the random and fixed parameter space.     

Another insight from the power results for the combined Gonzalo and Pitarakis 

(2002) and Seo (2008) methodology is that the fixed parameter space outperforms the 

random parameter space with respect to power. This finding concurs with Seo (2008). 

The gap between the fixed and random parameter space closes as one moves from           

T = 100 to T = 250.  Also, the gap is less pronounced when there is a stronger adjustment 

in Yt and Xt. The power results indicate that there is a benefit to using the fixed parameter 

space over the random  parameter space; however, the power results alone cannot be used 

to recommend using the fixed parameter space over the random parameter space because 

the size results presented in the next section indicate the opposite.   

The power results do not single out one penalty term between the two remaining 

penalty terms, λ = AIC and λ = BIC; however, the power results presented in Tables 3.11 

through 3.14 provide information on two other input specifications from Table 3.4. The 

‘daily’ data power results for GLSD data are lower than the results from level data in 

almost all cases for both samples of size T = 100 and T = 250. This indicates that the 
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findings from the TAR model using the combined Gonzalo and Pitarakis (2002) and Seo 

(2008) methodology with both a fixed and random parameter space diverge from that of 

Cook (2007) who found GLSD data increased the power for the MTAR test by Enders 

and Siklos (2001). The current Monte Carlo simulations only consider TAR, and leave 

MTAR as a potential extension for future research. The results from Tables 3.11 through 

3.14 also indicate that the power with a constant is slightly higher than when 

incorporating a trend when the underlying DGP does not contain a trend for both sample 

sizes T = 100 and T = 250, although the impact is less for the larger sample size T = 250.  

The power results for the combined Gonzalo and Pitarakis (2002) and Seo (2002) 

methodology using ‘weekly’ data are interesting because the power is found to be higher 

than ‘daily’ data for every input variable combination for both the fixed and random 

parameter space. The power results for ‘weekly’ data provide very little information on 

the other input specifications because the range in results is very narrow. When 

considering the power properties of the ‘weekly’ data independently from the correct 

decision frequency, the results do not indicate any problem with using ‘weekly’ data as 

opposed to ‘daily’ data.  

Overall, the power results in Tables 3.11 through 3.18 do not provide enough 

evidence to make recommendations on the decision between λ = BIC and λ = AIC; 

however, they indicate that the level data series has higher power than the GLSD data 

series. Unless the size of the combined Gonzalo and Pitarakis (2002) and Seo (2008) 

methodology provides evidence toward GLSD data, there is no reason to use GLSD data 

over the level data series. Additionally, the power results indicate a substantial advantage 

to using a sample size of T = 250 over T = 100. The benefit of increasing the sample size 



-52- 

 

above T = 250 is not investigated; however, the magnitude of improvement in power 

cannot be as vast as increasing the sample size from T = 100 to T = 250 because the 

power is already approaching one. In situations where only a sample size of T = 100 is 

available, researchers are urged to interpret the results with caution. This is especially the 

case when the consequence of making a type II error is large. The recommendations on 

the parameter space are left to the next section because the results for power and size 

indicate that there is a tradeoff between the fixed and random parameter space; the fixed 

parameter space has better power properties while the random parameter space has better 

size properties.  
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Table 3.11:  Power for DGP with m = 1 Threshold using ‘Daily’ Data of Sample Size  

                     T = 100 using the Fixed Parameter Space  

     
(  ,          ) (-0.05,-0.03,0.0,0.0) (-0.05,-0.03,0.0,0.5) (-0.05,-0.03,0.0,0.9) (-0.05,-0.03,0.2,0.0) 

 Random GARCH Random GARCH Random GARCH Random GARCH 

         

T =100, λ = AIC         

Level w/ Constant 0.396 0.422 0.627 0.525 0.738 0.639 1.000 1.000 

Level w/ Trend 0.444 0.385 0.503 0.547 0.667 0.555 0.983 0.971 

GLSD w/ Constant 0.381 0.417 0.581 0.492 0.608 0.591 1.000 0.994 

GLSD w/ Trend 0.374 0.398 0.383 0.447 0.545 0.427 0.983 0.978 

         

T = 100, λ =BIC         

Level w/ Constant 0.589 0.537 0.629 0.661 0.800 0.733 1.000 0.983 

Level w/ Trend 0.585 0.521 0.551 0.550 0.677 0.549 0.968 0.941 
GLSD w/ Constant 0.530 0.551 0.487 0.623 0.672 0.590 1.000 0.975 

GLSD w/ Trend 0.496 0.466 0.484 0.515 0.624 0.444 0.982 0.938 

         

         
(  ,          ) (-0.05,-0.03,0.2,0.5) (-0.05,-0.03,0.2,0.9) (-0.05,-0.8,0.0,0.0) (-0.05,-0.8,0.0,0.5) 

 Random GARCH Random GARCH Random GARCH Random GARCH 

         

T =100, λ = AIC         

Level w/ Constant 1.000 0.975 0.995 0.985 0.579 0.626 0.613 0.661 

Level w/ Trend 0.989 0.979 0.995 0.944 0.603 0.613 0.600 0.644 

GLSD w/ Constant 0.990 0.965 0.970 0.985 0.553 0.623 0.418 0.570 

GLSD w/ Trend 0.963 0.954 0.960 0.924 0.543 0.544 0.475 0.563 

         

T = 100, λ =BIC         

Level w/ Constant 1.000 0.982 0.979 0.944 0.759 0.659 0.680 0.714 

Level w/ Trend 1.000 0.973 0.965 0.939 0.745 0.647 0.694 0.667 
GLSD w/ Constant 0.970 0.990 0.949 0.950 0.660 0.647 0.614 0.624 

GLSD w/ Trend 0.966 0.963 0.929 0.914 0.655 0.614 0.595 0.594 

         

         
(  ,          ) (-0.05,-0.8,0.0,0.9) (-0.05,-0.8,0.2,0.5) (-0.05,-0.8,0.2,0.5) (-0.05,-0.8,0.2,0.9) 
 Random GARCH Random GARCH Random GARCH Random GARCH 

         

T =100, λ = AIC         

Level w/ Constant 0.710 0.646 1.000 1.000 1.000 1.000 1.000 0.990 

Level w/ Trend 0.711 0.561 0.995 0.984 1.000 0.995 0.985 0.965 
GLSD w/ Constant 0.523 0.536 0.995 1.000 0.995 1.000 0.995 0.995 

GLSD w/ Trend 0.533 0.461 0.995 0.995 0.995 0.975 0.945 0.965 

         

T = 100, λ =BIC         

Level w/ Constant 0.830 0.753 1.000 1.000 1.000 1.000 1.000 0.890 

Level w/ Trend 0.688 0.672 1.000 0.993 0.994 0.976 1.000 0.963 

GLSD w/ Constant 0.579 0.687 1.000 1.000 0.995 1.000 0.985 0.990 

GLSD w/ Trend 0.532 0.580 1.000 1.000 0.989 0.972 0.985 0.938 

         

NOTE: Power for DGP with m = 1 threshold as detailed in equation (11) with 12 combinations of short run 

adjustment parameters (  ,         ) and a sample size T = 100 using a block length of b = 6. The results 

are separated by penalty term (λ = AIC and λ = BIC); level / GLSD data; and constant / trend.  

 

 



-54- 

 

Table 3.12:  Power for DGP with m = 1 Threshold using ‘Daily Data’ of Sample Size 

                     T = 250 using the Fixed Parameter Space 

     
(  ,          ) (-0.05,-0.03,0.0,0.0) (-0.05,-0.03,0.0,0.5) (-0.05,-0.03,0.0,0.9) (-0.05,-0.03,0.2,0.0) 

 Random GARCH Random GARCH Random GARCH Random GARCH 

         

T =250, λ = AIC         

Level w/ Constant 0.903 0.920 0.995 0.964 1.000 0.995 1.000 1.000 

Level w/ Trend 0.885 0.886 0.946 0.850 0.963 0.901 1.000 1.000 

GLSD w/ Constant 0.810 0.845 0.930 0.882 0.960 0.965 1.000 1.000 

GLSD w/ Trend 0.814 0.824 0.853 0.774 0.823 0.832 1.000 1.000 

         

T = 250, λ =BIC         

Level w/ Constant 0.948 0.920 0.994 0.977 1.000 0.984 1.000 1.000 

Level w/ Trend 0.902 0.933 0.953 0.879 0.952 0.886 1.000 1.000 
GLSD w/ Constant 0.920 0.882 0.964 0.926 0.971 0.924 1.000 1.000 

GLSD w/ Trend 0.882 0.866 0.876 0.821 0.870 0.743 1.000 1.000 

         

         
(  ,          ) (-0.05,-0.03,0.2,0.5) (-0.05,-0.03,0.2,0.9) (-0.05,-0.8,0.0,0.0) (-0.05,-0.8,0.0,0.5) 

 Random GARCH Random GARCH Random GARCH Random GARCH 

         

T =250, λ = AIC          

Level w/ Constant 1.000 1.000 1.000 0.990 0.980 0.950 0.995 0.969 

Level w/ Trend 1.000 1.000 1.000 0.985 0.985 0.919 0.985 0.933 

GLSD w/ Constant 1.000 1.000 1.000 1.000 0.893 0.873 0.924 0.894 

GLSD w/ Trend 1.000 1.000 1.000 0.985 0.922 0.864 0.879 0.841 

         

T = 250, λ =BIC         

Level w/ Constant 1.000 1.000 1.000 1.000 0.993 0.969 0.994 0.983 

Level w/ Trend 1.000 1.000 1.000 1.000 0.967 0.943 0.986 0.931 
GLSD w/ Constant 1.000 1.000 1.000 1.000 0.944 0.924 0.933 0.924 

GLSD w/ Trend 1.000 1.000 1.000 1.000 0.964 0.907 0.946 0.824 

         

         
(  ,          ) (-0.05,-0.8,0.0,0.9) (-0.05,-0.8,0.2,0.5) (-0.05,-0.8,0.2,0.5) (-0.05,-0.8,0.2,0.9) 
 Random GARCH Random GARCH Random GARCH Random GARCH 

         

T =250, λ = AIC         

Level w/ Constant 0.995 0.980 1.000 1.000 1.000 1.000 1.000 1.000 

Level w/ Trend 0.949 0.921 1.000 1.000 1.000 1.000 1.000 1.000 

GLSD w/ Constant 0.955 0.923 1.000 1.000 1.000 1.000 1.000 1.000 

GLSD w/ Trend 0.832 0.833 1.000 1.000 1.000 1.000 1.000 1.000 

         

T = 250, λ =BIC         

Level w/ Constant 0.995 0.984 1.000 1.000 1.000 1.000 1.000 1.000 
Level w/ Trend 0.980 0.923 1.000 1.000 1.000 1.000 1.000 1.000 

GLSD w/ Constant 0.921 0.927 1.000 1.000 1.000 1.000 1.000 1.000 

GLSD w/ Trend 0.938 0.856 1.000 1.000 1.000 1.000 1.000 1.000 

         

NOTE: Power for DGP with m = 1 threshold as detailed in equation (11) with 12 combinations of short run 

adjustment parameters (  ,         ) and a sample size T = 250 using a block length of b = 6. The results 

are separated by penalty term (λ = AIC and λ = BIC); level / GLSD data; and constant / trend.  
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Table 3.13:  Power for DGP with m = 1 Threshold using ‘Daily’ Data of Sample Size  

                     T = 100 using the Random Parameter Space 

     
(  ,          ) (-0.05,-0.03,0.0,0.0) (-0.05,-0.03,0.0,0.5) (-0.05,-0.03,0.0,0.9) (-0.05,-0.03,0.2,0.0) 

 Random GARCH Random GARCH Random GARCH Random GARCH 

         

T =100, λ = AIC         

Level w/ Constant 0.187 0.212 0.395 0.346 0.529 0.464 1.000 0.989 

Level w/ Trend 0.189 0.198 0.246 0.311 0.390 0.401 0.861 0.857 

GLSD w/ Constant 0.175 0.235 0.299 0.280 0.425 0.389 0.994 0.967 

GLSD w/ Trend 0.151 0.193 0.217 0.245 0.273 0.254 0.885 0.871 

         

T = 100, λ =BIC         

Level w/ Constant 0.316 0.324 0.438 0.517 0.664 0.514 1.000 0.932 

Level w/ Trend 0.311 0.299 0.326 0.342 0.455 0.303 0.892 0.853 
GLSD w/ Constant 0.318 0.333 0.296 0.454 0.460 0.375 0.991 0.943 

GLSD w/ Trend 0.257 0.267 0.232 0.338 0.337 0.198 0.927 0.795 

         

         
(  ,          ) (-0.05,-0.03,0.2,0.5) (-0.05,-0.03,0.2,0.9) (-0.05,-0.8,0.0,0.0) (-0.05,-0.8,0.0,0.5) 

 Random GARCH Random GARCH Random GARCH Random GARCH 

         

T =100, λ = AIC         

Level w/ Constant 0.979 0.954 0.960 0.935 0.399 0.451 0.403 0.474 

Level w/ Trend 0.929 0.923 0.938 0.873 0.385 0.414 0.356 0.466 

GLSD w/ Constant 0.965 0.950 0.910 0.93 0.432 0.497 0.254 0.404 

GLSD w/ Trend 0.910 0.929 0.869 0.802 0.321 0.356 0.262 0.358 

         

T = 100, λ =BIC         

Level w/ Constant 0.971 0.947 0.969 0.904 0.509 0.493 0.512 0.529 

Level w/ Trend 0.981 0.907 0.919 0.855 0.473 0.468 0.491 0.447 
GLSD w/ Constant 0.954 0.959 0.913 0.900 0.500 0.515 0.407 0.475 

GLSD w/ Trend 0.920 0.909 0.830 0.832 0.382 0.400 0.328 0.421 

         

         
(  ,          ) (-0.05,-0.8,0.0,0.9) (-0.05,-0.8,0.2,0.5) (-0.05,-0.8,0.2,0.5) (-0.05,-0.8,0.2,0.9) 
 Random GARCH Random GARCH Random GARCH Random GARCH 

         

T =100, λ = AIC         

Level w/ Constant 0.568 0.472 1.000 0.995 1.000 1.000 1.000 0.985 

Level w/ Trend 0.451 0.376 0.994 0.968 0.980 0.980 0.944 0.940 
GLSD w/ Constant 0.342 0.397 0.995 1.000 0.995 1.000 0.985 0.985 

GLSD w/ Trend 0.328 0.285 0.989 0.973 0.960 0.945 0.844 0.84 

         

T = 100, λ =BIC         

Level w/ Constant 0.644 0.596 1.000 1.000 0.995 0.995 0.995 0.980 

Level w/ Trend 0.491 0.489 1.000 0.978 0.967 0.958 0.990 0.872 

GLSD w/ Constant 0.436 0.493 1.000 1.000 0.995 0.995 0.985 0.980 

GLSD w/ Trend 0.297 0.377 1.000 0.979 0.936 0.938 0.949 0.865 

         

NOTE: Power for DGP with m = 1 threshold as detailed in equation (11) with 12 combinations of short run 

adjustment parameters (  ,         ) and a sample size T = 100 using a block length of b = 6. The results 

are separated by penalty term (λ = AIC and λ = BIC); level / GLSD data; and constant / trend.  
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Table 3.14:  Power for DGP with m = 1 Threshold using ‘Daily’ Data of Sample Size 

                     T = 250 using the Random Parameter Space 

     
(  ,          ) (-0.05,-0.03,0.0,0.0) (-0.05,-0.03,0.0,0.5) (-0.05,-0.03,0.0,0.9) (-0.05,-0.03,0.2,0.0) 

 Random GARCH Random GARCH Random GARCH Random GARCH 

         

T =250, λ = AIC         

Level w/ Constant 0.747 0.729 0.980 0.908 0.980 0.965 1.000 1.000 

Level w/ Trend 0.721 0.701 0.854 0.728 0.884 0.781 1.000 1.000 

GLSD w/ Constant 0.692 0.742 0.825 0.790 0.895 0.890 1.000 1.000 

GLSD w/ Trend 0.655 0.649 0.684 0.579 0.677 0.621 1.000 1.000 

         

T = 250, λ =BIC         

Level w/ Constant 0.814 0.795 0.983 0.925 0.994 0.952 1.000 1.000 

Level w/ Trend 0.805 0.781 0.836 0.729 0.904 0.785 1.000 1.000 
GLSD w/ Constant 0.804 0.771 0.886 0.869 0.924 0.826 1.000 1.000 

GLSD w/ Trend 0.718 0.756 0.786 0.735 0.740 0.645 1.000 1.000 

         

         
(  ,          ) (-0.05,-0.03,0.2,0.5) (-0.05,-0.03,0.2,0.9) (-0.05,-0.8,0.0,0.0) (-0.05,-0.8,0.0,0.5) 

 Random GARCH Random GARCH Random GARCH Random GARCH 

         

T =250, λ = AIC          

Level w/ Constant 1.000 1.000 1.000 0.990 0.934 0.894 0.985 0.934 

Level w/ Trend 1.000 0.995 1.000 0.985 0.913 0.843 0.924 0.834 

GLSD w/ Constant 1.000 1.000 0.990 0.995 0.821 0.792 0.843 0.814 

GLSD w/ Trend 1.000 1.000 1.000 0.985 0.818 0.764 0.768 0.739 

         

T = 250, λ =BIC         

Level w/ Constant 1.000 1.000 1.000 1.000 0.938 0.876 0.972 0.931 

Level w/ Trend 1.000 1.000 1.000 0.995 0.950 0.851 0.942 0.836 
GLSD w/ Constant 1.000 1.000 1.000 0.995 0.845 0.835 0.854 0.807 

GLSD w/ Trend 1.000 0.995 1.000 0.995 0.898 0.795 0.812 0.736 

         

         
(  ,          ) (-0.05,-0.8,0.0,0.9) (-0.05,-0.8,0.2,0.5) (-0.05,-0.8,0.2,0.5) (-0.05,-0.8,0.2,0.9) 
 Random GARCH Random GARCH Random GARCH Random GARCH 

         

T =250, λ = AIC         

Level w/ Constant 0.995 0.960 1.000 1.000 1.000 1.000 1.000 1.000 

Level w/ Trend 0.882 0.838 1.000 1.000 1.000 1.000 1.000 1.000 

GLSD w/ Constant 0.875 0.861 1.000 1.000 1.000 1.000 1.000 1.000 

GLSD w/ Trend 0.694 0.698 1.000 1.000 1.000 1.000 1.000 1.000 

         

T = 250, λ =BIC         

Level w/ Constant 0.989 0.974 1.000 1.000 1.000 1.000 1.000 1.000 
Level w/ Trend 0.891 0.859 1.000 1.000 1.000 1.000 1.000 1.000 

GLSD w/ Constant 0.865 0.864 1.000 1.000 1.000 1.000 1.000 1.000 

GLSD w/ Trend 0.801 0.797 1.000 1.000 1.000 1.000 0.995 0.995 

         

NOTE: Power for DGP with m = 1 threshold as detailed in equation (11) with 12 combinations of short run 

adjustment parameters (  ,         ) and a sample size T = 250 using a block length of b = 6. The results 

are separated by penalty term (λ = AIC and λ = BIC); level / GLSD data; and constant / trend.  
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Table 3.15:  Power for DGP with m = 1 Threshold using ‘Weekly’ Data of Sample Size  

                     T = 100 using the Fixed Parameter Space 

     
(  ,          ) (-0.05,-0.03,0.0,0.0) (-0.05,-0.03,0.0,0.5) (-0.05,-0.03,0.0,0.9) (-0.05,-0.03,0.2,0.0) 

 Random GARCH Random GARCH Random GARCH Random GARCH 

         

T =100, λ = AIC         

Level w/ Constant 1.000 1.000 1.000 0.995 1.000 1.000 1.000 1.000 

Level w/ Trend 1.000 0.995 0.994 0.977 0.994 0.966 1.000 1.000 

GLSD w/ Constant 0.995 0.990 0.984 0.990 0.990 0.990 1.000 1.000 

GLSD w/ Trend 0.994 1.000 0.989 0.973 0.962 0.947 1.000 0.994 

         

T = 100, λ =BIC         

Level w/ Constant 1.000 1.000 1.000 1.000 1.000 0.993 1.000 1.000 

Level w/ Trend 0.989 0.991 0.987 0.980 0.991 0.965 1.000 1.000 
GLSD w/ Constant 1.000 0.994 0.985 0.979 0.981 0.940 1.000 1.000 

GLSD w/ Trend 1.000 0.984 0.983 0.944 0.953 0.947 1.000 1.000 

         

         
(  ,          ) (-0.05,-0.03,0.2,0.5) (-0.05,-0.03,0.2,0.9) (-0.05,-0.8,0.0,0.0) (-0.05,-0.8,0.0,0.5) 

 Random GARCH Random GARCH Random GARCH Random GARCH 

         

T =100, λ = AIC          

Level w/ Constant 1.000 1.000 1.000 1.000 1.000 0.995 1.000 0.995 

Level w/ Trend 1.000 1.000 1000 0.994 1.000 0.989 1.000 0.994 

GLSD w/ Constant 1.000 1.000 0.970 0.995 0.990 0.979 0.995 0.989 

GLSD w/ Trend 0.995 0.995 0.990 0.995 0.995 0.984 0.989 0.973 

         

T = 100, λ =BIC         

Level w/ Constant 1.000 1.000 1.000 1.000 1.000 0.975 1.000 1.000 

Level w/ Trend 0.990 1.000 1.000 0.985 1.000 0.974 1.000 0.958 

GLSD w/ Constant 1.000 1.000 0.984 0.995 0.988 0.976 0.969 0.967 

GLSD w/ Trend 0.993 1.000 1.000 0.994 0.992 0.958 0.992 0.959 

         

         
(  ,          ) (-0.05,-0.8,0.0,0.9) (-0.05,-0.8,0.2,0.5) (-0.05,-0.8,0.2,0.5) (-0.05,-0.8,0.2,0.9) 
 Random GARCH Random GARCH Random GARCH Random GARCH 

         

T =100, λ = AIC         

Level w/ Constant 0.995 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

Level w/ Trend 0.994 0.983 1.000 1.000 1.000 1.000 1.000 0.989 
GLSD w/ Constant 1.000 0.969 1.000 1.000 1.000 1.000 1.000 1.000 

GLSD w/ Trend 1.000 0.967 1.000 0.994 1.000 1.000 0.990 0.989 

         

T = 100, λ =BIC         

Level w/ Constant 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

Level w/ Trend 0.990 0.966 1.000 1.000 1.000 1.000 1.000 0.992 

GLSD w/ Constant 0.988 0.975 1.000 1.000 0.994 1.000 0.995 0.994 

GLSD w/ Trend 0.978 0.955 1.000 1.000 1.000 1.000 1.000 0.987 

         

NOTE: Power for DGP with m = 1 threshold as detailed in equation (11) with 12 combinations of short run 

adjustment parameters (  ,         ) and a sample size T = 100 using a block length of b = 6. The results 

are separated by penalty term (λ = AIC and λ = BIC); level / GLSD data; and constant / trend.  
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Table 3.16:  Power for DGP with m = 1 Threshold using ‘Weekly’ Data of Sample Size  

                     T = 250 using the Fixed Parameter Space 

     
(  ,          ) (-0.05,-0.03,0.0,0.0) (-0.05,-0.03,0.0,0.5) (-0.05,-0.03,0.0,0.9) (-0.05,-0.03,0.2,0.0) 

 Random GARCH Random GARCH Random GARCH Random GARCH 

         

T =250, λ = AIC         

Level w/ Constant 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

Level w/ Trend 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

GLSD w/ Constant 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

GLSD w/ Trend 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

         

T = 250, λ =BIC         

Level w/ Constant 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

Level w/ Trend 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 
GLSD w/ Constant 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

GLSD w/ Trend 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

         

         
(  ,          ) (-0.05,-0.03,0.2,0.5) (-0.05,-0.03,0.2,0.9) (-0.05,-0.8,0.0,0.0) (-0.05,-0.8,0.0,0.5) 

 Random GARCH Random GARCH Random GARCH Random GARCH 

         

T =250, λ = AIC          

Level w/ Constant 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

Level w/ Trend 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

GLSD w/ Constant 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

GLSD w/ Trend 1.000 1.000 1.000 0.995 1.000 1.000 1.000 1.000 

         

T = 250, λ =BIC         

Level w/ Constant 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

Level w/ Trend 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 
GLSD w/ Constant 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

GLSD w/ Trend 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

         

         
(  ,          ) (-0.05,-0.8,0.0,0.9) (-0.05,-0.8,0.2,0.5) (-0.05,-0.8,0.2,0.5) (-0.05,-0.8,0.2,0.9) 
 Random GARCH Random GARCH Random GARCH Random GARCH 

         

T =250, λ = AIC         

Level w/ Constant 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

Level w/ Trend 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

GLSD w/ Constant 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

GLSD w/ Trend 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

         

T = 250, λ =BIC         

Level w/ Constant 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 
Level w/ Trend 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

GLSD w/ Constant 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

GLSD w/ Trend 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

         

NOTES: Power for DGP with m = 1 threshold as detailed in equation (11) with 12 combinations of short 

run adjustment parameters (  ,         ) and a sample size T = 250 using a block length of b = 6. The 

results are separated by penalty term (λ = AIC and λ = BIC); level / GLSD data; and constant / trend.  
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Table 3.17:  Power for DGP with m = 1 Threshold using ‘Weekly’ Data of Sample Size  

                     T = 100 using the Random Parameter Space 

     
(  ,          ) (-0.05,-0.03,0.0,0.0) (-0.05,-0.03,0.0,0.5) (-0.05,-0.03,0.0,0.9) (-0.05,-0.03,0.2,0.0) 

 Random GARCH Random GARCH Random GARCH Random GARCH 

         

T =100, λ = AIC         

Level w/ Constant 0.983 0.939 0.995 0.984 0.995 0.984 1.000 1.000 

Level w/ Trend 0.984 0.933 0.970 0.902 0.960 0.920 1.000 1.000 

GLSD w/ Constant 0.959 0.917 0.969 0.938 0.965 0.968 1.000 1.000 

GLSD w/ Trend 0.962 0.913 0.949 0.870 0.903 0.888 1.000 0.994 

         

T = 100, λ =BIC         

Level w/ Constant 0.990 0.948 1.000 0.983 0.992 0.980 1.000 1.000 

Level w/ Trend 0.989 0.955 0.947 0.959 0.943 0.867 1.000 1.000 
GLSD w/ Constant 0.993 0.949 0.978 0.950 0.955 0.879 1.000 1.000 

GLSD w/ Trend 0.983 0.904 0.950 0.879 0.883 0.848 1.000 1.000 

         

         
(  ,          ) (-0.05,-0.03,0.2,0.5) (-0.05,-0.03,0.2,0.9) (-0.05,-0.8,0.0,0.0) (-0.05,-0.8,0.0,0.5) 

 Random GARCH Random GARCH Random GARCH Random GARCH 

         

T =100, λ = AIC          

Level w/ Constant 1.000 1.000 0.994 0.994 0.989 0.973 1.000 0.996 

Level w/ Trend 1.000 1.000 0.989 0.983 1.000 0.957 0.977 0.950 

GLSD w/ Constant 0.985 1.000 0.918 0.990 0.953 0.938 0.953 0.963 

GLSD w/ Trend 0.995 0.984 0.974 0.963 0.952 0.947 0.930 0.883 

         

T = 100, λ =BIC         

Level w/ Constant 1.000 1.000 1.000 1.000 0.973 0.959 0.992 0.952 

Level w/ Trend 0.979 0.992 1.000 0.956 0.971 0.922 0.990 0.904 

GLSD w/ Constant 0.994 1.000 0.973 0.978 0.965 0.946 0.925 0.875 

GLSD w/ Trend 0.970 0.993 0.969 0.957 0.959 0.908 0.940 0.829 

         

         
(  ,          ) (-0.05,-0.8,0.0,0.9) (-0.05,-0.8,0.2,0.5) (-0.05,-0.8,0.2,0.5) (-0.05,-0.8,0.2,0.9) 
 Random GARCH Random GARCH Random GARCH Random GARCH 

         

T =100, λ = AIC         

Level w/ Constant 0.995 0.984 1.000 1.000 1.000 1.000 1.000 1.000 

Level w/ Trend 0.989 0.915 1.000 1.000 1.000 1.000 1.000 0.967 
GLSD w/ Constant 0.974 0.912 1.000 1.000 0.985 1.000 0.995 1.000 

GLSD w/ Trend 0.958 0.883 1.000 0.994 0.979 0.989 0.969 0.978 

         

T = 100, λ =BIC         

Level w/ Constant 0.993 0.986 1.000 1.000 1.000 1.000 1.000 1.000 

Level w/ Trend 0.990 0.941 1.000 1.000 1.000 0.991 1.000 0.976 

GLSD w/ Constant 0.957 0.926 1.000 1.000 0.988 1.000 0.989 0.994 

GLSD w/ Trend 0.914 0.8209 1.000 1.000 0.987 0.993 0.959 0.980 

         

NOTE: Power for DGP with m = 1 threshold as detailed in equation (11) with 12 combinations of short run 

adjustment parameters (  ,         ) and a sample size T = 100 using a block length of b = 6. The results 

are separated by penalty term (λ = AIC and λ = BIC); level / GLSD data; and constant / trend.  
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Table 3.18:  Power for DGP with m = 1 Threshold using ‘Weekly’ Data of Sample Size  

                     T = 250 using the Random Parameter Space 

     
(  ,          ) (-0.05,-0.03,0.0,0.0) (-0.05,-0.03,0.0,0.5) (-0.05,-0.03,0.0,0.9) (-0.05,-0.03,0.2,0.0) 

 Random GARCH Random GARCH Random GARCH Random GARCH 

         

T =250, λ = AIC         

Level w/ Constant 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

Level w/ Trend 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

GLSD w/ Constant 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

GLSD w/ Trend 1.000 1.000 1.000 1.000 1.000 0.995 1.000 1.000 

         

T = 250, λ =BIC         

Level w/ Constant 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

Level w/ Trend 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 
GLSD w/ Constant 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

GLSD w/ Trend 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

         

         
(  ,          ) (-0.05,-0.03,0.2,0.5) (-0.05,-0.03,0.2,0.9) (-0.05,-0.8,0.0,0.0) (-0.05,-0.8,0.0,0.5) 

 Random GARCH Random GARCH Random GARCH Random GARCH 

         

T =250, λ = AIC          

Level w/ Constant 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

Level w/ Trend 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

GLSD w/ Constant 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

GLSD w/ Trend 1.000 1.000 1.000 0.995 1.000 0.995 1.000 1.000 

         

T = 250, λ =BIC         

Level w/ Constant 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

Level w/ Trend 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 
GLSD w/ Constant 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

GLSD w/ Trend 1.000 1.000 1.000 1.000 1.000 0.994 1.000 1.000 

         

         
(  ,          ) (-0.05,-0.8,0.0,0.9) (-0.05,-0.8,0.2,0.5) (-0.05,-0.8,0.2,0.5) (-0.05,-0.8,0.2,0.9) 
 Random GARCH Random GARCH Random GARCH Random GARCH 

         

T =250, λ = AIC         

Level w/ Constant 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

Level w/ Trend 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

GLSD w/ Constant 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

GLSD w/ Trend 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

         

T = 250, λ =BIC         

Level w/ Constant 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 
Level w/ Trend 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

GLSD w/ Constant 1.000 0.995 1.000 1.000 1.000 1.000 1.000 1.000 

GLSD w/ Trend 1.000 0.994 1.000 0.992 1.000 1.000 1.000 1.000 

         

NOTES: Power for DGP with m = 1 threshold as detailed in equation (11) with 12 combinations of short 

run adjustment parameters (  ,         ) and a sample size T = 250 using a block length of b = 6. The 

results are separated by penalty term (λ = AIC and λ = BIC); level / GLSD data; and constant / trend.  
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3.3.3  Size for ‘Daily’ and ‘Weekly’ Data 

The results for the size of the combined Gonzalo and Pitarakis (2002) and Seo (2008) 

methodology at a five percent level of significance with the input variables specified in 

Tables 3.3 and 3.4 are presented in Tables 3.19 through 3.22, with Tables 3.19 and 3.20 

employing ‘daily’ data while Tables 3.21 and 3.22 employ ‘weekly’ data. Following the 

format of the previous sections, the first part of the discussion focuses on ‘daily’ data and 

the second part focuses on the impact of using ‘weekly’ data when the underlying DGP is 

‘daily’. The remaining penalty terms under consideration are λ = AIC and λ = BIC with 

the other two having been eliminated when investigating the correct decision frequency 

in section 3.3.1.  

The first insight from the size results for the combined Gonzalo and Pitarakis 

(2002) and Seo (2008) methodology is that the random innovative series has better size 

properties than GARCH(1,1) for both the fixed and random parameter space, albeit both 

the random and GARCH (1,1) series are oversized for the fixed parameter space but have 

good size properties for the random parameter space. This holds across both samples of 

size T = 100 and T = 250, GLSD verses level data, and constant verses trend. The finding 

that the random parameter space outperforms the fixed parameter space is interesting 

because Seo (2008) expected their size properties would be similar because the 

distributional properties of   
  and    found in the third step of the residual-based block 

bootstrap methodology in equation (10) are similar under the null hypothesis of a unit 

root. The findings from the combined Gonzalo and Pitarakis (2002) and Seo (2008) 

methodology concur with Seo (2008) in that the best size property occurs when the 

innovative series is random.  
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There are several other insights that come from the size results for the combined 

Gonzalo and Pitarakis (2002) and Seo (2008) methodology. The size properties are better 

for λ = BIC than λ = AIC using both the fixed and the random sample parameter and the 

gap does not close when increasing the sample size from T = 100 to T = 250. 

Additionally, the size properties when employing GLSD data are better than level data 

and the constant version is slightly better than the trend version. This difference does not 

disappear as the sample size increases from T = 100 to T = 250 and the advantage of 

employing GLSD is larger for λ = AIC than λ = BIC. This gives some evidence toward 

the use of GLSD data; however, the slight improvement in size comes with a slight 

decrease in power and the use of GLSD data complicates the interpretation of the 

threshold values (τj). The finding that the constant version is slightly better than the trend 

version provides evidence toward using the constant version of the test when the 

underlying DGP does not contain a trend. 

The insights from the size results for the combined Gonzalo and Pitarakis (2002) 

and Seo (2002) methodology using ‘weekly’ data concur with those for ‘daily’ data that 

are presented above. One additional insight is that ‘weekly’ data has slightly better size 

properties than ‘daily’ data for both sample sizes of T = 100 and T = 250 when using the 

fixed and random parameter space. The size properties do not provide a strong argument 

against using ‘weekly’ data; however, the researcher must keep in mind that the correct 

decision frequency decreases when moving from ‘daily’ to ‘weekly’ data. 

Overall, the sizes reported in Tables 3.19 and 3.22 indicate that the there is a large 

advantage to using the random over the fixed parameter space. This advantage exists for 

sample sizes of both T = 100 and T = 250. The power properties investigated in the 
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previous section indicate that there is a large advantage to using the fixed over the 

random parameter space; however, the gap closes when increasing the sample size from 

T = 100 to T = 250. This finding leads to the recommendation that the random parameter 

space should be used when the length of data series is not too short because the 

improvement in size property vastly outweighs the decrease in power property. If only a 

short data series is available researchers are encouraged to incorporate the size results 

when selecting the level of significance and the fixed verses the random parameter space 

when employing the Gonzalo and Pitarakis (2002) and Seo (2008) methodology to test 

the null hypothesis of a unit root against the alternative of a stationary threshold process. 

It is suggested that researchers favour a smaller level of significance when employing the 

combined Gonzalo and Pitarakis (2002) and Seo (2008) methodology with the fixed 

parameter space since the Monte Carlo results indicate that the power properties are good 

while being oversized. This is especially the case when the consequence of making a type 

I error is large.  

 

Table 3.19:  Size using ‘Daily’ Data of Sample Sizes T = 100 and T = 250 using the  

                     Fixed Parameter Space 

 Random GARCH    Random GARCH  
         

T =100, λ = AIC      T = 100, λ =BIC    

Level w/ Constant 0.145 0.220   Level w/ Constant 0.110 0.185  

Level w/ Trend 0.345 0.375   Level w/ Trend 0.155 0.310  

GLSD w/ Constant 0.120 0.150   GLSD w/ Constant 0.110 0.125  

GLSD w/ Trend 0.220 0.290   GLSD w/ Trend 0.135 0.245  
         

         

T =250, λ = AIC     T = 250, λ =BIC    

Level w/ Constant 0.155 0.285   Level w/ Constant 0.125 0.175  

Level w/ Trend 0.365 0.435   Level w/ Trend 0.175 0.285  

GLSD w/ Constant 0.105 0.190   GLSD w/ Constant 0.075 0.140  

GLSD w/ Trend 0.220 0.305   GLSD w/ Trend 0.120 0.195  
         

NOTE: Size at 5 percent level of significance for the DGP detailed in equation (12) with sample sizes           

T = 100 and T = 250 for ‘daily’ data using a block length of b = 6. The results are separated by penalty 

term (λ = AIC and λ = BIC); level / GLSD data; and constant / trend.  
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Table 3.20:  Size using ‘Daily’ Data of Sample Sizes T = 100 and T = 250 using the  

                     Random Parameter Space 

 Random GARCH    Random GARCH  
         

T =100, λ = AIC      T = 100, λ =BIC    

Level w/ Constant 0.045 0.130   Level w/ Constant 0.055 0.095  

Level w/ Trend 0.185 0.175   Level w/ Trend 0.065 0.200  

GLSD w/ Constant 0.045 0.070   GLSD w/ Constant 0.045 0.085  

GLSD w/ Trend 0.120 0.135   GLSD w/ Trend 0.055 0.135  
         

         

T =250, λ = AIC     T = 250, λ =BIC    

Level w/ Constant 0.070 0.165   Level w/ Constant 0.065 0.090  

Level w/ Trend 0.170 0.260   Level w/ Trend 0.085 0.170  

GLSD w/ Constant 0.050 0.110   GLSD w/ Constant 0.025 0.070  

GLSD w/ Trend 0.085 0.160   GLSD w/ Trend 0.065 0.105  
         

NOTE: Size at 5 percent level of significance for the DGP detailed in equation (12) with sample sizes          

T = 100 and T = 250 for ‘daily’ data using a block length of b = 6. The results are separated by penalty 

term (λ = AIC and λ = BIC); level / GLSD data; and constant / trend.  

 

 

Table 3.21:  Size using ‘Weekly’ Data of Sample Sizes T = 100 and T = 250 using the  

                     Fixed Parameter Space 

 Random GARCH    Random GARCH  
         

T =100, λ = AIC      T = 100, λ =BIC    

Level w/ Constant 0.200 0.220   Level w/ Constant 0.100    0.170  

Level w/ Trend 0.350 0.325   Level w/ Trend 0.200    0.260  
GLSD w/ Constant 0.140 0.145   GLSD w/ Constant 0.090    0.165  

GLSD w/ Trend 0.255 0.245  
 

GLSD w/ Trend 0.125    0.240 
 

         

         

T =250, λ = AIC     T = 250, λ =BIC    

Level w/ Constant 0.125 0.225   Level w/ Constant 0.125    0.095  

Level w/ Trend 0.275 0.385   Level w/ Trend 0.165    0.205  

GLSD w/ Constant 0.095 0.120   GLSD w/ Constant 0.095    0.110  
GLSD w/ Trend 0.175 0.225   GLSD w/ Trend 0.110    0.150  
         

NOTE: Size at 5 percent level of significance for the DGP detailed in equation (12) with sample sizes         

T = 100 and T = 250 for ‘weekly’ data using a block length of b = 6. The results are separated by penalty 

term (λ = AIC and λ = BIC); level / GLSD data; and constant / trend.  
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Table 3.22:  Size using ‘Weekly’ Data of Sample Sizes T = 100 and T = 250 using  

                     the Random Parameter Space 

 

 Random GARCH    Random GARCH  
         

T =100, λ = AIC      T = 100, λ =BIC    

Level w/ Constant 0.095 0.105   Level w/ Constant 0.035 0.085  

Level w/ Trend 0.170 0.185   Level w/ Trend 0.100 0.155  

GLSD w/ Constant 0.060 0.080   GLSD w/ Constant 0.035 0.075  

GLSD w/ Trend 0.125 0.085  
 

GLSD w/ Trend 0.055 0.120 
 

         

         

T =250, λ = AIC     T = 250, λ =BIC    

Level w/ Constant 0.060 0.120   Level w/ Constant 0.045 0.055  

Level w/ Trend 0.150 0.255   Level w/ Trend 0.085 0.130  

GLSD w/ Constant 0.040 0.065   GLSD w/ Constant 0.035 0.055  

GLSD w/ Trend 0.070 0.110   GLSD w/ Trend 0.065 0.095  
         

NOTE: Size at 5 percent level of significance for the DGP detailed in equation (12) with sample sizes         

T = 100 and T = 250 for ‘weekly’ data using a block length of b = 6. The results are separated by penalty 

term (λ = AIC and λ = BIC); level / GLSD data; and constant / trend.  

 

3.4 Recommendations for Applied Econometricians 

This chapter concludes by making recommendations on the optimal input variables for 

researchers choosing to employ the combined Gonzalo and Pitarakis (2002) and Seo 

(2008) methodology using the results from the Monte Carlo analysis.  

 The first recommendation pertains to the penalty term (λ). The results from the 

correct decision frequency narrow down the potential penalty terms to λ = BIC and          

λ = AIC meaning researchers should not choose to use λ = BIC2 or MAXF with the 

combined Gonzalo and Pitarakis (2002) and Seo (2008) methodology. There are several 

benefits to using λ = BIC over λ = AIC including a higher correct decision frequency for 

‘daily’ data with an underlying daily DGP that contains m = 1 threshold and a slight 

improvement to size and power which is especially apparent for the latter when T = 100. 

The benefit to using λ = AIC is it has a higher correct decision frequency for ‘daily’ data 

with an underlying daily DGP that contains m = 2 thresholds. Given that there are 

advantages to both λ = BIC and λ = AIC, researchers are encouraged to employ both 
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penalty terms. When the results concur, the researcher can have confidence in the 

decision. When the results do not concur, the researcher should use the sample size (T) in 

combination with the consequences of over or under segmenting and making a type I or a 

type II error to reach a decision while keeping in mind that the AIC tends to over segment 

when the underlying DGP contains m = 1 threshold and BIC tends to under segment 

when the underlying DGP contains m = 2 thresholds. This recommendation does not hold 

when using ‘weekly’ data with an underlying DGP is ‘daily.’ This is because λ = BIC has 

a higher correct decision frequency than λ = AIC for ‘weekly’ data with an underlying 

‘daily’ DGP that contains either m = 1 or m = 2 thresholds. This means that all three 

properties for λ = BIC are better than λ = AIC indicating that the best penalty term for 

‘weekly’ data is λ = BIC; hence, researchers are encourage to employ λ = BIC when 

using data that has a longer frequency than the underlying DGP. 

 The second recommendation pertains to the decision between the fixed and the 

random parameter space. The fixed parameter space has better power properties than the 

random parameter space while the random parameter space has better size properties than 

the fixed parameter space. This leads to several recommendations. If the length of the 

data series is not too short, it is recommended that the random parameter space be used 

because the improvement in size vastly outweighs the worsening of power. If the length 

of the data series is short it is still recommended that the random parameter space be used 

unless the consequence of making a type II error is very large. If the fixed parameter 

space is used it is suggested that researchers favour a smaller level of significance when 

employing the combined Gonzalo and Pitarakis (2002) and Seo (2008) methodology 

since the Monte Carlo results indicate that the power properties are good while being 
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oversized. This is especially the case when the consequence of making a type I error is 

large.  

 The third recommendation pertains to the decision on the use of GLSD or level 

data.  This chapter investigates GLSD data because Cook (2007) found GLSD data to 

have better power properties than the level data series for the MTAR specification of 

Enders and Siklos (2001). The results from the Monte Carlo simulations indicate that 

GLSD data has a slightly higher correct decision frequency and slightly better size 

properties than the level data; however, GLSD data has slightly worse power properties 

than the level data which contradicts Cook (2007). Potential causes for this contradiction 

include: Cook (2007) employed a different underlying DGP than that employed in this 

chapter; Cook (2007) tested the null hypothesis of a unit root against an MTAR 

alternative using the φ and tMax test statistics provided by Enders and Siklos (2001) while 

this paper employs Seo (2008) to test the null hypothesis of a unit root; and Cook (2007) 

investigated MTAR while this chapter investigates TAR. Given that GLSD data provides 

a slight improvement in the correct frequency and size in exchange for a slight decrease 

in power and a more complicated interpretation of the threshold values (τj), there is no 

reason to recommend GLSD over level data except in the situation where the 

consequences of making a type I error are very large. This recommendation holds for 

both ‘daily’ and ‘weekly’ data.  

 The fourth recommendation pertains to the decision on the deterministic 

components. The Monte Carlo simulations do not provide enough evidence to 

recommend that a constant and trend be incorporated when the underlying DGP contains 

only a constant. Researchers are encouraged to use the same criteria to select the 
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deterministic components for the combined Gonzalo and Pitarakis (2002) and Seo (2008) 

methodology as they would use to determine the determinist components for the DF or 

Augmented DF (ADF) unit root tests, namely an ocular inspection of the data plot.  

 The final two recommendations pertain to the data series. First, the properties of 

the combined Gonzalo and Pitarakis (2002) and Seo (2008) methodology for the sample 

size T = 250 are better than for T = 100; hence, researchers are encouraged to use longer 

data series when possible. Second, the properties of the combined Gonzalo and Pitarakis 

(2002) and Seo (2008) methodology do not indicate that the results for ‘weekly’ data are 

invalid, with the main disadvantage being that ‘weekly’ data decreases the correct 

frequency decision in comparison to ‘daily’ data. The power and the size are not overly 

affected when using ‘weekly’ data; however, it is important to keep in mind the Monte 

Carlo results presented in this chapter employ data series that fix the number of 

observations (T); hence, the length of time covered by the data series increases by 

fivefold when moving from ‘daily’ to ‘weekly’ data and holds the underlying DGP 

constant. When using real world data covering a longer length of time there is a higher 

probability that the underlying DGP has changed, which may adversely affect the 

properties Gonzalo and Pitarakis (2002) and Seo (2008) methodology by more than the 

results reported in this chapter.  

 Overall, the combined Gonzalo and Pitarakis (2002) and Seo (2008) methodology 

performs well and is suited for application to real world time series. The properties of the 

methodology depend on the input variable decisions; hence, they should be chosen using 

the information on the correct decision frequency, power, and size from this chapter.  
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Chapter 4   

 

Application: Is there a Global Relationship across Crude  

Oil Benchmarks? 

 

4.1  Introduction 

“What, exactly, is the price of crude oil?” This question is posed as the title to a recent 

article from The Economist (2011). It reflects a sentiment echoed by traders, index funds, 

hedgers, bloggers, gasoline consumers, futures exchanges, and policy makers in recent 

months and stems from the reversal in price premium between the two main global crude 

oil benchmarks – the WTI and the Brent. Historically the WTI has traded at a premium 

over the Brent; however, in recent months the Brent has been trading at premium over the 

WTI, with the premium being larger (in absolute terms) than any of the discounts or 

premiums ever before. Figure 4.1 highlights the extent and magnitude of the price 

premium reversal by depicting the daily WTI–Brent spread from 1990 through 2011. By 

comparing the spread to the horizontal line it is clear that until the very end of the time 

period the WTI traded for a premium over the Brent.  

The recent reversal in spread is both unprecedented and extreme. The most 

common explanations for the reversal of relative price positions are: logistical constraints 

at Cushing, Oklahoma which is the delivery point for the WTI crude oil futures contract; 

price movements reflecting local rather than global supply and demand; and tension in 

the Middle East (Fattouh, 2011). The future of the spread between the WTI and the Brent 

remains unknown, with some industry members believing that the spread will widen, 

others believing that the spread will reach parity by the summer of 2012 (ICE Futures 

Europe, 2011), while still others believe that the spread will reach parity in several years 
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(Bank of Canada, 2011). In the meantime, the question remains – “What, exactly, is the 

price of crude oil?”  

 

Figure 4.1:  Daily Spread between the WTI and Brent Spot Price from 01/01/1990 –  

                   12/10/2011 

 

  

The purpose of this chapter is to empirically examine the relationships and 

dynamics between the price of the three main crude oil benchmarks, namely the WTI, the 

Brent, and the Oman. Threshold cointegration is applied to determine whether the pairs 

of spatially separated spot price series are tied together by a long run relationship and to 

determine which of the series move to restore the long run relationship. The WTI and the 

Brent are included in the analysis because they are well known crude oil benchmarks 

while the Oman is included because it is increasing in popularity and has the potential to 

become the main crude oil benchmark for Asian markets (Barbajosa, 2010). Due to 

arbitrage, it is expected that the series are cointegrated; however, there are transaction 

costs associated with arbitrage that include the cost of transportation, pipeline fees, and 

tariffs. Differences in quality between crude oil benchmarks must also be taken into 
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account. For periods of time in which the transaction costs plus the quality discount (or 

minus the quality premium) are less than the gains from arbitrage the price in the 

spatially separated markets may diverge; however, once the gains from arbitrage exceed 

the transaction costs the prices move back toward their long run relationship. Threshold 

cointegration incorporates the role of transaction costs by allowing the cointegrating 

relationship to be dormant or modest until the system exceeds a critical upper or lower 

threshold which triggers the cointegrating relationship and restores the long run 

relationship. 

 Threshold cointegration has been used to investigate spatial market integration for 

many different commodities including: crude oil spreads (Fattouh, 2010); crude oil 

(Hammoudeh, Ewing & Thompson, 2008); natural gas (Park, Mjelde & Bessler, 2007); 

heavy oil and petroleum products (Lanza, Manera & Giovannini, 2005); vegetable oil and 

diesel (Peri & Baldi, 2010); corn and soybeans (Goodwin & Piggott, 2001); dairy 

products (Awokuse & Wang, 2009); pork (Meyer, 2004); apples (Goetz & von Cramon-

Taubadel, 2008) and pepper (Sephton, 2011). One of the primary limitations of previous 

studies is that most have an upper limit of M = 1 threshold. This eliminates the possibility 

of a neutral band, termed band-TAR by Balke and Fomby (1997), which is a regime in 

which arbitrage opportunities exist, but the gains from arbitrage do not outweigh the 

transaction costs plus the quality discount (or minus the quality premium).  

This chapter extends previous research on spatial market integration by 

employing the combined methodology by Gonzalo and Pitarakis (2002) and Seo (2008) 

that is described in Chapter 2 to estimate the thresholds (τj) and the number of thresholds 

(m) in the TAR specification for pairs of spatially separated price series. This chapter 
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also builds on previous research by incorporating the Oman and is the first study to 

investigate which of the crude oil benchmarks adjust to restore the long run equilibrium, 

if one exists. The results of the threshold cointegration analysis and threshold ECMs 

provide insight into the question, “What, exactly, is the price of crude oil?” The analysis 

in this chapter includes daily data from January 1, 2008 through October 12, 2012 which 

includes over six months of data after the reversal in price premium between the WTI and 

the Brent. 

The results of this chapter are integral to this thesis because they are used to 

determine which of the three series best represents the crude price in North America, 

which is the upstream price in the fifth chapter that investigates vertical price 

transmission between crude, rack, and retail gasoline prices in the North American oil 

and gasoline industry. Since the rack and retail price series used in Chapter 5 to 

investigate the vertical price transmission are from cities in North America, it would 

seem to be logical to adopt the WTI as the crude price since its delivery region is located 

in North America. Given the recent reversal in price premium, it is plausible, or even 

expected, that the crude oil spot price relationships have changed meaning that it may no 

longer be appropriate to use the WTI as the crude price because the Brent may now be 

the global benchmark. Since it would have been appropriate to adopt the WTI previously, 

the relationships are investigated using two price pairings. The first price paring is the 

WTI and Brent (WTI-Brent) and the second price paring is the WTI and Oman         

(WTI-Oman). The decision to investigate price pairings follows: Park, Mjelde, and 

Bessler (2007) who investigate the natural gas market in North America; Sephton (2003) 

and Goodwin and Piggott (2001) who investigate corn and soybean markets in North 
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Carolina; and Lo and Zivot (2001) who investigate consumer price indices (CPI) across 

the United States (US). 

The results of this chapter are of particular interest to central banks such as the 

Bank of Canada who incorporate the price of crude oil into CPI calculations and global 

growth projections (Bank of Canada, 2011). The reversal in price premium has increased 

the importance of the decision about which price series to use as the price of crude oil 

because incorporating the WTI when it should be the Brent or vice versa results in 

different CPI calculations and global growth projections. 

The remainder of this chapter is organized as follows. The next section provides a 

description of the data. The chapter proceeds to section 4.3 which presents the 

methodological steps used to investigate the relationships between the three leading 

spatially separated benchmarks for the price of crude oil. Section 4.4 presents the results 

in a numerical and graphical format and provides a discussion of the results. The chapter 

concludes by linking the results to the opening question, “What, exactly, is the price of 

crude oil?” 

 

4.2  Data  

The daily closing spot price is used to analyze the spatial price transmissions between the 

three main crude oil benchmarks, namely the WTI, the Brent, and the Oman. The WTI is 

a light
4
 sweet

5
 crude oil futures contract traded on the New York Mercantile Exchange 

                                                   
4 Crude oil is classified as light or heavy based on its density. Light crude oil has a low density and yields a 

larger proportion of higher value products than heavy crude oil using a simple refining process. Heavy 
crude oil can yield the same proportion of higher value products by using a complex and more costly 

refining process (Fattouh, 2011). 
5 Crude oil is classified as sweet if it contains a low sulfur content while crude oil is referred to as sour if it 

contains a high sulfur content. A high sulfur content is undesirable because refiners must remove the sulfur 

which requires a heavy investment in the refining process (Fattouh, 2011). 
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(NYMEX) which is part of the Chicago Mercantile Exchange Group (CME Group). The 

delivery point for the WTI is free on board (FOB) Cushing, Oklahoma (CME Group, 

2011). The Brent is a futures contract traded on IntercontinentalExchange (ICE). It is also 

a light sweet crude oil futures contract, but it is not as light as the WTI. The delivery 

point for the Brent is FOB Sullom Voe (ICE, 2011). The Oman is a sour crude futures 

contract traded on the Dubai Mercantile Exchange (DME) and the delivery point is FOB 

Mina Al Fahal Terminal, Oman (DME, 2011). The annual trade volume in 2010 for the 

WTI, Brent, and Oman traded on the NYMEX, ICE, and DME are 168,652,141; 

100,051,669; and 744,727 contracts, respectively (Acworth, 2010). Additionally, 

46,393,671 WTI contracts were traded on the ICE (Acworth, 2010). The contract unit for 

the WTI, Brent, and Oman is 1,000 US barrels and their trading unit is US dollars per 

barrel. This means the prices from the three main crude oil benchmarks can be compared 

directly and do not need to be modified to account for exchange rates or units.   

Daily spot price data for the WTI and the Brent are collected from January 1, 

2008 through October 12, 2011 from the Commodity Research Bureau Database (CRB) 

while the data for the Oman is collected from Datastream. The WTI and Brent were listed 

in the 1980s; however, the Oman is the limiting price series when establishing the time 

period under investigation because it was only listed on the DME in the summer of 2007. 

The trade volume for the WTI and the Brent are much higher than the Oman; however, 

the Oman’s trade volume has been increasing with time. Each of the three series include a 

price for Monday through Friday of each week. Any date for which there was not an 

observation due to local market closings in one or more of the series is deleted. A graph 

of the spot prices for the WTI, Brent, and Oman during the period of time from January 



-75- 

 

1, 2008 through October 12, 2011 is presented in Figure 4.2. For the majority of the 

period of time under investigation the WTI trades at a premium over the Brent and the 

Oman. The price premium reverses in 2011 and continues until the end of the data series.  

 

Figure 4.2:  Daily WTI, Brent, and Oman Spot Price from 01/01/2008 – 12/10/2011 

 

                   Legend: WTI = Green ; Brent = Blue ; Oman = Black 

 

 

The summary statistics for the WTI, Brent, and Oman are presented in Table 4.1. 

The average price for the WTI is $83.26 which is lower than the average price for the 

Brent which is $86.02 and the Oman which is $83.91, while the median price for the WTI 

is $81.52 which is higher than the Oman which is $80.02 and only slightly lower than the 

Brent which is $81.68. The range in price is the highest for the WTI followed by the 

Brent and the Oman while the standard deviation is the highest for the Brent followed by 

the Oman and the WTI.  
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Table 4.1:  Summary Statistics for Daily WTI, Brent, and (WTI-Brent) Spot Prices  

  01/01/2008 – 12/10/2011 

  WTI Brent Oman  

U
S

 D
o
ll

ar
s 

/ 
B

ar
re

l Mean 83.264 86.023 83.906 

Median 81.520 81.680 80.020 

Minimum 30.280 33.730 36.640 

Maximum 145.310 143.950 141.350 
Std Dev 22.556 24.825 23.092 

CV 0.271 0.289 0.275 

Skewness 0.212 0.057 0.076 

Kurtosis 3.086 2.226 2.433 
     

NOTE: Summary statistics for the level value of the daily WTI, Brent, and Oman spot price. There are no 

observations on Saturdays or Sundays.  Any date for which there is not an observation for all three series is 

deleted. There are 951 observations in the sample from 01/01/2008 – 12/10/2011.  

 

4.3  Methodology 

This section outlines the methodology used to investigate the relationships between the 

three leading spatially separated benchmarks for the price of crude oil, namely the WTI, 

Brent, and Oman. The methodology incorporates threshold cointegration analysis and 

threshold ECMs to answer two primary research questions, the first being to determine 

whether the series are tied together by a long run relationship and the second being to 

determine which of the series move to restore the long run relationship.  

There are several independent and sequential steps to answering the two primary 

research questions. The first step is to determine the order of integration of the WTI, 

Brent, and Oman. This is necessary because the definition of cointegration stipulates that 

two I(d) series, Yt and Xt are cointegrated if they are tied together by a long run 

relationship such as Yt = δ1 + δ2Xt + εt where εt is I(d-1). If the series are not integrated of 

the same order then, by definition, they are not cointegrated and a TAR specification 

need not be estimated to answer the primary research questions. Three tests are used to 

evaluate the order of integration: the ADF unit root test (Dickey and Fuller, 1979; 1981); 

the GLS ADF unit root test whose power is better than the ADF unit root test (Elliott, 
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Rothenberg & Stock, 1996); and the efficient fractional DF (EFDF) unit root test (Lobato 

& Velasco, 2007) which allows for fractional alternatives. The critical values for the 

EFDF unit root test are simulated following Sephton (2009). If the tests fail to reject the 

null hypothesis that the level series contains a unit root the same tests are performed on 

the differenced price series to determine whether each price series is first difference 

stationary. The maximum lag length is determined by rounding up T
1/3

 with the optimal 

lag length for the ADF and the EFDF unit root tests being determined by the 

minimization of the AIC. If the series are found to be integrated of the same order the 

next step is to estimate the cointegrating regression found in equation (1) from Chapter 2 

after which the combined methodology by Gonzalo and Pitarakis (2002) and Seo (2008) 

is used to select the threshold values (τj), the number of thresholds (m), and to test the 

null hypothesis of a unit root against the alternative of a stationary threshold process 

using p-values simulated using a residual-based block bootstrap.  

 The input variable selection for equations (5) through (10) from the combined 

Gonzalo and Pitarakis (2002) and Seo (2008) methodology described in Chapter 2 are 

selected using results from the Monte Carlo simulations in Chapter 3 and standard 

econometric and industry practice. The input variables whose notation lines up with that 

in Chapters 2 and 3 are as follows: threshold indicator variable (qt-d =   ̂  ); maximum 

delay parameter (D = 10 or two weeks of Monday through Friday data); maximum order 

for the lagged dependent variable (R = T
1/3

 = 10); number of threshold values to be 

considered (n = 51); minimum percentage of observations that fall outside of the 

threshold boundaries (pct = 0.15); minimum number of observations within each regime 

(mobs =  50); maximum number of thresholds (M = 3); bootstrap based on the random 
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parameter space ( ); and model selection criteria (λ = BIC and λ =AIC). The 

cointegrating regression is normalized on the WTI price series for the two price pairings, 

WTI-Brent and WTI-Oman, where all three price series are the level, not GLSD price 

series based on the results from Chapter 3. A trend is incorporated because Figure 4.2 

indicates that each of the price series contain a slight upward trend.  

After selecting the thresholds (τj) and the number of thresholds (m) using the 

optimal choice of threshold variable (qt-d =   ̂  ) the null hypothesis of a unit root against 

the alternative of a stationary threshold process is tested using the residual-based block 

bootstrap outlined by Seo (2008). Lagged dependent variables are added to “whiten” the 

covariance matrix. The order of the lagged dependent variable is that which is selected in 

the previous step, with the maximum order for the lagged dependent variable being         

R = T
1/3

 = 10.
  
The methodology outlined by Seo (2008) is selected because it has higher 

power than the ADF unit root test when the alternative is a stationary threshold 

autoregression. If the combined Gonzalo and Pitarakis (2002) and Seo (2008) 

methodology determines that the best model does not contain a threshold, the ADF test is 

used to test the null hypothesis of a unit root because it has more power when the 

alternative is a stationary linear process (Seo, 2008). If the null hypothesis of a unit root 

is not rejected, the answer to the first and second research questions are trivial because 

this finding would indicate that the series are not tied together by a long run relationship; 

hence, none of the series adjust to restore the long run equilibrium. In addition to testing 

the null hypothesis of a unit root jointly across all regimes, the null hypothesis of a unit 

root is tested for each individual regime. This gives insight into whether a long run 

equilibrium exists across all regimes or if the phenomena of band-TAR, as introduced by 
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Balke and Fomby (1997), exists. If band-TAR exists, the spot prices are free to diverge 

until the threshold indicator variable,   ̂  , is squeezed or stretched beyond a lower or 

upper threshold. 

The second primary research question investigates which of the spot price series 

adjust to restore the long run equilibrium when the system is out of balance. When the 

null hypothesis of a unit root is rejected in favour of the alternative, this question is 

answered by estimating the threshold ECM in equation (13) which extends the general 

threshold ECM in equation (3) by incorporating the m+1 threshold values (τj), and delay 

parameter (d), while allowing the error terms (             ) to follow the Glosten, 

Jagannathan and Runkle (GJR)-GARCH(1,1) specification (1993). The GJR-

GARCH(1,1) specification is selected so that leverage effects can be investigated. The 

lag length g in the threshold ECM is selected based on the minimization of the BIC with 

a maximum lag length of G = 4. The coefficient estimates on the lagged cointegrating 

residuals (    ,and     ) are used to determine which series adjust to restore the long run 

equilibrium when the system is out of balance. The test statistics for the parameters are 

based on heteroscedasticity consistent covariance matrices.  

 

    ∑           ̂  
   
    ∑           

 
   

∑               
 
                        (13) 

    ∑           ̂  
   
    ∑           

 
   

∑               
 
         

where 

Yt  is the WTI spot price  

Xt is the Brent or the Oman spot price  
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     is the Heaviside indicator function for the TAR specification:  

   1 if      ≤ τj and 0 otherwise for j = 1     

    if              and 0 otherwise for j = 2, …, m 

         1 if       > τj and 0 otherwise for j = m+1 

qt-d =   ̂   is the threshold indicator variable 

  ̂   is the lagged residual from the cointegrating regression  

d is the delay parameter on the indicator variable 

    , and       are the adjustment parameters for j = 1 through m+1  

      follows a GJR-GARCH(1,1) process for h = 1 and 2 

 

The conditional variance equation for GJR-GARCH(1,1) following standard notation is 

found in equation (14) and assumes the conditional distribution is normal. The coefficient 

estimate on the GJR component (αh,2) of the GJR-GARCH(1,1) process allows leverage 

effects to be investigated (Glosten, Jagannathan & Runkle, 1993). If the null hypothesis 

that αh,2 = 0 is rejected in favour of the alternative that αh,2 > 0 then the volatility and price 

changes are negatively correlated and a leverage effect exists. 

 

     
               

            
       

          
                                        (14)         

where 

       is the residual from the threshold ECM in equation (13) 

     
  is the conditional variance 

     
  is a dummy variable = 1 if      < 0 and zero otherwise 

          Ij,t = 
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4.4  Results and Discussion 

This section presents the results in the same order that the methods were presented. The 

first table presents the findings from the three tests used to evaluate the order of 

integration of the WTI, Brent, and Oman spot price series. The second table and first 

figure provide the results for the TAR specification estimated using the combined 

Gonzalo and Pitarakis (2002) and Seo (2008) methodology and the second figure depicts 

the Heaviside indicator function  (Ij,t ̂t-1). The third table presents the results for the 

threshold ECM. These results are used to determine which of the three series best 

represents the crude price in North America. This series will be used as the upstream 

price in the fifth chapter that investigates vertical price transmission between crude, rack, 

and retail gasoline prices in the oil and gasoline industry in North America. 

 

4.4.1  Order of Integration 

The results from the ADF, GLS-ADF, and EFDF unit root tests for the level and 

differenced price series for the WTI, Brent and Oman are presented in Table 4.2. The unit 

root tests on the level series include a constant and trend while the unit root tests on the 

differenced series include only a constant. All three unit root tests indicate the null 

hypothesis, the series contains a unit root, should not be rejected in favour of the 

alternative hypothesis at five and ten percent levels of significance. The unit root test 

results from the level series provide evidence that the WTI, Brent, and Oman are 

integrated of an order greater than zero. All three unit root tests indicate the null 

hypothesis, the differenced series contains a unit root, should be rejected in favour of the 

alternative hypothesis for each of the differenced price series at five and ten percent 
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levels of significance, with the sole exception of the ADF unit root test for ΔOman which 

rejects the null hypothesis at a 10 percent level of significance. Together, the ADF, GLS 

ADF and EFDF unit root tests provide evidence that each spot price series is I(1); hence, 

the dependent and independent variables in the cointegrating regression are integrated of 

the same order. This finding concurs with Maslyuk and Smyth (2008) who find the Brent 

and WTI to be I(1).  

 

Table 4.2: Unit Root Tests for WTI, Brent and Oman Spot Price  

 01/01/2008 – 14/03/2011 

 WTI ΔWTI   Brent   ΔBrent  Oman ΔOman 
         

ADF -1.641 -31.643*,**  -1.048 -29.329*,**  -1.072 -30.612** 

GLS-ADF -1.356 - 7.692*,**  -1.129 - 3.671*,**  -1.270 - 1.832*,** 

EFDF  0.876 14.239*,**   1.510 -12.392*,**   1.445 -11.513*,** 
         

NOTE: Results for three unit root tests with a null hypothesis of a unit root and a maximum lag length of 
T1/3 = 10 to whiten the covariance matrix. Critical values for the GLSD ADF test follow Table 1 in Elliott, 

Rothenberg, and Stock (1996). The alternative hypothesis for the EFDF test allows for fractional 

alternatives and the critical values are simulated following Sephton (2009). The AIC method is used to 

select the lag lengths for the ADF and EFDF unit root tests. Significance at α = 0.05 and 0.10 denoted by 
*and **, respectively. 

 

 

 

4.4.2  Results for TAR Specification and Threshold ECM 

The results for the m thresholds (τj), m + 1 parameters (ρj), delay parameter (d), and Seo 

test statistic are presented in Table 4.3 for both λ = AIC and λ = BIC following the 

recommendation from Chapter 2. The results for λ = AIC and λ = BIC are identical; 

hence, there is a strong indication that the threshold values (τj) and the number of 

thresholds (m) presented in Table 4.3 have good properties. The results from Table 4.3 

are depicted graphically in Figure 4.3 and the Heaviside indicator function (      ̂  )  is 

depicted graphically in Figure 4.4.  
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 The results from the TAR specification provide several interesting insights into 

the global crude oil benchmarks. The first insight comes from the rejection of the null 

hypothesis of a unit root in favour of the alternative hypothesis of a stationary threshold 

process for both the WTI-Brent and Brent-Oman spot price pairings. This indicates that 

both pairs are cointegrated and are tied together by a long run relationship. The second 

insight is the tendency to move toward the long run equilibrium does not occur within 

regimes for which ρi is not significant in Table 4.3. This means that the tendency to move 

toward the long run equilibrium relationship does not occur in every time period. The 

regimes in which the tendency to move toward the long run equilibrium does not occur 

are identified with an x in Figures 4.3 and 4.4.  

For both the WTI-Brent and the WTI-Oman price pairings the bottom regime and 

the regime that is third from the bottom do not have a tendency to move toward the long 

run equilibrium. The finding that the regime third from the bottom does not have a 

tendency to move toward the long run equilibrium confirms the expectation of band-

TAR; however, it is somewhat troubling that the bottom regime is not moving toward the 

long run equilibrium because, unlike band-TAR, the results indicate that arbitrage 

opportunities exist in which the gains from arbitrage outweigh the transaction costs plus 

the quality discount (or minus the quality premium). Before becoming too troubled 

consider Figure 4.4. The gray shaded area represents the time period in which the price 

premium between the WTI and the Brent was reversed. Notice that only observations 

within the gray shaded area fall into the bottom regime. This means that in the period of 

time after the reversal in the price premium there is not a tendency for the WTI-Brent or 

WTI-Oman to move toward the long run equilibrium relationship, but for the period of 
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time before the reversal in the price premium, band-TAR prevailed. This result is 

comforting because it means that spatial arbitrage theory held for the majority of the time 

period under investigation.  

Given that the series are cointegrated across the entire sample, it is likely that a 

combination of turmoil in the Middle East and logistical constraints at Cushing, 

Oklahoma are impeding the ability to arbitrage. One specific culprit is the Seaway 

pipeline which is currently moving crude oil from the Gulf Coast to Cushing, Oklahoma. 

The reversal of the Seaway pipeline flow would reduce the stockpile of crude oil in 

Cushing, Oklahoma and would remove an impediment to arbitrage. It is anticipated that 

the flow of the Seaway pipeline will be reversed in the late spring of 2012 (Sethuraman, 

2012) after which it is likely that the relationship will revert back to band-TAR in which 

the spot prices are free to diverge until   ̂   is squeezed or stretched beyond a lower or 

upper threshold. Apart from reverting back to band-TAR, the results do not provide 

evidence as to whether the reversal in price premium is permanent or whether it will 

disappear once the impediments to arbitrage subside. 

The results from the TAR specification have answered the first primary research 

question; the WTI-Brent and the WTI-Oman spot price series are tied together by a long 

run relationship despite there being no tendency for the WTI-Brent or WTI-Oman to 

move toward the long run equilibrium in the period of time after the reversal in price 

premium. The second primary research question is to determine which of the series move 

to restore the long run relationship. This research question can be answered using the 

results from the threshold ECMs presented in Table 4.4. The threshold ECMs indicate 

that both the WTI and the Brent spot price series move to restore the long run equilibrium 
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in the WTI-Brent spot price pairing. In the WTI-Oman spot price paring the WTI moves 

to restore the long run equilibrium in the top regime while the Oman spot price series 

moves to restore the long run equilibrium in the second regime from the bottom. Despite 

the trading volume of WTI and Brent contracts vastly outnumbering the trading volume 

of Oman contracts, all three series move to restore the long run equilibrium in at least one 

regime for either or both of the WTI-Brent and WTI-Oman pairing. This indicates that 

none of the three price series can be considered the global benchmark for the price of 

crude oil. One additional insight from the threshold ECMs is that the GJR coefficient is 

significant for both the WTI-Brent and WTI-Oman spot price series. This means that a 

leverage effect exists; hence, the spot price volatility is higher when the spot prices are 

decreasing than when they are increasing.  
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Table 4.3:  Results from TAR Specification using Daily Data from 01/01/2008 –  

                   12/10/2011 

          λ = BIC             λ = AIC  
 

WTI-Brent        
Thresholds (τi) 

 

 

 
 

Seo Test Statistic  
 

Delay Parameter (d) 

 

-12.083,-4.839, -0.258  
   ρA = -0.004  

   ρB = -0.320 * 

   ρC =  0.017  

   ρD = -0.051* 
 

55.607* 
 

3 

 

-12.083,-4.839, -0.258  
   ρA = -0.004  

   ρB = -0.320 * 

   ρC =  0.017  

   ρD = -0.051 * 
 

55.607* 
 

3 
 

 

WTI-Oman 

Thresholds (τi) 

 

 

 

 
 

Seo Test Statistic  
 

Delay Parameter (d) 

 

 

-7.610, -3.859, 4.391 

   ρA = -0.019 

   ρB = -0.367* 

   ρC = -0.016 

   ρD = -0.237* 
 

61.094
*
 

 

7 

 

-7.610, -3.859, 4.391 

   ρA = -0.019 

   ρB = -0.367* 

   ρC = -0.016 

   ρD = -0.237* 
 

61.094
*
 

 

7 

 

    

NOTE: Results of TAR specification following the combined Gonzalo and Pitarakis (2002) and Seo (2008) 

methodology with a maximum of M=3 thresholds. The parameter for the region below the bottom threshold 

is ρA, the parameter for the region above the bottom threshold is ρB, and so forth.  Threshold boundaries set 

so that 15 percent of observations fall below τ and 15 percent of observations fall above  ̅. The maximum 

delay parameter is D = 10 (i.e., two, five day weeks). The order for the lagged dependent variable in the 

testing equation is selected using the BIC with a maximum lag length of R = T1/3 = 10. Critical values 

follow the residual-based block bootstrap methodology outlined by Seo (2008) with block length 6 and 200 

replications under the null. Significance at α = 0.05 is denoted by *.  If the level of significance with 200 
replications fell between 0.03 and 0.07 the residual-based block bootstrap was repeated with 800 

replications.
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Figure 4.3:  Graphical Representation of Results from TAR Specification using Daily Data from 01/01/2008 – 12/10/2011 with  

                    λ = BIC and λ = AIC    
 

                                                       Legend: Black =   ̂  ; Blue = Thresholds; x = band-TAR 

 
NOTE: Results of the TAR specification following the combined Gonzalo and Pitarakis (2002) and Seo (2008) methodology with a maximum of M = 3 

thresholds. Horizontal lines represent threshold values (τj). Red x indicates tendency to move toward the long run equilibrium does not occur within specified 

regime (i.e., ρj is not significant at α = 0.05). The parameter for the region below the bottom threshold is ρA, the parameter for the region above the bottom 

threshold is ρB, and so forth.  Threshold boundaries set so that 15 percent of observations fall below τ and 15 percent of observations fall above  ̅. The maximum 

delay parameter is D = 10 (i.e., two, five day weeks). The order for the lagged dependent variable in the testing equation is selected using the BIC with a 
maximum lag length of R = T1/3 = 10. Critical values follow the residual-based block bootstrap methodology outlined by Seo (2008) with block length 6 and 200 

replications under the null. If the level of significance with 200 replications fell between 0.03 and 0.07 the residual-based block bootstrap was repeated with 800 

replications. 
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Figure 4.4:  Graphical Depiction of Ij,t ̂t-1 using Daily Data from 01/01/2008 – 12/10/2011 with λ = BIC and  λ = AIC 

 

                01/01/2008 – 14/03/2011 

   
                 

NOTE: Figure depicts Ij,t ̂t-1 with the Heaviside indicator function (Ij,t) based on thresholds (τj) from TAR specification following the combined Gonzalo 

and Pitarakis (2002) and Seo (2008) methodology. The lagged cointegrating regression residuals in the region A correspond with I1,t = 1 (i.e.,      

  ) and the parameter ρA; the lagged cointegrating regression residuals in the region B correspond with I2,t = 1 (i.e.,           ) and the parameter ρB; 

regions C and D follow. Red x indicates the tendency to move toward the long run equilibrium does not occur within specified regime (i.e., ρj is not 

significant at α = 0.05). If the level of significance with 200 replications fell between 0.03 and 0.07 the residual-based block bootstrap was repeated with 

800 replications. 
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NOTE: Coefficient estimates and significance levels using standard errors based on a heteroscedasticity 

consistent covariance matrix for threshold ECMs with GJR-GARCH(1,1) errors. Heaviside indicator 

functions (Ij,t) are based on thresholds (τj) from the TAR specification following the combined Gonzalo and 

Pitarakis (2002) and Seo (2008) methodology with a maximum of M = 3 thresholds. Threshold boundaries 

set so that 15 percent of observations fall below τ and 15 percent of observations fall above  ̅. The maximum 

delay parameter is D = 10 (i.e., two, five day weeks). Lag length for the threshold ECMs selected using the 

BIC with a maximum lag length of G = 4. Significance at α = 0.05 is denoted by *. 
 

 

4.5  Concluding Remarks 

This chapter concludes by providing several remarks regarding the two primary research 

questions. The conclusion also makes a recommendation on which of the three price series 

best represents the crude price in North America, which is the upstream price in the fifth 

chapter that investigates vertical price transmission between crude, rack, and retail 

gasoline prices in the North American oil and gasoline industry. 

 The first primary research question was to determine whether the WTI, Brent, and 

Oman are tied together by a long run relationship. The combined methodology by Gonzalo 

and Pitarakis (2002) and Seo (2008) rejects the null hypothesis of a unit root in favour of 

the alternative of a stationary threshold process for both the WTI-Brent and the             

WTI-Oman spot price pairings indicating that they are tied together by a long run 

Table 4.4:  Results from Threshold ECMs for WTI-Brent and WTI-Oman for Data  

                   from 01/01/2008 – 12/10/2011 using λ = BIC and λ = AIC 

              WTI-Brent              WTI-Oman 

 Yt = WTIt X1 = Brentt   Yt = WTIt Xt = Oman 
       

IA,t ̂t-1 -0.008 -0.004  IA,t ̂t-1 -0.005   0.005 

IB,t ̂t-1 -0.153*   0.172*  IB,t ̂t-1 -0.13   0.197* 

IC,t ̂t-1  0.008 -0.002  IC,t ̂t-1   0.032   0.043* 

ID,t ̂t-1 -0.048   0.016  ID,t ̂t-1 -0.218*
 -0.037 

ΔBrentt-1   N/A -0.280*  ΔOmant-1   N/A -0.314* 

ΔWTIt-1   N/A   0.382*  ΔWTIt-1   N/A   0.547* 

ΔBrentt-2   N/A -0.125*  ΔOmant-2   N/A -0.018 

ΔWTIt-2   N/A   0.170*  ΔOmant-2   N/A   0.180* 

Constant ( )   0.088   0.025  Constant ( )   0.049   0.011 

ARCH   0.050*   0.041*  ARCH   0.047*   0.071*
 

GARCH   0.063   0.003  GARCH   0.034 -0.023 

GJR   0.903*    0.951*  GJR   0.927*   0.938* 
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relationship between January 1, 2008 and October 12, 2011; however, the recent reversal 

in price premium between the two main global crude oil benchmarks – the WTI and the 

Brent has resulted in a period of time in which the WTI-Brent and the WTI-Oman crude 

price series did not have a tendency to move toward the long run equilibrium relationship. 

The combined Gonzalo and Pitarakis (2002) and Seo (2008) methodology is crucial in 

reaching this conclusion because this findings would not have come about if the maximum 

number of thresholds had been restricted to M = 1 or M = 2.   

 The second primary research question was to determine which of the series move 

to restore the long run relationship. The results from the threshold ECM indicate that all 

three series move to restore the long run equilibrium in at least one regime for either or 

both of the WTI-Brent and WTI-Oman pairings. This means that the threshold ECM does 

not provide an answer to question posed in the first sentence of this chapter, “What, 

exactly, is the price of crude oil?” (The Economist, 2011). It is recommended that this 

chapter be replicated once the data series contain a larger proportion of observations in 

which the price premium is reversed. 

 Given the results of the first and second primary research questions it is clear that 

there is not enough evidence to recommend that either the Brent or Oman represent the 

crude price series in North America better than the WTI after the reversal in price 

premium. The data series employed in the fifth chapter ends prior to the price premium 

reversal; hence, it is recommended that the WTI spot price be used to represent the crude 

price series. If the data series employed in the fifth chapter was extended by six months to 

match the time series employed in this chapter, the recommendation would not change 
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because the threshold ECM does not provide evidence that either the Brent or Oman 

would be superior to the WTI.  

 The results of this chapter provide interesting insights into the global crude oil 

benchmarks but they do not provide insight into whether the reversal in price premium is 

permanent or whether it will disappear once impediments to arbitrage in the crude oil 

market subside. Once again, it is recommended that this chapter be replicated once the 

data series contain a larger proportion of observations after the initial reversal in the price 

premium. In the meantime, policy makers and regulators are encouraged to find ways to 

remove impediments to arbitrage in the crude oil market. Although it is not realistic to 

recommend that policy makers resolve tensions in the Middle East, policy makers should 

work toward removing logistical constraints at Cushing, Oklahoma. If the reversal of the 

direction of flow in the Seaway pipeline does not remove impediments to arbitrage it is 

recommended that regulators within the CME Group consider adding a second delivery 

region for the WTI in the Gulf Coast region of the US.   
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Chapter 5 

 

Application: Price Transmission in the Oil and Gasoline Industry - 

Markup Margins meet Rockets and Feathers 

 

5.1  Introduction  

Gasoline prices in North America hit an all-time high in 2008 with the annual national 

average price of regular gasoline at the pump reaching $3.27 per gallon in the United 

States (US) and $1.14 per litre in Canada (CA). This all-time high was surpassed in 2011 

with the average price exceeding that for 2008 by $0.26 per gallon in the US and $0.10 per 

litre in CA. One distinguishing difference between the prices in 2008 and 2011 is the range 

in prices. In 2008 the range was unprecedented and alarming. The weekly national average 

price for regular gasoline at the pump ranged between $1.61 and $4.11 per gallon in the 

US and $0.74 and $1.41 per litre in CA. The range in 2011 was much narrower, with the 

range being between $3.07 and $3.97 per gallon in the US and $1.13 and $1.36 per litre in 

CA (US Energy Information Administration, 2012; Natural Resources Canada, 2012).  

The combination of the recent increase in the price and volatility of retail gasoline, 

and the public availability of retail and crude oil prices has caused gasoline consumers and 

the popular press to question the relationship between the price of crude oil and the retail 

price of gasoline (Johnson, 2008; Roman, 2008). Tony Clement, the former Minister of 

Industry in Canada, summarized this sentiment with the statement, “All I know is the 

prices are going up and down and sideways and no one really knows why” (O’Meara, 

2011). In academic literature this sentiment is commonly referred to as an asymmetric 

relationship, defined as downstream prices having a non-symmetric response to changes in 

upstream prices (Honarvar, 2009b).  
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Empirical research spanning data between 1985 and 2009 (inclusive) provides 

mixed results on whether asymmetric relationships exist in the oil and gasoline industry. 

Of over forty articles published during the past two decades, approximately 65 percent 

conclude that asymmetries exist in the oil and gasoline industry. When restricting the 

sample to the 27 articles that investigate the oil and gasoline industry in North America, 

the percentage drops to 60. When further restricting the sample to the 21 articles published 

during the past decade, the percentage drops to 50. Authors have suggested the mixed 

results are caused by biases introduced from data aggregation, data frequency, and 

empirical methodology; nevertheless, given the mixed results, it is not possible to 

generalize the findings to today’s oil and gasoline industry. This alone makes the research 

question interesting. Additionally, there may be important policy implications if today’s 

oil and gasoline industry exhibits asymmetry. Of course, whether or not there are 

important policy implications depends on the nature of the asymmetry. 

Over the past twenty years several theoretical models have emerged to provide 

explanations for the popular finding of asymmetric relationships. Borenstein et al. (1997) 

suggest that asymmetries are due to the asymmetric nature of inventory adjustment costs, 

given that inventories cannot be negative. It follows that at some point, the marginal cost 

of decreasing inventories will increase substantially causing an asymmetric inventory 

adjustment cost. This explanation is based on a model by Reagan and Weitzman (1982) 

that found firms have a greater ability to respond to excess supply than excess demand, 

which results in a greater reaction of short run prices to excess demand than to excess 

supply.  
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Borenstein et al. (1997) argue that asymmetric inventory adjustment costs are more 

likely to explain asymmetry between the crude and the rack price than the rack and the 

retail price. When testing this theory, Peltzman (2000) found that proxies for inventory 

costs were not correlated with the degree of asymmetry across 77 consumer goods and 165 

producer goods. One weakness of this explanation is it does not incorporate the common 

practice of governments and international organizations selling inventories to dampen the 

effects of excess demand due to a supply disruption (Honarvar, 2009b). For example, on 

June 23, 2011 the Obama administration and the International Energy Agency announced 

they would each release one million barrels from emergency oil reserves per day for thirty 

days to offset the supply shock, hence excess demand, caused by the turmoil and unrest in 

Libya (Boyd, 2011). 

Another possible explanation proposed by Borenstein et al. (1997) is oligopolistic 

coordination. This explanation is a variant of the ‘trigger price’ model by Green and Porter 

(1984) with the focal price being the downstream price during the period of time 

immediately before an upstream price increase. This would allow downstream firms to 

sustain prices above competitive levels. The main weakness of this explanation is that the 

price immediately before the upstream price increase is only one of many possible focal 

prices; however, it is quite plausible that a downstream firm may continue to charge the 

same price even after a decrease in the upstream price until it notices a decrease in sales 

due to competing firms lowering their price. This is aided by the fact that sellers are not 

price takers and buyers are not perfectly informed. Borenstein et al. (1997) argue that 

oligopolistic coordination is more likely to explain asymmetry between the rack and retail 

price than the crude and rack price.  
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Another possible explanation is upstream price volatility. Borenstein et al. (1997) 

hypothesize that an increase in upstream price volatility decreases the expected payoff 

from searching in the downstream market because consumers are more likely to believe 

that an increase in the downstream price reflects a change in the upstream price during 

periods of high volatility. This results in a temporary decrease in elasticity of demand and 

a temporary increase in market power by the downstream firm, which increases the extent 

of asymmetry. This contradicts the findings of Peltzman (2000), Lewis (2004), and 

Radchenko (2005) who find a negative correlation between upstream price volatility and 

the extent of asymmetry. Radchenko (2005) proposes that the cause of the contradiction 

stems from the existence of two distinct mechanisms through which upstream price 

volatility impacts downstream prices - search theory and a breakdown of oligopolistic 

coordination. According to Radchenko (2005), the second mechanism outweighs the first. 

The impact of price volatility on asymmetry at different levels of the vertical supply chain 

depends on the mechanism through which upstream price volatility impacts downstream 

prices. 

The remaining explanations focus on search theory and the effect of a price change 

on search behaviour. Johnson (2002) suggests that price asymmetry may be the result of 

non-uniform search behavior and assumes that, upon the introduction of new information, 

consumers utilize Bayesian updating to adjust prior probabilities and price distributions. 

When the downstream price at a specific outlet increases, the consumer incorporates this 

new information into the prior probabilities and price distributions and searches for a 

lower price as long as the search costs are less than the expected gains. By searching for a 

lower price the consumer increases the demand at the lower priced outlets, which results in 
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an increase in price to meet the increased demand. When the price at an outlet decreases, 

the consumer does not search with the same intensity, which does not decrease the demand 

on higher priced outlets and results in asymmetry.  

Lewis (2004) introduces another explanation based on search behaviour, but 

assumes that expectations are based on the price in the previous period or a weighted 

average of several previous periods termed a reference price. Although the mechanism 

differs from Johnson (2002), the outcome is similar in that the model predicts consumers 

search more when the price is increasing and less when the price is decreasing. Other 

recent papers concur, including: Cabral and Fishman (2008); Tappata (2009); Yang and 

Ye (2008); and Lewis and Marvel (2011). Given that the expected gains from search 

increase with volume, it follows that search theory is more likely to explain asymmetry 

between the rack and retail price than the crude and rack price. 

The primary objective of this chapter is to empirically examine the relationships 

between the price of crude oil, rack, and retail gasoline in six cities across North America 

between 2008 and 2011 and determine whether asymmetries exist in the new era of 

reduced search costs stemming from global positioning system (GPS) units, websites such 

as www.gasbuddy.com and www.autos.msn.com, and free or nominally priced smart 

phone applications
6
 such as GasBuddy, FuelFinder, and iGasUp that display the current 

price of gasoline at specific retail locations. 

Two stages of the vertical supply chain are considered. The series of downstream 

and upstream prices in the first stage are the rack and crude prices, respectively. The 

                                                   
6 Retail gasoline prices listed on the GasBuddy and Fuel Finder application are user reported while the retail 

gasoline prices listed on iGasUp are provided by Oil Price Information Service (OPIS). The GasBuddy 

application is free while Fuel Finder costs $2.99 and iGasUp costs $0.99. Both GasBuddy and Fuel Finder 

provide prices for the US and CA while iGasUp only provides prices for the US. 
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downstream price in the second stage is the retail price while the upstream prices are the 

rack and crude price. The relationships are examined by employing a nonlinear TAR 

specification along with a threshold ECM with GJR-GARCH(1,1) errors to determine 

whether upstream and downstream prices share a long run equilibrium relationship across 

all sizes of markup margins and whether the speed of adjustment to the long run 

equilibrium differs systematically with the size of the markup margin. The GJR-

GARCH(1,1) specification allows leverage effects to be investigated. The results are 

compared across geographic location and sensitivities to the frequency of the data are 

investigated. 

This research differs from previous studies in several respects. First, it estimates 

the TAR specification and tests the null hypothesis of a unit root following the combined 

methodology by Gonzalo and Pitarakis (2002) and Seo (2002) described in Chapter 2 

which selects the optimal threshold values (τj), number of thresholds (m), and delay 

parameter (d). By allowing for more than a single threshold the new and unique finding of 

band-TAR emerges which is something previous research, allowing for only one 

threshold, has not able to consider. By endogenizing the delay parameter (d) the 

methodology provides insight into the markup margin used to set prices by the 

downstream firm.  Finally, the estimation incorporates city specific retail and rack price 

data with both a daily and weekly frequency that excludes all taxes at a federal, state or 

province, and local level for the recent period of high prices and volatility. Additionally, 

the data set incorporates data from the new era of reduced search costs stemming from 

GPS units, websites such as www.gasbuddy.com and www.autos.msn.com, and free or 
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nominally priced smart phone applications such as GasBuddy, Fuel Finder, and iGasUp 

that display the current price of gasoline at specific retail locations.  

The remainder of this chapter is organized as follows. The next section provides a 

review of empirical research employing cointegration techniques to study vertical price 

relationships and identify asymmetry in price relationships between upstream and 

downstream prices for various industries including: oil and gasoline; agriculture; and 

finance. Additionally, it provides a summary of the results from studies employing data 

from the oil and gasoline industry. A description of the data follows. The chapter proceeds 

by presenting the methodology, results, and a discussion of the results. The chapter 

concludes by identifying several policy implications.  

 

5.2  Empirical Techniques Used to Investigate Price Asymmetry  

Most empirical research employing cointegration techniques to study vertical price 

relationships in a commodity market have the primary goal of identifying whether price 

transmissions between various stages in the vertical supply chain are symmetric. The oil 

and gasoline subset of the commodity market, including this chapter, are not exceptions. 

One of the original definitions for asymmetry in the oil and gasoline industry was termed, 

“rockets and feathers” and addressed the common perception that the retail price of 

gasoline increased “like a rocket” in response to an increase in the price of crude oil, but 

decreased “like a feather” in response to a decrease in the price of crude oil (Bacon, 1991). 

Over time, the definition of asymmetry broadened to include asymmetry in the speed, 

magnitude, and pattern of price transmission. Prior to the Granger representation theorem 

(Granger, 1983; Engle & Granger, 1987), the empirical models used to investigate price 
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asymmetry include the asymmetric partial adjustment model
7
 developed by Bacon (1991) 

and the autoregressive distributed lag model
8
 based on Wolffram (1971). Neither of these 

models incorporated cointegration techniques. The application of the asymmetric partial 

adjustment model and the autoregressive distributed lag model were short lived, with the 

last empirical study to employ these models being published in 1994 and 1996, 

respectively.  

The replacement for the asymmetric partial adjustment model and the 

autoregressive distributed lag model was introduced by Granger and Lee (1989) and is an 

extension of the error correction representation for cointegrated variables that is rooted in 

the Granger representation theorem (Granger, 1983; Engle & Granger, 1987). Granger and 

Lee (1989) incorporated asymmetry into the error correction representation by dividing the 

lagged residuals from the cointegration regression found in equation (1) from Chapter 2 

into positive and negative values. Equation (1) is duplicated below with Yt and Xt being 

customized to the literature on asymmetry.  The asymmetric ECM investigates asymmetry 

in the speed of adjustment to the long run equilibrium relationship. The most basic form of 

the asymmetric ECM is found in equation (15).  

                                                   
7The asymmetric partial adjustment model extended the standard linear partial adjustment model to include a 

nonlinear term. The most basic form of the quadratic partial adjustment model is 

         (       )
   (       )     where Yt is the level value of the variable and YT is the 

equilibrium level of the variable, with the equilibrium level of choice variable being a function of various 

exogenous variables including the cost of inputs. For example, when estimating the quadratic partial 

adjustment model for the rack price of gasoline, the equilibrium level of the rack price of gasoline can be 

modeled as a function of the price of crude oil and a time trend (Shin, 1994). If α equals 0, price adjustments 

are symmetric and the quadratic partial adjustment model collapses on the linear partial adjustment model. If 

α and β are positive, the price adjustments are asymmetric and adjust more rapidly to cost increases than 

decreases. The opposite is true if α is positive and β is negative. 
8The autoregressive distributed lag model partitioned the independent variable into positive and negative 

price movements. The most basic form of the autoregressive distributed lag model used by Balabanoff 

(1993) and Shin (1994) is         
      

      where: ΔYt is the change in the downstream price (i.e., 

price of retail gasoline); ΔXt is the change in the upstream price (i.e., price of crude oil);    
  is the 

maximum of {ΔX,0}; and    
  is the minimum of {ΔX,0}. The coefficient estimates α and β can be used to 

establish the presence of asymmetry.    
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  Cointegrating Regression:                          (1) 

where 

 Yt is downstream price  

 Xt is the upstream price  

  

     ∑         
 
    ∑               ̂  

      ̂  
    

 
            (15) 

where 

 ΔYt is the change in the downstream price  

 ΔXt is the change in the upstream price  

  ̂   are the lagged residuals from the cointegrating regression  

   ̂   
  is the maximum of {  ̂  ,0} 

  ̂   
   is the minimum of {  ̂  ,0}  

   and    are the adjustment parameters 

 

The error correction terms   ̂   
  and   ̂   

  in equation (15) represent deviations 

from the long run equilibrium relationship between the upstream and downstream prices. 

The coefficients    and    represent the speed of adjustment to the long run equilibrium 

relationship. Given that   ̂   
  is defined as the maximum of {  ̂  , 0} and   ̂   

   is 

defined as the minimum of {  ̂  , 0}, the asymmetric ECM has m = 1 threshold that 

separates the observations into two regimes, with the threshold value being arbitrarily set 

at τ = 0. 

There have been many authors who have extended the basic asymmetric ECM in 

equation (15) to study asymmetries in the oil and gasoline industry. The most common 
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approach to test for asymmetries is to investigate timing or pattern asymmetry by 

separating ΔXt-i and ΔYt-i into ΔXt-i
+
, ΔXt-i

-
, ΔYt-i

+
, and ΔYt-i

-
 in the asymmetric ECM in 

equation (15) and testing whether the estimated coefficient for ΔXt-i
+
 is equal to the 

estimated coefficient for  ΔXt-i
-
 and likewise for the estimated coefficients for ΔYt-i

+
 and 

ΔYt-i
-
. Gu and Jansen (2006) and Bettendorf, van der Geest, and Kuper (2009) found 

volatility to be serially correlated over time and extended the asymmetric ECM to allow 

asymmetry in the volatility process by defining the variance of the error term in equation 

(15) to be vt
2
, and introduce the asymmetric Exponential GARCH(1,1) model (Nelson, 

1991). Other authors have extended the asymmetric ECM including: Deltas (2008), who 

included the average retail-rack margin over the sample period as an interaction variable 

for all independent variables except the error correction term; Balmaceda and Soruco 

(2008), who extended the asymmetric ECM to a panel data model; Honarvar (2009a), who 

extended the asymmetric ECM to a crouching ECM; and Verlinda (2008), who extended 

the asymmetric ECM to a hierarchical ECM.  

The asymmetric ECM in equation (15) and variants thereof are the most frequent 

empirical models used to test for asymmetry in the oil and gasoline industry and are used 

in more than half of the articles published since the year 2000. Following the introduction 

of the TAR and MTAR specifications and the seminal papers by Balke and Fomby (1997) 

and Enders and Siklos (2001) the ECM with threshold cointegration has become a popular 

choice in recent years. The ECM with threshold cointegration generalizes the asymmetric 

ECM by incorporating a TAR or MTAR specification to allow for threshold behavior and 

removes the restriction that the threshold value (τ) is equal to zero. A basic form of the 
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TAR and MTAR specifications with m = 1 threshold, hence two regimes are found in 

equation (4) from Chapter 2. Equation (4) is duplicated below. 

 

    ̂        ̂     (     )  ̂                       (4) 

where 

  ̂  are the residuals from the cointegrating regression 

   is the Heaviside indicator function:  

     if qt-1 > τ     1 if Δqt-1 > τ  

    if qt-1 ≤ τ       if Δqt-1 ≤ τ  

τ is threshold location  

qt-1 is the threshold indicator variable 

 

The only difference between the TAR specification and the MTAR specification is 

the definition of the Heaviside indicator function (It); the Heaviside indicator function is 

based on the level value of the threshold variable in the former and the change in the 

threshold variable in the latter. The MTAR specification is useful when the threshold 

variable exhibits more momentum in one regime than the other and exhibits greater power 

than the TAR specification (Enders & Siklos, 2001). The coefficient estimates ρ1 and ρ2 

can be used to test whether observations in both regimes are cointegrated and can be used 

to test the null hypothesis of symmetry against a TAR or MTAR alternative. In the case of 

a TAR or MTAR alternative, the TAR or MTAR specification can be incorporated into an 

ECM. A basic form of an ECM with threshold cointegration is found in equation (16).  

 

MTAR: It =  TAR: It =  
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     ∑  
 
    

      ∑  
 
    

            ̂     (    )  ̂                (16) 

where 

 ΔYt is the change in the downstream price  

 ΔXt is the change in the upstream price  

    is the Heaviside indicator function defined in equation (4)  

  ̂   are the lagged residuals from the cointegrating regression  

    and    are the adjustment parameters 

 

The ECM with threshold cointegration collapses to the asymmetric ECM when the 

threshold variable qt-1 =   ̂   and the threshold value τ = 0. It follows that the lagged 

residual from the cointegrating regression (  ̂  ) represents a deviation from the long run 

relationship between the upstream and downstream price.  

The ECM with threshold cointegration is more flexible than the asymmetric ECM 

because it does not restrict the threshold variable (qt-1) nor the value of the threshold (τ). 

The most common threshold variable employed when investigating asymmetries in the oil 

and gasoline industry is   ̂   which emulates the asymmetric ECM. Other threshold 

variables that have been used include ∑
     

 

 
     and      , where Xt is the upstream 

price.  Although the threshold variable can be set equal to a specific value such as τ = 0, in 

most cases the threshold value is unknown a priori.  

Several different methods have been used to estimate the TAR and MTAR 

specifications in previous research studying the oil and gasoline industry. Godby et al. 

(2000) were the first to employ the TAR specification to study asymmetry in the oil and 

gasoline industry and use the methodology set forth by Hansen (2000) to select a single 
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threshold based on the average change in the price of crude oil over the previous eight data 

points. The null hypothesis of a linear formulation against a TAR alternative is tested 

using critical values from the bootstrap procedure proposed by Hansen (2000). Chen, 

Finney and Lai (2005) were the next to employ the TAR specification to study asymmetry 

in the oil and gasoline industry and use the methodology set forth by Chan (1993) to select 

a single threshold based on the lagged residual from the cointegrating regression. The null 

hypothesis of no cointegration against a TAR or MTAR alternative is tested using the φ 

and tMax test statistics and critical values provided by Enders and Siklos (2001). Grasso and 

Manera (2007) and Al-Gudhea, Kenc, and Dibooglu (2007) follow the same methodology 

as Chen, Finney and Lai (2005). Douglas (2010) was the first to extend the TAR 

specification to include multiple thresholds when researching asymmetries in the oil and 

gasoline industry. Douglas (2010) uses the methodology set forth by Tsay (1989) to select 

multiple thresholds based on the lagged residual from the cointegrating regression. The 

null hypothesis of a linear model against a TAR or MTAR alternative is tested using an    

F-test. Table 5.1 provides additional methodological details for each of the five papers 

employing a TAR or MTAR specification to investigate asymmetries in the oil and 

gasoline industry. Detailed information on the methodology by Hansen (1998), Chan 

(1993), and Tsay (1989) can be found in Chapter 2. 
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Table 5.1: Methodological Details for Articles that Incorporate a TAR or MTAR  

                   Specification to Investigate Asymmetries in the Oil and Gasoline Industry 

Paper Data Description Threshold  

Variable (qt-d) 

Number of 

Thresholds (M) 

Method to Select 

Thresholds (τj) 

Godby, Lintner, 

Stengos, and 

Wandschneider (2000) 

Canada, Monthly 

1990 – 1996 
        and 

 

 ∑
     

 

 
    

1 Hansen (2000) 

Chen, Finney, and Lai 

(2005) 

US, Weekly 

1991 – 2003 
  ̂   1 None: Set τ = 0 

Grasso and Manera 

(2007) 

Europe, Monthly 

1985 – 2003 

  ̂   1 Chan (1993) 

Al-Gudhea, Kenc, and 

Dibooglu (2007) 

US, Daily 

1998-2004 
  ̂   and    ̂   1 Chan (1993) 

Douglas (2010) US, Weekly 

1990 - 2008 
  ̂   4 Tsay (1989) 

NOTE: Table lists papers employing a TAR or MTAR specification to investigate asymmetries in the oil and 

gasoline industry in the first column. The remaining columns provide details: the second column describes 

the geographic location, time period and frequency of the data set; the third column describes the threshold 

variable (qt-d) where ΔXt represents the change in the upstream price and   ̂   represents the lagged residual 

from the cointegrating regression; the fourth column lists the maximum number of thresholds (M); and the 

fifth column identifies the method used to select the thresholds.  

 

 

The asymmetric ECM and the threshold ECM have been used in over 25 papers 

that investigate asymmetries in the transmission of price in the oil and gasoline industry. A 

concise summary of the empirical methodology, data series, and findings from these 

papers are presented in Tables 5.2 and 5.3. The cointegration technique, finding, and data 

series for which asymmetry was investigated are presented in Table 5.2. The table makes it 

clear that findings are mixed. One potential reason for the mixed findings is the geographic 

location being investigated varies across papers; however, findings are still mixed when 

restricting papers to those that incorporate data from North America. The papers that 

incorporate data from North America are identified with a bolded font in Table 5.2. Other 



-106- 

 

reasons for the mixed findings include, but are not limited to the time period of interest, 

data aggregation and data frequency which are summarized in Table 5.3.  

 

Table 5.2: Cointegration Technique, Finding, and Data Series used to Investigate  

                    Asymmetry in the Oil and Gasoline Industry 

Cointegration 

Technique 

Conclusion: Asymmetry Conclusion: Symmetry 

Asymmetric ECM French 1991 [C, RK & RT]; 

Manning 1991 [C & RT]; 

Kirchgässner and Kübler 1992 [C, RK 

& RT]; Borenstein et al. 1997 [C, S, 

RK & RT]; Balke, Brown and Yücel 

1998 [C, S, RK & RT]; Eltony 1998; 

Reilly and Witt 1998 [C & RT]; 

Asplund, Eriksson, and Friberg 2000 

[RK & RT]; Eckert 2002 [C, RK & 

RT]; Johnson 2002 [R & RK]; 

Bettendorf, van der Geest and 

Varkevisser  2003 [RK & RT]; 

Galeotti, Lanza, and Manera 2003 

[C, S & RT]; Kaufmann and 

Laskowski 2005 [RK & RT]; 

Abosedra and Radchenko 2006 [C, 

S, RK & RT]; Grasso and Manera 

2007 [C, S & RT]; Deltas 2008 [RK 

& RT]; Bettendorf et al. 2009 [RK & 

RT]; Valadkhani 2009 [C & RT]; 

Chesnes 2010 [C, RK, & RT]; 

Honarvar 2010 [C & R]   

Balke, Brown and Yücel 1998 [C, 

S, RK & RT]; Bettendorf, van der 

Geest and Varkevisser 2003 [RK & 

RT]; Johnson 2002 [R & RK]; 

Bachmeier and Griffin 2003 [C & 

S]; Contín-Pilart, Correljé, and 

Palacios 2009 [C & RT]; Grasso and 

Manera 2007 [C, S & RT];  

Balmaceda and Soruco 2008; 

Verlinda 2008 [RK & RT]; 

Chesnes 2010 [C, RK & RT] 

Threshold ECM  

(TAR or MTAR 

specification) 

Chen et al. 2005 [C, S, RT]; Al-

Gudhea et al. 2007 [C, S. RK & RT]; 

Grasso and Manera 2007 [C, S & RT]; 

Douglas 2010 [C & RT]  

Godby et al. 2000 [C & RT]; Al-

Gudhea et al. 2007 [C, S, RK & 

RT]; Honarvar 2010 [C & RT]; 

Douglas 2010 [C & RT] 

NOTE: The table summarizes papers that employ cointegration techniques to investigate asymmetries in the 

oil and gasoline industry. Papers are divided into two columns based on whether they reach the conclusion of 

asymmetry or symmetry. Papers are divided into rows based on the cointegration technique employed. The 

classification of each paper is not mutually exclusive across columns or rows. Papers that incorporate data 

from North America are identified with a bold font. Abbreviations within square brackets describe the 

vertical level of the data series used in each paper. The abbreviations are as follows: C = crude oil, S = crude 

oil spot price, RK = rack price, and RT = retail price. 
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Table 5.3: Data Frequency, Aggregation, and Time Period used to Investigate  

                  Asymmetry in the Oil and Gasoline Industry 

 Data Aggregation 

Data 

Frequency 

City Level Regional Level 

(State or Province) 

National Level 

Daily Data Bachmeier and Griffin 

2003 [Houston, Texas: 

1985 – 1998]; Chesnes 

2010 [20 US cities: 1999 

– 2009] 

 Al-Gudhea et al. 2007 [USA: 

1998 – 2004]; Bettendorf et al. 

2009 [Shell in Netherlands: 

1996 – 2004] 

Weekly Data Godby et al. 2000 [13 

Canadian cities: 1990 – 

1996]; Johnson 2002 [15 

USA cities: 1996-1998]; 

Eckert 2002 [Windsor, 

ON: 1989 – 1994]; 

Verlinda 2008 [Southern 

California*: 2002 – 

2003]; Balmaceda and 

Soruco 2008 [Santiago, 

Chili*: 2001 – 2004] 

 Balke et al. 1998 [USA: 1987 

– 1996]; Bettendorf et al. 2003 

[Shell in Netherlands: 1996 – 

2001]; Chen et al. 2005 [USA: 

1991 – 2003]; Balmaceda and 

Soruco 2008 [Santiago, Chili*: 

2001 – 2004]; Contín-Pilart et 

al. 2009 [Spain: 1993-1998 & 

1998 – 2004]  

Semi-

Monthly 

Data 

 Borenstein et al 1997 [33 

US cities east of Rocky 

Mountains 1986 – 1993] 

 

Monthly 

Data 

Valadkhani 2009 [6 

Australian cities: 1998-

2009] 

Kaufmann and Laskowski 

2005 [USA & 12 USA 

states: 1986 - 2002]; 

Deltas 2008 [48 USA 

states: 1988 – 2002]  

French 1991 [USA, 1986 – 

1991]; Manning 1991 [UK: 

1973 – 1988];  Kirchgässner 

and Kübler 1992 [Germany: 

1972-1979 & 1980]; Eltony 

1998 [UK: 1980-1996]; Reilly 

and Witt 1998 [UK: 1982 – 

1995]; Galeotti et al. 2003 

[US, Canada, and various EU 

countries: 1985 – 2000]; 

Abosedra and Radchenko 

2006 [USA: 1983 – 2003]; 

Grasso and Manera 2007 

[France, Germany, Italy, 

Spain, and UK, 1985 – 2003]; 

Honarvar 2009b [USA: 1981 – 

2007]; Honarvar 2010 [USA: 

1990-2006]; Douglas 2010 

[USA: 1990 – 2008] 

NOTE: The table summarizes papers that employ cointegration techniques to investigate asymmetries in the 

oil and gasoline industry. Papers are divided into three columns based on the level of data aggregation. 

Papers are divided into rows based on the data frequency. The classification of each paper is not mutually 

exclusive across columns or rows. Information within square brackets describes the geographic location and 

the time period of the data set. Papers identified with an * employ station or wholesaler specific data.  
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5.3  Data 

The underlying data series used to test for asymmetries in the North American oil and 

gasoline industry are treated with utmost importance because several fundamental 

characteristics of the underlying series have been singled out as potential explanations for 

the mixed findings in the previous literature on asymmetry. Two prevalent explanations 

are data frequency and data aggregation which stem from Geweke (1978), who found that 

data with too low of a frequency or too high of an aggregation can act as an omitted 

variable and bias the coefficient estimates. Since the estimated coefficients are used to test 

for asymmetry, a bias from data with a frequency that is too low or an aggregation that is 

too high can lead to an incorrect and misleading conclusion.  

As mentioned in Chapter 3, several papers have investigated the impact of data 

aggregation and data frequency on the finding of asymmetry. This chapter employs both 

daily and weekly data; however, the results found using weekly data are interpreted with 

caution because the results from the Monte Carlo analysis from Chapter 3 indicate that the 

correct decision frequency is adversely affected when using ‘weekly’ data when the 

underlying DGP is ‘daily’. The weekly data being employed in this chapter covers the 

same length of time as the daily data; hence, it is expected that the correct decision 

frequency is adversely affected to a larger extent than the results presented in Chapter 3, 

which employ data series that fix the number of observations (T). Additionally, the size 

and power properties will be less favourable for weekly data than daily data due to the 

differences in sample size since the length of time, not number of observations (T) are held 

constant. The results found using weekly data are included primarily because CA retail 

and rack price data is only available with a weekly frequency; however, the results found 
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using daily and weekly data from the US provide an applied example of how results 

employing weekly data can differ from results employing daily data when the underlying 

series are identical.  

There are three papers in the asymmetry literature that mention the second 

potential explanation, data aggregation. Kirchgässner and Kübler (1992) explain that, 

although results may point to symmetry at the national level, regional data is required to 

analyze price difference that cannot be explained by the cost of transportation. Duffy-Deno 

(1996) was the first to use city, as opposed to national level data when investigating 

asymmetry in the oil and gasoline industry and concluded that results from models 

employing national data may not be useful when making local policy decisions because 

consumers purchase gasoline from local markets. Godby et al. (2000) included data 

aggregation as a possible explanation for why their paper contradicted findings from 

previous research by concluding that crude oil and retail gasoline price adjustments were 

symmetric. Over half of the articles published during in the past decade use data 

aggregated at a national level. This paper does not explicitly test the sensitivity of the 

results to data aggregation, rather it avoids the potential problem by using city level retail 

and rack prices that exclude all taxes. By utilizing city level data to perform the empirical 

estimation, an additional bias due to the inability to exclude state or province and local 

level taxes from aggregated data is avoided.  

There are three different sources used to compile the daily and weekly retail, rack, 

and crude price series that are used to investigate the price transmission between the price 

of crude oil, rack, and retail gasoline in the North American oil and gasoline industry: Oil 

Price Information Service (OPIS), US Energy Information Administration (EIA), and the 
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Kent Group. Table 5.4 summarizes the data source for each price series. All taxes at the 

federal, state or province, and local level are removed so that the price series reflect the 

price paid for the underlying commodity. In order to ease the interpretation of the results 

the retail, rack, and crude prices for cities in the US are reported in US cents per gallon 

and the retail, rack and crude prices for cities from CA are reported in CA cents per litre.  

 

 

Table 5.4: Summary of Retail, Rack, and Crude Data and Sources  

Frequency United States Canada 

 Cities Data Sources Cities Data Sources 

Daily Data 

01/01/2008 - 14/03/2011 

Chicago, IL 

Houston, TX 

Seattle, WA 

Retail – OPIS 

Rack – OPIS 

WTI - EIA 

N/A
9
 N/A 

Weekly Data 

01/01/2008 – 14/03/2011 

Chicago, IL 

Houston, TX 

Seattle, WA 

Retail – OPIS 

Rack – OPIS 

WTI - EIA 

Toronto, ON 

Calgary, AB 

Vancouver, BC 

Exchange Rate 

Retail – Kent Group 

Rack – Kent Group 

WTI – EIA 

Bank of Canada 

NOTE: The table summarizes data sources for the retail, rack, and crude oil price series that are used in this 

chapter to investigate asymmetries in the oil and gasoline industry in North America. The first column 

provides the data frequency and the remaining columns provide the data source for each city.  

 

 

5.3.1  Daily Data (01/01/2008 – 14/03/2011) 

The first source, OPIS, is used to obtain the daily rack price for regular gasoline in three 

cities: Chicago, Houston, and Seattle from January 1, 2008 through March 14, 2011. The 

series includes a daily price for Monday through Saturday. The daily price reflects the 

price of the physical commodity, regular gasoline, and excludes the cost of delivery and all 

taxes. The daily rack price is the simple average of all branded and unbranded supplier 

price postings between 0:00 and 23:59 of the day. Data collection methods include the 

                                                   
9 CA cities have been excluded from the model estimation using daily data because there is no reliable data 

source for the daily average retail price of regular gasoline.  
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price reported by suppliers, customer invoices, and jobber invoices. OPIS requires 

multiple sources for prices received through invoices in order to ensure accuracy. 

 The daily retail price of regular gasoline is also obtained from OPIS for the same three 

cities over the same time period. The series include a price for each day of the week, 

although Sundays are removed from the sample so that the time series can be paired with 

the rack and crude oil price, for which there is no price on Sunday. The daily retail price 

from OPIS reflects the price posted at the pump and includes the cost of delivery and any 

local, state, or federal taxes. All consumer taxes are removed using information from the 

American Petroleum Institute and The Civic Foundation. The daily price is a simple 

average of the prices recorded at four different time periods: 7:00, 11:00, 15:00 and 19:00. 

The average number of gas stations in Chicago, Houston, and Seattle is 427, 1,190, and 

213, respectively and a price is recorded for over 65 percent of the stations each day 

throughout the time period under investigation. To ensure accuracy, OPIS requires 

multiple sources for each station’s price. The primary method of collection is through 

credit card transactions from fleet vehicles. Secondary and tertiary methods include direct 

feeds from leading chains, updates from station owners, and validated user updated prices 

from websites such as www.gasbuddy.com.  

The second source, EIA, is used to obtain the daily crude price. The WTI spot price 

FOB Cushing, Oklahoma is used as the price of crude oil following the recommendations 

made in Chapter 4 as well as previous literature. The price series includes a daily price for 

Monday through Friday. The WTI is traded on the NYMEX which is part of the CME 

Group. The contract unit is 1,000 barrels and the price is quoted in US dollars per barrel 

(CME Group, 2011). The price of crude oil per gallon is estimated using the assumption of 
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42 US gallons per barrel. The price of crude oil on Friday is used for both Friday and 

Saturday so that information from the rack and retail gasoline price on Saturday is not lost. 

Missing data due to market closings are replaced with the previous day’s price. 

Graphs of the retail, rack, and crude oil prices for Chicago, Houston, and Seattle 

during the time period from January 1, 2008 through March 14, 2011 are presented in 

Figure 5.1. There is a total of 1,002 observations. The average retail prices and the range 

of retail prices are the highest for Seattle followed by Chicago and Houston. The 

coefficient of variation for retail prices is the largest for Houston followed by Chicago, and 

Seattle. Like retail prices, the average rack prices are the highest for Seattle, followed by 

Chicago, and Houston; however, the range in the rack price is the largest for Chicago, 

followed by Seattle and Houston while the coefficient of variation is the largest for 

Houston, followed by Chicago and Seattle. It is worth noting that the coefficient of 

variation for crude oil (WTI) is larger than the coefficient of variation for the retail or rack 

price in all three cities. Additional summary statistics for the retail, rack, and crude oil 

prices are presented in Table 5.5.  

Graphs of the markup margins for Chicago, Houston, and Seattle during the time 

period from January 1, 2008 through March 14, 2011 are presented in Figure 5.2. The 

markup margin is defined as the difference between the downstream price and the 

upstream price. Since the logarithmic transformation is made to all data series prior to 

conducting any empirical tests or estimation, the markup margin is log(downstream) – 

log(upstream) and are abbreviated downstream-upstream. The average retail-crude, rack-

crude, and retail-rack margins are the highest for Seattle followed by Chicago and 

Houston. Several variables that contribute to the differing margins include pipeline fees, 
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delivery fees, and security fees. The range in the retail-crude margin is the largest for 

Houston, while the range in the retail-rack margin is the largest for Chicago, and the range 

in the retail-rack margin is the largest for Seattle. The coefficient or variation for all three 

margins is the highest for Seattle followed by Chicago and Houston. Additional summary 

statistics for the markup margins are Table 5.6. 

 

Table 5.5: Summary Statistics for Daily Retail, Rack and Crude Prices (Excluding Tax)  

                  for Chicago, Houston, and Seattle from 01/01/2008 – 14/03/2011 

  
 U

S
 c

en
ts

  
/ 

G
al

lo
n
 

 Chicago  Houston Seattle WTI 

 Retail Rack Retail Rack Retail Rack Crude Oil 

Mean 238.110 224.220 227.320 216.600 250.830 227.460 192.840 

Median 233.220 216.100 218.190 208.020 247.600 223.520 187.080 

Minimum 111.860 95.350 104.390 90.830 125.800 97.360 72.095 

Maximum 356.760 377.110 357.990 355.120 386.000 367.700 345.980 

Std Dev 56.337 58.204 58.568 57.874 56.553 57.352 56.274 

CV 0.237 0.256 0.258 0.267 0.225 0.252 0.292 

Skewness 0.114 0.392 0.303 0.294 0.230 0.289 0.444 

Kurtosis 2.887 2.998 2.823 2.810 3.197 3.102 3.147 

NOTE: Summary statistics for the level value of the daily average price for retail, rack, and crude oil. There 

are no observations on Sundays. The price of crude oil (WTI) on Friday is used for both Friday and 

Saturday. Missing data due to market closings are replaced with the previous day’s price. The price of crude 

oil assumes 42 US gallons per barrel. All series exclude tax.  
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Figure 5.1:  Daily Retail, Rack, and Crude Oil (WTI) Prices (Excluding Tax) for  

                    Chicago, Houston and Seattle from 01/01/2008 – 14/03/2011 

 

Legend: Retail = Blue (top); Rack = Green (middle) and Crude = Red (bottom) 

 

NOTE: Level value of the daily average price for retail (top series), rack (middle series), and crude oil 

(bottom series) for Chicago, Houston, and Seattle. There are no observations on Sundays. The price of crude 

oil on Friday is used for both Friday and Saturday. Missing data due to market closings are replaced with the 

previous day’s price. The price of crude oil assumes 42 US gallons per barrel. All series exclude tax.  
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Table 5.6: Summary Statistics for Markup Margins (Excluding Tax) in US cents per  

                  Gallon using Daily Data from 01/01/2008 – 14/03/2011  

 Chicago Houston Seattle 
 Retail-

Crude 

Rack-

Crude 

Retail-

Rack 

Retail-

Crude 

Rack-

Crude 

Retail-

Rack 

Retail-

Crude 

Rack-

Crude 

Retail

-Rack 
 

Median 0.215 0.145 0.060 0.159 0.112 0.037 0.267 0.157 0.091 

Minimum -0.017 -0.125 -0.083 -0.030 -0.168 -0.055 0.078 -0.126 0.015 

Maximum 0.600 0.597 0.323 0.564 0.531 0.311 0.724 0.644 0.353 

Std Dev 0.101 0.092 0.054 0.084 0.077 0.050 0.103 0.095 0.054 

CV 0.446 0.572 0.839 0.479 0.627 0.982 0.368 0.542 0.518 
Skewness 0.575 0.992 0.859 1.002 0.826 2.010 0.841 0.766 1.822 

Kurtosis 
 

0.609 2.166 1.692 1.755 3.115 5.576 1.326 2.268 4.065 

NOTE: Summary statistics for markup margins calculated using the daily average price for retail, rack, and 

crude oil. The markup margin is defined as log(downstream) – log(upstream). There are no observations on 

Sundays. The price of crude oil (WTI) on Friday is used for both Friday and Saturday. Missing data due to 

market closings are replaced with the previous day’s price. The price of crude oil assumes 42 US gallons per 

barrel. All series exclude tax.  
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Figure 5.2:  Daily Markup Margins (Excluding Tax) for Chicago, Houston, and Seattle  

                   from 01/01/2008 – 14/03/2011 

 

               Legend: Retail-Rack = Blue (bottom)     Rack-Crude = Red (middle); 

                              Retail-Crude = Green (top)  

  
NOTE: Markup margins calculated using the daily average price for retail, rack, and crude oil. The markup 

margin is defined as log(downstream)–log(upstream). There are no observations on Sundays. The price of 

crude oil on Friday is used for both Friday and Saturday. Missing data due to market closings are replaced 

with the previous day’s price. The price of crude oil assumes 42 US gallons per barrel. All series exclude tax. 
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5.3.2  Weekly Data (01/01/2008 – 14/03/2011) 

The weekly rack, retail, and crude price series for the three cities in the US cities: Chicago, 

Houston, and Seattle are created by converting the daily series into a weekly series using 

the price on Tuesday of each week from January 1, 2008 through March 14, 2011. The 

choice of the day from which the weekly data series are created is important because it has 

been found to impact the extent of price asymmetry in the Dutch oil and gasoline industry 

(Bettendorf, van der Geest & Varkevisser, 2003). Tuesday is selected to represent the 

weekly price in order to avoid uncertainty associated with markets opening on Monday, 

closing on Friday, and market holidays although the most influential factor in the selection 

is that it corresponds to the day of the week used by the Kent Group to create the Canadian 

data series.  

Data from the Kent Group is used to obtain the rack price in CA cents per litre for 

regular gasoline on the Tuesday of each week for three CA cities: Toronto, Vancouver, 

and Calgary from January 1, 2008 through March 14, 2011. Tuesday is selected to 

represent the weekly price because the Kent Group only collects the data one day per 

week. The rack price on the Tuesday of each week is collected directly from wholesalers 

and reflects the price for the physical commodity, regular gasoline. The price excludes the 

cost of delivery and all taxes.  

The retail price in CA cents per litre of regular gasoline on the Tuesday of each 

week is obtained from the Kent Group for the three CA cities over the same time period.  

Tuesday is selected to represent the weekly price because the Kent Group only collects the 

data one day per week. The price reflects the price posted at the pump at 10:00 AM and 
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includes the cost of delivery and any local, provincial, or federal taxes. All consumer taxes 

are removed by the Kent Group. The method of data collection is a telephone survey.  

 The WTI spot price FOB at Cushing, Oklahoma is used as the price of crude oil for 

all cities. The price of crude oil in US cents per gallon on Tuesday of each week is used 

for cities in the United States and the price of crude oil in CA cents per litre on Tuesday is 

used for cities in CA. Data is converted from US cents per gallon to CA cents per litre 

using the daily noon exchange rate posted by the Bank of Canada and the volume 

conversion rate of 3.785 litres per US gallon.  

Graphs of the retail, rack, and crude oil prices for Chicago, Houston, Seattle, 

Toronto, Calgary, and Vancouver on the Tuesday of each week during the period from 

January 1, 2008 through March 14, 2011 are presented in Figure 5.3. Within the US the 

average retail price is the highest for Seattle, followed by Chicago and Houston. The range 

in retail prices is the largest for Seattle, followed by Houston and Chicago, while the 

coefficient of variation is the largest for Houston, followed by Chicago, and Seattle. 

Within CA, the average retail and rack prices are the highest for Calgary, followed by 

Vancouver, and Toronto. The range in the retail price is the largest for Vancouver, 

followed by Calgary, and Toronto, while the coefficient of variation of the retail price is 

the largest for Calgary, followed by Toronto, and Vancouver. The range of the rack price 

is the largest for Vancouver, followed by Toronto, and Calgary, while the coefficient of 

variation is the largest for Toronto, followed by Calgary, and Vancouver. As with the daily 

data, it is worth noting that the coefficient of variation for crude oil (WTI) is larger than 

the coefficient of variation for the retail or rack price for all six cities. Additional summary 

statistics for the retail, rack, and crude oil prices are presented in Table 5.7. 
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Graphs of the markup margin for all six cities during the period from January 1, 

2008 through March 14, 2011 are presented in Figure 5.4. The average retail-crude margin 

is the largest for Vancouver, followed by Calgary, Toronto, Seattle, Chicago, and Houston. 

The average rack-crude margin is in the same order as the average retail-crude margin 

except the price margin is larger for Calgary than Vancouver. The ordering of the average 

retail-rack margin differs, with the largest margin for Vancouver, followed by Calgary, 

Seattle, Toronto, Chicago, and Houston. Additional summary statistics are presented in 

Table 5.8.  

 

 

Table 5.7: Summary Statistics for Weekly Retail, Rack and Crude Oil Prices   

                    (Excluding Tax) from 01/01/2008 – 14/03/2011 

  Chicago  Houston Seattle WTI 

  Retail Rack Retail Rack Retail Rack Crude Oil 

U
S

 c
en

ts
 /

 G
al

lo
n
 Mean 237.810 223.970 227.149 216.344 250.565 227.299 192.178 

Median 233.130 216.140 218.390 208.210 247.600 223.240 187.786 

Minimum 115.217 99.960 104.690 96.710 125.800 98.860 72.095 

Maximum 356.759 358.950 357.990 352.110 385.400 366.620 335.857 

Std Dev 56.353 58.473 58.576 58.167 56.556 57.467 56.021 

CV 0.237 0.261 0.258 0.269 0.226 0.253 0.292 

Skewness 0.119 0.392 0.313 0.302 0.235 0.273 0.380 

Kurtosis 2.944 3.033 2.885 2.848 3.268 3.166 3.121 

   
Toronto  

 
Calgary 

 
Vancouver 

 
WTI 

  Retail Rack Retail Rack Retail Rack Crude Oil 

C
A

N
 c

en
ts

/ 
L

it
re

 Mean 70.968 64.241 73.865 66.756 73.769 65.811 53.619 

Median 69.200 62.100 70.300 63.400 71.800 63.700 51.800 

Minimum 42.100 34.900 46.000 37.800 42.000 36.000 23.133 

Maximum 104.500 98.300 110.200 100.600 108.800 101.900 90.250 

Std Dev 13.023 13.334 13.912 13.813 13.190 13.433 13.260 

CV 0.184 0.208 0.188 0.207 0.179 0.204 0.247 

Skewness 0.620 0.616 0.831 0.751 0.805 0.815 0.627 

Kurtosis 3.548 3.459 3.298 3.230 3.955 3.791 3.523 

NOTE: Summary statistics for the level value of the daily average price on the Tuesday of each week for 

retail, rack, and crude oil. Missing data due to market closings are replaced with the previous day’s price. 

The price of crude oil (WTI) assumes 42 US gallons per barrel and uses a conversion factor of 3.785 litres 

per US gallon. All series exclude tax.  
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Figure 5.3:  Weekly Retail, Rack, and Crude Oil (WTI) Prices (Excluding Tax) from  

                    01/01/2008 – 14/03/2011 

 

       Legend: Retail = Blue (top); Rack = Green (middle); Crude = Red (bottom)  

 

 

 

NOTE: Level value of the daily average price on the Tuesday of each week for retail (top series), rack 

(middle series), and crude oil (bottom series). Missing data due to market closings are replaced with the 

previous day’s price. The price of crude oil assumes 42 US gallons per barrel. All series exclude tax.  
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Table 5.8: Summary Statistics for Markup Margins (Excluding Tax) using Weekly  

                  Data from 01/01/2008  – 14/03/2011 

     Chicago  Houston  Seattle 

 Retail-

Crude 

 Rack- 

 Crude 

Retail-

Rack 

Retail-

Crude 

Rack-

Crude 

Retail-

Rack 

Retail-

Crude 

Rack-

Crude 

Retail-

Rack 

Mean 0.228 0.163 0.065 0.177 0.125 0.052 0.283 0.179 0.105 

Median 0.216 0.145 0.059 0.160 0.115 0.039 0.266 0.157 0.092 

Minimum 0.036 -0.023 -0.046 0.007 -0.168 -0.040 0.098 -0.122 0.019 

Maximum 0.576 0.529 0.276 0.529 0.441 0.276 0.713 0.594 0.321 

Std Dev 0.101 0.093 0.052 0.086 0.079 0.047 0.106 0.098 0.054 

CV 0.444 0.569 0.800 0.485 0.633 0.911 0.375 0.546 0.519 

Skewness 0.708 1.131 0.877 1.219 0.843 1.924 0.981 0.828 1.739 

Kurtosis 3.607 4.967 4.464 4.977 6.181 8.263 4.582 5.324 6.640 

 
  

Toronto  
 

Calgary  
 

Vancouver 

 
 Retail-

Crude 

 Rack-    

 Crude 

Retail-

Rack 

Retail-

Crude 

Rack-

Crude 

Retail-

Rack 

Retail-

Crude 

Rack-

Crude 

Retail-

Rack 

Mean 0.294 0.190 0.104 0.334 0.229 0.105 0.334 0.215 0.119 

Median 0.291 0.181 0.108 0.315 0.210 0.099 0.316 0.196 0.118 

Minimum 0.058 -0.046 0.058 0.151 0.100 0.028 0.147 0.061 0.049 

Maximum 0.697 0.549 0.188 0.806 0.640 0.248 0.801 0.626 0.239 

Std Dev 0.096 0.080 0.026 0.106 0.090 0.040 0.114 0.097 0.032 

CV 0.325 0.421 0.251 0.317 0.393 0.379 0.342 0.451 0.266 

Skewness 1.028 1.179 0.332 1.550 1.802 0.821 1.190 1.294 0.277 

Kurtosis 5.766 6.668 3.383 6.474 7.501 4.043 5.263 5.521 3.642 

NOTE: Summary statistics for markup margins calculated using the daily average price on the Tuesday of 

each week for retail, rack, and crude oil. The margin is defined as log(downstream)–log(upstream). Missing 

data due to market closings are replaced with the previous day’s price. The price of crude oil assumes 42 US 

gallons per barrel and uses a conversion factor of 3.785 litres per US gallon. All series exclude tax. 
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Figure 5.4: Weekly Markup Margins (Excluding Tax) for Vancouver, Calgary, Toronto,  

                   Houston, and Seattle from 01/01/2008 – 14/03/2011 

 

                        Legend: Retail-Rack = Blue (bottom)   Rack-Crude = Red (middle) 

                                       Retail-Crude = Green (top)  

 

NOTE: Markup margins calculated using the daily average price on the Tuesday of each week for retail, 

rack, and crude oil. The margin is defined as log(downstream)–log(upstream). Missing data due to market 

closings are replaced with the previous day’s price. The price of crude oil assumes 42 US gallons per barrel 

and uses a conversion factor of 3.785 litres per US gallon. All series exclude tax. 
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5.4 Methodology 

This section outlines the methodology used to investigate price transmission and to test for 

the existence of asymmetry in the North American oil and gasoline industry. The existence 

of asymmetry is investigated using the TAR specification to test for threshold 

cointegration; however, before proceeding to the cointegration analysis, the retail, rack, 

and crude prices need to be tested to determine their order of integration. Determining the 

order of integration is necessary because the definition of cointegration stipulates that two 

I(d) series, Yt and Xt are cointegrated if they are tied together by a long run relationship 

such as Yt = δ1 + δ2Xt + εt where εt is I(d-1). This generalizes to more than one 

independent variable. If the series are not integrated of the same order then, by definition, 

they are not cointegrated and the TAR specification and threshold ECM need not be 

estimated.  

 Three tests are used to evaluate the order of integration of the logarithmic 

transformation of the price series: the ADF unit root test (Dickey & Fuller, 1979; 1981); 

the GLS ADF unit root test (Elliott, Rothenberg & Stock, 1996); and the EFDF test 

(Lobato & Velasco, 2007) which has an alternative hypothesis that allows for fractional 

alternatives with critical values being simulated according to Sephton (2009). These are 

the same three tests used to evaluate the order of integration in Chapter 4. If the test fails to 

reject the null hypothesis that series contain a unit root the same test is performed on the 

differenced series to determine whether each series is first difference stationary. The 

maximum lag length is determined by rounding up T
1/3

 with the optimal lag length for the 

ADF and the EFDF tests being determined by the minimization of the AIC.  
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If the unit root tests indicate that the series are found to be integrated of the same 

order the combined methodology by Gonzalo and Pitarakis (2002) and Seo (2008) that was 

introduced in Chapter 2 is used to select multiple thresholds (τj) with the threshold variable 

(qt-d) being the lagged markup margin. Gonzalo and Pitarakis (2002) stipulate that the 

threshold variable can be external to the system; however, the threshold variable must be 

stationary. The ADF and the GLS ADF unit root tests are used to ensure that the markup 

margin is stationary. The most common threshold variable (qt-d) used in previous research 

is the lagged residual from the cointegrating regression or the lagged change in the 

downstream price. The markup margin is selected to be the threshold variable (qt-d) 

because it more accurately describes the price relationships and the profits of the 

downstream firm. The margin is defined to be the difference between the downstream 

price and the upstream price. Since the logarithmic transformation is made to the data 

series prior to conducting any empirical tests or estimation, the margin is log(downstreamt) 

– log(upstreamt) which, when multiplied by 100, loosely represents the markup margin in 

percentage terms.  

Two different cointegrating regressions are included in the analysis and are 

normalized on the downstream price. The first is cointegrating regression is           

                          and is termed first stage, while the second is                     

                                    and is termed second stage. A trend is 

incorporated because Figures 5.1 and 5.3 indicate that each of the price series contain a 

slight upward trend. When estimating the TAR specification for the first stage the 

threshold variable (qt-d) is log(rackt-d) – log(crudet-d). Two different TAR specifications are 

estimated for the second stage, with the only difference being the threshold variable (qt-d). 
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The threshold variable (qt-d) used in the first TAR specification is                          

log(retailt-d)–log(rackt-d) because it is the immediate downstream-upstream margin. The 

threshold variable (qt-d) used in the second TAR specification is log(retailt-d)–log(crudet-d) 

because it is the downstream-upstream margin that is observed by governments, 

consumers, and the popular press.  

 The input variable selection for equations (5) through (10) from the combined 

Gonzalo and Pitarakis (2002) and Seo (2008) methodology described in Chapter 2 are 

selected using results from the Monte Carlo simulations in Chapter 3 and standard 

econometric and industry practice. The input variables differ between the daily and the 

weekly data. The input variables for daily data whose notation lines up with that in 

Chapters 2 and 3 are as follows: maximum delay parameter (D = 12 or two weeks of 

Monday through Saturday data); maximum order on lagged dependent variable                 

(R = T
1/3

 = 10); number of threshold values to be considered (n = 51); minimum 

percentage of observations that fall outside of the upper and lower threshold boundaries 

(pct = 0.15); minimum number of observations within each regime (mobs =  50); 

maximum number of thresholds (M = 3); bootstrap based on the fixed parameter space ( ); 

and model selection criteria (λ =AIC).  The input variables for weekly data are the same as 

daily data except as follows: maximum delay parameter (D = 4 or approximately one 

month); maximum order on lagged dependent variable (R = T
1/3

 = 4); and minimum 

percentage of observations within each regime (mobs = 25). The decision to employ          

λ = AIC as opposed to λ = BIC stems from the Monte Carlo analysis in Chapter 3 which 

finds that λ = AIC tends to over segment when there is m = 1 threshold while λ = BIC 

tends to under segment when there are m = 2 thresholds in the underlying DGP. Due to 
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arbitrage, it is expected that the series are cointegrated; however, there are transaction 

costs associated with arbitrage which brings about the expectation of band-TAR. Band-

TAR requires more than one threshold and brings about the decision to employ λ = AIC. 

 After selecting the thresholds (τj) and the number of thresholds (m) using the 

optimal choice of threshold variable (qt-d) the next step is to test the null hypothesis of a 

unit root against a stationary threshold process using the residual-based block bootstrap 

and critical values outlined by Seo (2008) with lagged dependent variables being added to 

“whiten” the covariance matrix. The order of the lagged dependent variable is that which 

is selected in the previous step, with the maximum order on lagged dependent variable 

being R = T
1/3

 = 10 for daily data and R = T
1/3

 = 4 for weekly data.
  

The methodology 

outlined by Seo (2008) is selected because it has more power than the ADF unit root test 

when the alternative is a stationary threshold process.  

If the combined Gonzalo and Pitarakis (2002) and Seo (2008) methodology 

determines the best model does not contain a threshold, the ADF unit root test is used to 

test the null hypothesis of a unit root because it has more power when the alternative is a 

stationary linear process (Seo, 2008). In addition to testing the null hypothesis of a unit 

root jointly across all regimes, the null hypothesis is tested for each individual regime. 

This gives insight into whether a long run equilibrium exists across all regimes or if the 

phenomena of band-TAR, as introduced by Balke and Fomby (1997), exists. If band-TAR 

exists, the spot prices are free to diverge until the markup margin is squeezed or stretched 

beyond a lower or upper threshold. If band-TAR exists, price transmission in not uniform 

across all observations because it depends on the regime in which the specific observation 

lies. To investigate the price transmissions further, a threshold ECM is used to determine 
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whether the classic definition of asymmetry, termed ‘rockets and feathers’ exists in any of 

the six cities under investigation.  

The threshold ECM employed to investigate whether ‘rockets and feathers’ exist in 

any of the six cities under investigation incorporates GJR-GARCH(1,1) (Glosten, 

Jagannathan & Runkle, 1993) using the thresholds (τj) and delay parameter (d) from the 

TAR specification. The threshold ECM for the first stage is found in equation (17) and can 

be generalized to the threshold ECM for the second stage. The lag length g is selected 

based on the minimization of the BIC with a maximum lag length of G = 4 for daily data 

and G = 2 for weekly data. The coefficient estimate on the lagged cointegrating residuals 

(γi) are compared across regimes to determine whether there is a systematic relationship 

between the speed of adjustment to the long run equilibrium relationship and the markup 

margin.  The test statistics for the parameters are based on heteroscedasticity consistent 

covariance matrices.  

 

    ∑           ̂  
   
    ∑           

 
   

∑               
 
                          (17)                 

    ∑           ̂  
   
    ∑           

 
   

∑               
 
         

where 

Yt is the log(rackt) 

Xt is the log(crudet) 

     is the Heaviside indicator function for the TAR specification:  

   1 if      ≤ τj and 0 otherwise for j = 1     

    if              and 0 otherwise for j = 2, …, m 

         1 if       > τj and 0 otherwise for j = m+1 

          Ij,t = 
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qt-d is the threshold variable log(rackt-d) – log(crudet-d)  

d is the delay parameter on the indicator variable 

    , and       are the adjustment parameters for i = 1 through m+1  

  ̂   are the lagged residuals from the cointegrating regression  

      follows a GJR-GARCH(1,1) process for h = 1 and 2 

 

The conditional variance equation for GJR-GARCH(1,1) following standard notation is 

found in equation (14) and assumes the conditional distribution is normal. The coefficient 

estimate on the GJR component (αh,2) of the GJR-GARCH(1,1) process allows leverage 

effects to be investigated (Glosten, Jagannathan & Runkle, 1993). If the null hypothesis 

that αh,2 = 0 is rejected in favour of the alternative that αh,2 > 0 then the volatility and price 

changes are negatively correlated and a leverage effect exists. 

 

5.5 Results and Discussion 

This section presents the results in the same order as the methodology section. The results 

from US daily data are presented first followed by the results from US and CA weekly 

data. There are five tables and one figure for each of the three data sets. The first table 

presents the findings from the three tests used to evaluate the order of integration of 

log(retail), log(rack), and log(crude). The second table presents the results for the TAR 

specification and the results are depicted graphically in a figure. The last three tables 

present the results for the threshold ECMs.  
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5.5.1  Order of Integration – Daily Data (01/01/2008 – 14/03/2011) 

The results from the ADF, GLS ADF and EFDF unit root tests for the logarithmic 

transformation of the daily price data are presented in Table 5.9. The tests include a 

constant and trend when testing the level series, but the tests only include a constant when 

testing the differenced series. All three unit root tests indicate that the null hypothesis, the 

series contains a unit root, should not be rejected in favour of the alternative hypothesis for 

each city’s price series at five and ten percent levels of significance. Additionally, all three 

unit root tests indicate that the null hypothesis, the series contains a unit root, should be 

rejected in favour of the alternative hypothesis for each city’s differenced price series. 

Together, the results provide evidence that each daily price series is I(1); hence, the 

dependent and independent variables in the cointegrating regressions are integrated of the 

same order. 

 The results from the ADF and GLS ADF unit root tests for the daily markup margin are 

presented in Table 5.10. Both tests include a constant but not a trend. The unit root tests 

indicate that the null hypothesis, the series contains a unit root, should be rejected in 

favour of the alternative hypothesis for each city’s markup margin at a five percent level of 

significance except the retail-crude markup margin for Chicago, which is rejected  at a ten 

percent level of significance. The results from the ADF and ADF GLS unit root tests 

provide evidence that each daily markup margin is I(0); hence, the markup margins for 

each city do not need to be differenced to be made stationary and meet the requirement for 

being a threshold variable (qt-d).  
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Table 5.9:  Unit Root Tests for Daily Data from 01/01/2008 – 14/03/2011 
     

 Chicago  WTI  

 log(Retail) Δlog(Retail) log(Rack) Δlog(Rack)  log(Crude) Δlog(Crude)  

ADF -1.740 -6.301
*,**

 -1.193 -13.607
*,**

  -1.051 -12.238
*,**

  

GLS ADF -1.837 -4.870*,** -1.008 -7.440*,**  -0.975 -2.272*,**  

EFDF -0.379 -8.614*,** 0.620 -27.540*,**  -0.296 -13.115*,**  
      

 Houston     

 log(Retail) Δlog(Retail) log(Rack) Δlog(Rack)     

ADF -1.818 -5.277*,** -1.049 -12.237*,**     

GLS ADF -1.801 -4.969*,** -1.222 -9.936*,**     

EFDF -.0330 -3.645*,** 1.264 -13.553*,**     
      

 Seattle     

 log(Retail) Δlog(Retail) log(Rack) Δlog(Rack)     

ADF -1.986 -4.627*,** -1.344 -10.312*,**     
GLS ADF -2.008 -4.144*,** -1.284 -7.600*,**     

EFDF 0.284 -4.966*,** 0.193 -24.507*,**     
         

NOTE: Results for three unit root tests with a null hypothesis of a unit root and a maximum lag length of   

T1/3 = 10 to whiten the covariance matrix. Critical values for the GLSD ADF test follow Table 1 in Elliott, 
Rothenberg and Stock (1996). The alternative hypothesis for the EFDF test allows for fractional alternatives 

and the critical values are simulated following Sephton (2009).  The AIC is used to select the lag lengths for 

the ADF and EFDF unit root tests. Significance at α = 0.05 and α = 0.10 denoted by *and **, respectively. 

 

 

 Table 5.10:  Unit Root Tests for Markup Margin using Daily Data from 01/01/2008 –   

                      14/03/2011 

 Chicago 

 log(rack)-log(crude) log(retail)-log(rack) log(retail)-log(crude) 

ADF -3.776*,** -4.358*,** -3.487*,** 

GLS ADF -2.668*,** -2.891*,** -1.90,** 
    

 Houston 

 log(rack)-log(crude) log(retail)-log(rack) log(retail)-log(crude) 

ADF -3.574*,** -4.113*,** -4.341*,** 

GLS ADF -2.893*,** -3.239*,** -2.686*,** 
    

 Seattle 

 log(rack)-log(crude) log(retail)-log(rack) log(retail)-log(crude) 

ADF -3.509*,** -4.108*,** -3.553*,** 

GLS ADF -2.474*,** -2.573*,** -1.996*,** 

NOTE: Results for two unit root tests with a null hypothesis of a unit root and a maximum lag length of     

T1/3 = 10 to whiten the covariance matrix. Critical values for the GLSD ADF test follow Table 1 in Elliott, 

Rothenberg and Stock (1996). The AIC is used to select the lag lengths for the ADF unit root test. 

Significance at α = 0.05 and α = 0.10 denoted by *and **, respectively. 

 

 

 



-131- 

 

5.5.2 Results for TAR Specification and Threshold ECM  – Daily Data  

          (01/01/2008 – 14/03/2011) 

 
The results for the m thresholds (τj), m+1 parameters (ρj), delay parameter (d), and Seo test 

statistic are presented in Table 5.11. The results are depicted graphically in Figure 5.5. The 

results from the TAR specification estimated with daily data provide several interesting 

insights into the oil and gasoline industry in Chicago, Houston, and Seattle. The first 

insight comes from the rejection of the null hypothesis of a unit root in favour of the 

alternative hypothesis of a stationary threshold process for the first and second stage in all 

three cities. This indicates that the retail, rack, and crude price series are cointegrated and 

follow a long run equilibrium relationship. The second insight is the tendency to move 

toward the long run equilibrium does not occur within regimes in which ρj is not 

significant. This means that the tendency to move toward the long run equilibrium 

relationship does not occur in every time period or across all sizes of markup margin.  

The regimes in which the tendency to move toward the long run equilibrium does 

not occur are the regimes that are shaded in Figure 5.5. With the exception of the second 

stage for Seattle, each of the shaded regimes are one or both of the middle regimes. This 

phenomenon is termed band-TAR because the long run equilibrium is a band rather than a 

point (Balke and Fomby, 1997). This means that for each city there exists a band in which 

the oil and gasoline prices are free to diverge. The freedom to diverge only occurs until the 

markup margin is squeezed or stretched beyond a lower or upper threshold. In other 

words, the freedom to diverge exists only within the band. For example, in Houston the 

retail–rack markup margin that corresponds to band-TAR is 0.012 and 0.035, which when 

multiplied by 100 loosely represents percent. When the markup margin falls between 

0.012 and 0.035 the retail and crude oil price are free to diverge, but when the markup 
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margin is below 0.012 or above 0.035 the prices move back toward the long run 

equilibrium. By looking at the band-TAR regimes in Figure 5.5 it is clear that many 

observations fall within this band. Given the finding of band-TAR, it is not surprising that 

governments, consumers, and the popular press are questioning the relationships between 

the price of crude oil and the retail price of gasoline.  

A second insight from the TAR specification employing daily data is that, although 

the finding of band-TAR is consistent across cities, the magnitude of the band in which oil 

and gasoline prices are free to diverge differs. The differences are especially apparent in 

the graphical depiction of the results in Figure 5.5. The width of the band in which oil and 

gasoline prices are free to diverge in the first stage is the widest for Chicago. The width of 

the band in which oil and gasoline prices are free to diverge in the second stage for the 

retail-crude markup margin is also the widest for Chicago, while the width of the band for 

the retail-rack markup margin is the widest for Seattle. The maximum value of the band is 

the larger for the retail-crude markup margin than the retail-rack markup margin, which 

meets a priori expectations because the rack price is further downstream than the crude 

price in the vertical supply chain.  

A third insight from the TAR specification employing daily data is that the delay 

parameter for the retail-rack margin is the shortest, followed by the rack-crude margin and 

the retail-crude margin for Houston and Seattle. This meets a priori expectations because 

the physical product moves downstream from crude to rack and then to retail gasoline in 

the vertical supply chain. In Chicago, the delay parameter for the retail-crude margin is 

shorter than the rack-crude margin. This indicates that the prices at the retail level respond 

to the information provided by the crude price rather than wait for the price to be reflected 
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in the physical commodity as it travels down through the vertical supply chain. One 

potential explanation is that the rack price may be slow to respond due to the dampening 

of price changes by storage and hedging practices at the refinery level in Chicago.  

Before moving to the discussion of the results from the threshold ECM it is worth 

noting that the results for the TAR specification employing daily data at the second stage 

for the Seattle price series indicate that the prices do not move back toward the long run 

equilibrium when the retail-crude markup margin is very small. This finding indicates that 

the linkage between the crude and the retail price in Seattle is not as strong as in Chicago 

and Houston. One potential explanation is that the physical distance from Seattle to 

Cushing, Oklahoma and the Gulf Coast is much further than for Chicago and Houston, 

which may impede the ability to arbitrage. 

The results from the threshold ECM using daily data are presented in Tables 5.12 

through 5.14. Several interesting insights arise from the threshold ECM. The first insight is 

that there is no systematic pairwise relationship between the coefficient estimates for the 

lagged cointegrating residuals (γj) in the bottom regime and the top regime. This means 

that the speed of adjustment to the long run equilibrium does not depend exclusively on 

whether the markup margin is small or very large. A second insight is that the GJR 

coefficient is significantly greater than zero across all cities and markup margins at a five 

percent level of significance. This means that volatility and price changes are negatively 

correlated; hence, a leverage effect exists. One last insight from the threshold ECMs is that 

both the rack and the crude price move to restore the long run equilibrium in the first 

stage, while the majority of the price movement to restore the long run equilibrium at the 

second stage is done by the retail and the rack prices. The movement of the crude price to 
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restore the long run equilibrium at the first stage is surprising, although it comes at less of 

a surprise when taking into account that rack and crude oil markets are among the most 

heavily arbitraged of all commodities.  
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Table 5.11:  Results from TAR Specification for Daily Data from 01/01/2008–  

                    14/03/2011  

 Houston Chicago Seattle 
 

First Stage 
 

Margin=log(rackt-d)-log(crudet-d) 
 

Thresholds (τj) 

 

 

 

 
 

Seo Test Statistic  
 

Delay Parameter (d) 
 

 

 

 

 

0.145, 0.159, 0.193 

   ρA = -0.047*,** 

   ρB = 0.168 

   ρC = 0.038 

   ρD = -0.138*,** 
 

50.941*,** 
 

7 

 

 

 

 

0.148, 0.224, 0.253 

   ρA = -0.054*,** 

   ρB = 0.065  

   ρC = -0.230*,** 

   ρD = -0.139*,** 
 

77.212*,** 
 

10 

 

 

 

 

0.111, 0.152, 0.180 

   ρA = -0.042** 

   ρB = 0.0722 

   ρC = -0.197*,** 

   ρD = -0.094*,** 
 

61.754*,** 
 

10 

 

Second Stage 
 

Margin =log(retailt-d)-log(rackt-d) 
 

Thresholds (τj) 

 

 

 

 
 

Seo Test Statistic  
 

Delay Parameter (d) 
 

 

 

 

 

0.012, 0.031, 0.035 

   ρA = -0.167*,** 

   ρB = -0.053 

   ρC = 0.342 

   ρD = -0.057*,** 
 

89.553*,** 
 

1 

 

 

 

 

 0.015, 0.076, 0.084 

   ρA = -0.149*,**  

   ρB = -0.040 

   ρC = 0.348 

   ρD = -0.068*,** 
 

91.642*,** 
 

1 

 

 

 

 

0.092, 0.104, 0.170 

   ρA = -0.039*,** 

   ρB = -0.152*,** 

   ρC = 0.021 

   ρD = -0.041*,** 
 

45.586*,** 
 

5 

 

Second Stage 
 

Margin =log(retailt-d)-log(crudet-

d) 
 

Thresholds (τj) 

 

 

 
 
 

Seo Test Statistic  
 

Delay Parameter (d) 
 

 

 

 

 

0.160, 0.171, 0.206 

   ρA = -0.114*,** 

   ρB = 0.114 

   ρC = -0.187*,** 

   ρD = -0.053*,** 
 

81.204*,** 
 

10 

 

 

 

 

0.194, 0.218, 0.322 

   ρA = -0.105*,** 

   ρB = -0.237*,** 

   ρC = -0.098*,** 

   ρD = -0.035** 
 

81.545*,** 
 

8 

 

 

 

 

0.226, 0.277, 0.328 

   ρA = -0.028 

   ρB = -0.175*,** 

   ρC = 0.045 

   ρD = -0.043*,** 
 

67.577*,** 
 

11 

NOTE: Results of TAR specification following the combined Gonzalo and Pitarakis (2002) and Seo (2008) 

methodology with a maximum of M = 3 thresholds. The parameter for the region below the bottom threshold 

is ρA, the parameter for the region above the bottom threshold is ρB, and so forth.  Threshold boundaries set 

so that 15 percent of observations fall below τ and 15 percent of observations fall above  ̅. The maximum 

delay parameter is D = 12 (i.e., two, six day weeks). The order for the lagged dependent variable in the 

testing equation is selected by the BIC with a maximum lag length of R = T1/3 = 10. Critical values follow the 

residual-based block bootstrap methodology outlined by Seo (2008) with block length 6 and 200 replications 

under the null. Significance at α = 0.05 and α = 0.10 is denoted by * and **, respectively. If the level of 

significance with 200 replications fell between 0.03 and 0.13 the residual-based block bootstrap was repeated 

with 800 replications.  
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Figure 5.5:  Graphical Representation of Results from TAR Specification for Daily Data from 01/01/2008 – 14/03/2011 
 

 

 
 

 

 

 Houston                                    Chicago                                     Seattle 
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Table 5.12:  Results from First Stage Threshold ECM for Daily Data from 01/01/2008 – 14/03/2011 

 Houston Chicago Seattle 
 

Dependent Variable  
 

Margin = log(rackt-d) – log(crudet-d) 
 

IA,t ̂t-1 

IB,t ̂t-1 

IC,t ̂t-1 

ID,t ̂t-1 

Δcrudet-1 

Δretailt-1 

Δcrudet-2 

Δretailt-2 

Δcrudet-3 

Δretailt-3 

Δretailt-4 

Δcrudet-4 

Δretailt-4 

 

Constant ( ) 
ARCH 

GARCH 

GJR 

 

log(rack) 

 

 

-0.024 
0.013 

-0.020 

-0.038 

0.470
*
 

0.193* 

-0.082* 

0.057 

-0.032 

0.083* 

 

 

 
 

 

2.6x10-6* 

0.131* 

-0.032 

0.872* 

 

log(crude) 

 

 

0.042 
-0.094* 

-0.012 

0.104* 

 

 

 

 

 

 

 

 

 
 

 

5.5x10-6* 

0.017 

0.034* 

0.935* 

 

log(rack) 

 

 

-0.019 
-0.001 

-0.120* 

-0.057* 

0.442
*
 

0.289* 

-0.139* 

0.027 

 

 

 

 

 
 

 

4.9x10-6* 

0.112* 

-0.032 

0.882* 

 

log(crude) 

 

 

0.035 
-0.085* 

0.061 

0.083* 

 

 

 

 

 

 

 

 

 
 

 

6.5x10-6* 

0.020 

0.076* 

0.933* 
 

 

log(rack) 

 

 

-0.006 
0.014 

-0.083* 

-0.016 

0.253
*
 

0.355* 

-0.081* 

0.074* 

 

 

 

 

 
 

1.0x10-6 

0.084 

0.016 

0.899* 

 

log(crude) 

 

 

0.050 
-0.072* 

0.108 

0.075* 

 

 

 

 

 

 

 

 

 
 

6.4x10-6* 

0.016 

0.096* 

0.929* 

NOTE: Coefficient estimates and significance levels using standard errors based on a heteroscedasticity consistent covariance matrix for the threshold ECMs 

with GJR-GARCH(1,1) errors. Heaviside indicator functions (Ij,t) are based on thresholds (τj) from the TAR specification following the combined Gonzalo and 

Pitarakis (2002) and Seo (2008) methodology with a maximum of M = 3 thresholds. Threshold boundaries set so that 15 percent of observations fall below τ and 

15 percent of observations fall above  ̅. The maximum delay parameter is D = 12 (i.e., two, six day weeks). Lag length for threshold ECM selected based on 

minimum BIC with maximum lag length of G = 4. Significance at α = 0.05 is denoted by *. 
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Table 5.13:  Results from Second Stage Threshold ECM for Daily Data from 01/01/2008 – 14/03/2011 

 Houston Chicago Seattle 
 

Dependent Variable 
 

Margin = log(retailt-d) – log(rackt-d) 
 

IA,t ̂t-1 

IB,t ̂t-1 

IC,t ̂t-1 

ID,t ̂t-1 

Δrackt-1 

Δcrudet-1 

Δretailt-1 

Δrackt-2 

Δcrudet-2 

Δretailt-2 

Δrackt-3 

Δcrudet-3 

Δretailt-3 

Δrackt-4 

Δcrudet-4 

Δretailt-4 

 

Constant  ( ) 

ARCH(Alpha1) 

GARCH(Beta1) 
GJR(Gamma) 

 

log(retail)                  

 

 

-0.059* 
-0.025* 

-0.049 

-0.026* 

0.056
*
 

0.042* 

0.442* 

0.038* 

-0.007 

0.085 

0.023 

-0.011 

0.105 
 

 

 

 

5.7x10-7 

0.375 

-0.191 

0.625* 

 

log(rack) 

 

 

-0.024 
-0.040 

-0.222* 

-0.050* 

0.148
*
 

0.478* 

0.133 

0.069 

-0.081* 

-1.008* 

0.076* 

-0.016 

0.756* 
 

 

 

 

2.6x10-6* 

0.132* 

-0.040 

0.873* 

  

log(crude) 

 

 

-0.009 
0.004 

0.122 

0.017 

 

 

 

 

 

 

 

 

 
 

 

 

 

5.98x10-6* 

0.015 

0.086* 

0.935* 

 

log(retail)                  

 

 

-0.071* 
-0.074* 

-0.039* 

-0.051* 

0.043
*
 

0.037* 

0.295* 

0.005 

-0.006 

0.164* 

 

 

 
 

 

 

 

8.6x10-7* 

0.121 

0.025 

0.837* 

 

log(rack) 

 

 

0.029 
-0.118* 

-0.038 

0.255* 

0.457
*
 

0.180 

0.008 

-0.135* 

 

 

 

 

 
 

 

 

 

5.1x10-6* 

0.108* 

-0.012 

0.876* 

 

log(crude) 

 

 

0.035 
0.087 

-0.160 

-0.004 

 

 

 

 

 

 

 

 

 
 

 

 

 

5.5x10-6 

0.016 

0.083* 

0.937* 

 

log(retail)                  

 

 

-0.031* 
-0.023 

-0.019* 

-0.033* 

0.090 

0.017* 

0.066 

0.044* 

-0.009 

0.204* 

0.016 

-0.003 

0.119* 
-3.3x10-4 

0.006 

0.196* 

 

7.0x10-7* 

0.250* 

-0.173* 

0.761* 
 

 

log(rack) 

 

 

-0.050* 
-0.038 

-0.091* 

-0.060* 

0.272
*
 

0.253* 

-0.047 

-0.013 

-0.073* 

0.115 

 

 

 
 

 

 

 

1.0x10-6 

0.082 

0.027 

0.898* 

 

log(crude) 

 

 

-0.007 
0.404* 

-0.034 

0.006 

 

 

 

 

 

 

 

 

 
 

 

 

 

6.6x10-6* 

0.010 

0.083* 

0.940* 

NOTE: Coefficient estimates and significance levels using standard errors based on a heteroscedasticity consistent covariance matrix for the threshold ECMs 

with GJR-GARCH(1,1) errors. Heaviside indicator functions (Ij,t) are based on thresholds (τj) from the TAR specification following the combined Gonzalo and 

Pitarakis (2002) and Seo (2008) methodology with a maximum of M = 3 thresholds. Threshold boundaries set so that 15 percent of observations fall below τ and 

15 percent of observations fall above  ̅. The maximum delay parameter is D = 12 (i.e., two, six day weeks). Lag length for threshold ECM selected based on 

minimum BIC with maximum lag length of G = 4. Significance at α = 0.05 is denoted by *. 
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Table 5.14:  Results from Second Stage Threshold ECM for Daily Data from 01/01/2008 – 14/03/2011 

 Houston Chicago Seattle 
 

Dependent Variable 
 

Margin = log(retailt-d) – log(crudet-d) 
 

IA,t ̂t-1 

IB,t ̂t-1 

IC,t ̂t-1 

ID,t ̂t-1 

Δcrudet-1 

Δrackt-1 

Δretailt-1 

Δcrudet-2 

Δrackt-2 

Δretailt-2 

Δcrudet-3 

Δrackt-3 

Δretailt-3 

Δcrudet-4 

Δrackt-4 

Δretailt-4 

 

Constant  ( ) 

ARCH(Alpha1) 

GARCH(Beta1) 
GJR(Gamma) 

 

log(retail)                  

 

 

-0.019* 
-0.019 

-0.016 

-0.030* 

0.042
*
 

0.061* 

0.500* 

-0.006 

0.043* 

0.083 

-0.012 

0.025 

0.081 
 

 

 

 

8.1x10-7* 

0.572* 

-0.355 

0.557* 

 

log(crude) 

 

 

0.077 
0.059 

0.218* 

-0.044 

 

 

 

 

 

 

 

 

 
 

 

 

 

5.8x10-6* 

0.010 

0.088* 

0.939* 
 

 

log(rack) 

 

 

-0.017 
-0.159* 

-0.011 

-0.058* 

0.479
*
 

0.162* 

0.049 

-0.082* 

0.074 

-0.981* 

-0.013 

0.081* 

0.772* 
 

 

 

 

2.9x10-6* 

0.133* 

-0.025 

0.865* 

 

log(retail)                  

 

 

-0.056* 
-0.058* 

-0.063* 

-0.054* 

0.038
*
 

0.046* 

0.302* 

-0.007 

0.007 

0.161* 

 

 

 
 

 

 

 

8.0x10-9* 

0.115* 

0.040 

0.840* 

 

log(crude) 

 

 

0.092 
0.255* 

-0.023 

-0.017 

 

 

 

 

 

 

 

 

 
 

 

 

 

6.4x10-6* 

0.018 

0.085* 

0.932* 

 

log(rack) 

 

 

-0.044 
0.064* 

-0.033 

-0.071* 

0.457
*
 

0.246* 

0.121 

-0.114* 

-0.003 

-0.290* 

 

 

 
 

 

 

 

5.7x10-6* 

0.114* 

-0.010 

0.865* 

 

log(retail)                  

 

 

-0.022* 
-0.045* 

-0.030* 

-0.032* 

0.017
*
 

0.088* 

0.073 

-0.009 

0.043* 

0.206* 

-0.003 

0.014 

0.119* 
0.006 

-0.003 

0.197* 

 

7.1x10-7* 

0.261* 

-0.177* 

0.754* 

 

log(crude) 

 

 

-0.053 
0.345* 

-0.055 

0.023* 

 

 

 

 

 

 

 

 

 
 

 

 

 

6.0x10-6 

0.011 

0.087* 

0.939* 

 

 

log(rack) 

 

 

-0.040 
0.005 

-0.130* 

-0.061* 

0.251
*
 

0.278* 

-0.078 

-0.073* 

-0.003 

0.123 

 

 

 
 

 

 

 

1.1x10-6 

0.093 

0.020 

0.889* 

 

NOTE: Coefficient estimates and significance levels using standard errors based on a heteroscedasticity consistent covariance matrix for the threshold ECMs 

with GJR-GARCH(1,1) errors. Heaviside indicator functions (Ij,t) are based on thresholds (τj) from the TAR specification following the combined Gonzalo and 

Pitarakis (2002) and Seo (2008) methodology with a maximum of M=3 thresholds. Threshold boundaries set so that 15 percent of observations fall below τ and 

15 percent of observations fall above  ̅. The maximum delay parameter is D = 12 (i.e., two, six day weeks). Lag length for threshold ECM selected based on 

minimum BIC with maximum lag length of G = 4. Significance at α = 0.05 is denoted by *. 
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5.5.3  Order of Integration – Weekly Data (01/01/2008 – 14/03/2011) 

The results from the ADF, GLS ADF and EFDF unit root tests for the logarithmic 

transformation of the weekly US and CA data series are presented in Table 5.15. The 

tests include a constant and trend when testing the level series, but the tests only include a 

constant when testing the differenced series. All three unit root tests indicate that the null 

hypothesis, the series contains a unit root, should not be rejected in favour of the 

alternative hypothesis for each city’s price series at five and ten percent levels of 

significance. Additionally, all three unit root tests indicate that the null hypothesis, the 

series contains a unit root, should be rejected in favour of the alternative hypothesis for 

each city’s differenced price series with the exception of the GLS ADF test for the 

differenced retail price series in Calgary. Since the ADF and the EFDF tests both reject 

the null hypothesis at a five and ten percent level of significance, the failure to reject the 

null hypothesis for the differenced rack price series in Calgary is left as an area for future 

study and the ADF and EFDF tests are given the benefit of the doubt. Together, the 

results provide evidence that each city’s daily price series is I(1); hence, the dependent 

and independent variables in the cointegrating regressions are integrated of the same 

order. 

 The results from the ADF and GLS ADF unit root tests for the markup margin are 

presented in Table 5.16. Both tests include a constant, but not a trend. The unit root tests 

indicate that the null hypothesis, the series contains a unit root, should be rejected in 

favour of the alternative hypothesis for each US city’s markup margin at a five percent 

level of significance except the retail-crude markup margin for Seattle, for which the 

GLS ADF unit root test has a p-value of 0.115. Since the p-value is only slightly larger 
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than the ten percent level of significance the retail-crude markup margin for Seattle is 

considered to be stationary.  

 The results for the ADF and GLS ADF unit root tests for the three CA cities are 

discussed in more detail because in seven of nine cases the results for the ADF and the 

GLS ADF unit root tests conflict. The ADF and GLS ADF unit root tests agree that the 

null hypothesis of a unit root should be rejected for the rack-crude markup margin in 

Calgary and Toronto. The GLS ADF unit root test finds that the retail-crude markup 

margin for Vancouver has a p-value of 0.114. Since the p-value is only slightly larger 

than the ten percent level of significance the retail-crude markup margins for all three CA 

cities are considered to be stationary. The ADF unit root test for the retail-rack markup 

margin rejects the null hypothesis of a unit root for Calgary and Vancouver at a ten 

percent level of significance, while it fails to reject the null hypothesis of a unit root for 

Toronto. The GLS ADF unit root test also fails to reject the null hypothesis of unit root 

for all three cities.  Since both the ADF and GLS ADF unit root test fail to reject the null 

hypothesis for the retail-rack markup margin in Toronto, it will be excluded from the 

analysis because the retail-rack markup margin cannot be used as a threshold variable. 

One option that is left for future research is to use the MTAR specification instead of the 

TAR specification. Calgary and Vancouver will be left in the analysis, although it is 

suggested that future research further investigate whether the MTAR specification would 

be a better option for these cities as well. The ADF and GLS ADF unit root test conflict 

for all three CA cities for the retail-crude markup margin. Since both the ADF and GLS 

ADF tests do not fail to reject the null hypothesis for any of the cities, they will all be left 

in the analysis. It is interesting that the order of integration for the markup margin in the 
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US and CA differ substantially. This warrants further investigation, with one potential 

starting point being to investigate the impact of the exchange rate that is incorporated into 

the crude price (WTI) in CA.  

 

Table 5.15:  Unit Root Tests for Weekly Data from 01/01/2008 – 14/03/2011 
     

 Houston  WTI USD  

 log(Retail) Δlog(Retail) log(Rack) Δlog(Rack)  log(Crude) Δlog(Crude)  

ADF -1.896 -4.574*,** -1.512 -5.318*,**  -1.291 -6.677*,**  

GLS ADF -1.906 -2.722*,** -1.890 -3.990*,**  -1.548 -4.109*,**  

EFDF -0.239 -6.173*,** -0.428 -4.296*,**  -1.147 -10.219*,**  

 Chicago    

 log(Retail) Δlog(Retail) log(Rack) Δlog(Rack)    

ADF -2.336 -3.880*,** -1.763 -4.370*,**    

GLS ADF -1.942 -3.521*,** -2.336 -4.291*,**    

EFDF 0.004 -6.244*,** -0.471 -4.236*,**    

 Seattle    

 log(Retail) Δlog(Retail) log(Rack) Δlog(Rack)    

ADF -2.260 -4.200*,** -1.750 -5.946*,**    
GLS ADF -2.300 -3.287*,** -2.239 -3.250*,**    

EFDF -1.291 -3.539*,** -0.175 -8.995*,**    

 Calgary  WTI CAD  

 log(Retail) Δlog(Retail) log(Rack) Δlog(Rack)  log(Crude) Δlog(Crude)  

ADF -1.538 -7.055*,** -1.888 -5.179*,**  -1.550 -6.910*,**  

GLS ADF -1.902 -1.213 -1.999 -3.878*,**  -1.647 -3.495*,**  

EFDF 0.441 -11.105*,** -0.267 -10.640*,**  -1.429 -10.846*,**  

 Toronto    

 log(Retail) Δlog(Retail) log(Rack) Δlog(Rack)    

ADF -2.326 -3.954*,** -2.279 -3.985*,**    

GLS ADF -2.408 -3.796*,** -2.354 -3.845*,**    

EFDF -1.247 -13.670*,** -1.115 -13.833*,**    

 Vancouver    

 log(Retail) Δlog(Retail) log(Rack) Δlog(Rack)     

ADF -2.272 -4.982*,** -2.169 -4.977*,**     

GLS ADF -2.193 -3.455
*,**

 -2.321 -3.789
*,**

     

EFDF -0.400 -13.626*,** -0.279 -10.718*,**     
         

NOTE: Results for three unit root tests with a null hypothesis of a unit root and a maximum lag length of 

T1/3 = 6 to whiten the covariance matrix. Critical values for the GLSD ADF test follow Table 1 in Elliott, 

Rothenberg and Stock (1996). The alternative hypothesis for the EFDF test allows for fractional 

alternatives and the critical values are simulated following Sephton (2009).  The AIC is used to select the 

lag lengths for the ADF and EFDF unit root tests. Significance at α = 0.05 and α = 0.10 denoted by *and **, 

respectively. 

 

  

 



-143- 

 

Table 5.16:  Unit Root Tests for Markup Margins using Weekly Data from 01/01/2008 

                     – 14/03/2011 
  

 Houston 

 log(rack)-log(crude) log(retail)-log(rack) log(retail)-log(crude) 

ADF -3.387*,** -2.797** -3.583*,** 

GLS ADF -3.166*,** -2.686*,** -2.213*,** 

 Chicago  

 log(rack)-log(crude) log(retail)-log(rack) log(retail)-log(crude) 

ADF -3.338*,** -3.389*,** -2.986*,** 

GLS ADF -2.464*,** -2.795*,** -1.680** 

 Seattle 

 log(rack)-log(crude) log(retail)-log(rack) log(retail)-log(crude) 

ADF -2.926*,** -3.779*,** -2.953** 

GLS ADF -2.371*,** -2.299*,** -1.546 

 Calgary 

 log(rack)-log(crude) log(retail)-log(rack) log(retail)-log(crude) 

ADF -3.010*,** -4.288*,** -2.685** 

GLS ADF -2.094
*,**

 -1.248 -1.242 

 Toronto  

 log(rack)-log(crude) log(retail)-log(rack) log(retail)-log(crude) 

ADF -3.140*,** -2.418 -2.346 

GLS ADF -2.546*,** -1.346 -1.760** 

 Vancouver 

 log(rack)-log(crude) log(retail)-log(rack) log(retail)-log(crude) 

ADF -3.003*,** -2.372** -2.581** 

GLS ADF -1.548 -1.194 -1.248 
    

NOTE: Results for two unit root tests with a null hypothesis of a unit root and a maximum lag length of     

T1/3 = 6 to whiten the covariance matrix. Critical values for the GLSD ADF test follow Table 1 in Elliott, 

Rothenberg and Stock (1996). The AIC is used to select the lag lengths for the ADF unit root test. 

Significance at α = 0.05 and 0.10 denoted by *and **, respectively. 

 

5.5.4  Results for TAR Specification and Threshold ECM  – Weekly Data  

          (01/01/2008 – 14/03/2011) 
 

The results for the m threshold (τj), m+1 parameters (ρj), delay parameter (d), and the Seo 

test statistic for US and CA weekly data are presented in Tables 5.17 and 5.18. The 

results are depicted graphically in Figures 5.6 and 5.8. Several insights arise from the 

TAR specification estimated using weekly data from six cities in North America. The 

first insight comes from the rejection of the null hypothesis of a unit root in favour of the 

alternative hypothesis of a stationary threshold process from the first and second stage in 

all six cities. This finding concurs with those found using daily data and indicates that the 
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retail, rack, and crude price series follow a long run equilibrium relationship. The second 

insight is the tendency to move toward the long run equilibrium does not occur within 

regimes for which ρj is not significant. This means that the tendency to move toward the 

long run equilibrium relationship does not occur in every time period or across all sizes 

of markup margin. This finding also concurs with those found using daily data. The 

regimes in which the tendency to move toward the long run equilibrium does not occur 

are the regimes that are shaded in Figures 5.6 and 5.7. 

 The results for the TAR specification employing weekly US data are very similar 

to those from the TAR specification daily US data. This provides evidence in support of 

the results for CA using weekly data since daily data is not available. Given the level of 

similarity between the results for daily and weekly data for all three US cities, the 

discussion will focus on the results for the weekly data from the three CA cities.  

 The results for the TAR specification employing CA weekly data are presented in 

Table 5.18 and Figure 5.7. Band-TAR is present for each city in the first stage, but is only 

present in Calgary at the second stage for the retail-rack markup margin and in Toronto 

for the retail-crude markup margin. Before moving to the discussion of the results from 

the threshold ECM it is worth noting that the results for the TAR specification employing 

weekly CA and US data at the second stage for Toronto and Seattle do not revert back to 

the band when the retail-crude markup margin is very small while Toronto and Houston 

do not revert back to the band when the retail-rack margin is very small. One potential 

explanation given to explain this occurrence in Seattle is that the physical distance from 

Seattle to Cushing, Oklahoma and the Gulf Coast is much further than for Chicago and 

Houston, which may impede the ability to arbitrage. The weekly results somewhat 
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discredit this explanation because the results for Vancouver did not reveal the same 

phenomenon even though the Seattle and Vancouver markets are similar in geographic 

location and cross-border shopping based on rack prices is a common occurrence. One 

thing that is constant across US daily and CA weekly data is that there is always 

movement toward the long run equilibrium relationship when the price margin is 

stretched. This provides evidence that abnormally high margins cannot be sustained 

indefinitely. 

 The results for threshold ECM using weekly data are presented in Tables 5.19 

through 5.24. The primary insights that arise from the threshold ECM using weekly data 

are identical to those using daily data. The first is that there is no systematic pair wise 

relationship between the coefficient estimates for the lagged cointegrating residuals (γj) in 

the bottom regime and the top regime. The second insight is that the GJR coefficient is 

significantly greater than zero across the majority of the cities and stages. This means that 

volatility and price changes are negatively correlated; hence, a leverage effect exists.  
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Table 5.17:  Results from TAR Specification for Weekly US Data from 01/01/2008– 

                     14/03/2011  

 Houston Chicago Seattle 
 

First Stage 
 

Margin=log(rackt-d)-log(crudet-d) 
 

Thresholds (τj) 

 

 

 

 
 

Seo Test Statistic  
 

Delay Parameter (d) 
 

 

 

 

 

0.060, 0.141, 0.185 

   ρA = -0.395*,** 

   ρB = -0.034 

   ρC = 0.433 

   ρD = -0.520*,** 
 

59.706*,** 
 

2 

 

 

 

 

0.129, 0.165, 0.227 

   ρA = -0.299*,** 

   ρB = 0.322 

   ρC = -0.096 

   ρD = -0.582*,** 
 

58.728*,** 
 

2 

 

 

 

 

0.105, 0.194, 0.241 

   ρA = -0.333*,** 

   ρB = 0.1839 

   ρC = -0.640 

   ρD = -0.309*,** 
 

44.397*,** 
 

2 

 

Second Stage 
 

Margin =log(retailt-d)-log(rackt-d) 
 

Thresholds (τj) 

 

 

 

 
 

Seo Test Statistic  
 

Delay Parameter (d) 
 

 

 

 

 

0.017, 0.046, 0.094 

   ρA = 0.223 

   ρB = -0.379 

   ρC = -0.849*,** 

   ρD = -0.354*,** 
 

68.308*,** 
 

3 

 

 

 

 

0.028, 0.055, 0.109 

   ρA = -0.434** 

   ρB = -0.878*,** 

   ρC = -0.042 

   ρD = -0.364*,** 
 

60.256*,** 
 

2 

 

 

 

 

   0.110, 0.141 

   ρA = -0.446*,** 

   ρB = 0.254 

   ρC = -0.213*,** 

    
 

37.607*,** 
 

1 

 

Second Stage 
 

Margin =log(retailt-d)-log(crudet-d) 
 

Thresholds (τj) 

 

 

 

 
 

Seo Test Statistic  
 

Delay Parameter (d) 
 

 

 

 

 

0.190, 0.250 

   ρA = -0.784*,** 

   ρB = 0.117 

   ρC = -0.255*,** 

    
 

67.633*,** 
 

2 

 

 

 

 

0.262 

   ρA = -0.642*,**  

   ρB = -0.268*,** 

    

     
 

48.845*,** 
 

2 

 

 

 

 

0.259, 0.214, 0.345 

   ρA = 0.118 

   ρB = -0.626*,** 

   ρC = -0.063 

   ρD = -0.443*,** 
 

52.235*,** 
 

3 

NOTE: Results of TAR specification following the combined Gonzalo and Pitarakis (2002) and Seo (2008) 
methodology with a maximum of M = 3 thresholds. The parameter for the region below the bottom 

threshold (τ1) is ρA, the parameter for the region above the bottom threshold is ρB and so forth.  Threshold 

boundaries set so that 15 percent of observations fall below τ and 15 percent of observations fall above  ̅. 

The maximum delay parameter is D = 4 (i.e., four weeks or approximately one month). The order for the 

lagged dependent variable in the testing equation is selected by the BIC with a maximum lag length of       

R = T1/3 = 6. Critical values follow the residual-based block bootstrap methodology outlined by Seo (2008) 

with block length 6 and 200 replications under the null. Significance at α = 0.05 and α = 0.10 is denoted by 
* and **, respectively. If the level of significance with 200 replications fell between 0.03 and 0.13 the 

residual-based block bootstrap was repeated with 800 replications.  
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Table 5.18:  Results from TAR Specification for Weekly CA Data from 01/01/2008 –   

                     14/03/2011  

 Calgary Toronto Vancouver 
 

First Stage 
 

Margin=log(rackt-d)-log(crudet-d) 
 

Thresholds (τj) 

 

 

 

 
 

Seo Test Statistic  
 

Delay Parameter (d) 
 

 

 

 

 

0.181, 0.203, 0.260 

   ρA = -0.026*,** 

   ρB = -0.558 

   ρC = 0.228*,** 

   ρD = -0.519*,** 
 

60.710*,** 
 

3 

 

 

 

 

0.152, 0.174, 0.229 

   ρA = -0.200** 

   ρB = -1.169*,** 

   ρC = 0.257 

   ρD = -0.542*,** 
 

86.122*,** 
 

2 

 

 

 

 

0.142, 0.179, 0.278 

   ρA = -0.375*,** 

   ρB = -0.151 

   ρC = 0.269 

   ρD = -0.450*,** 
 

49.371*,** 
 

1 

 

Second Stage 
 

Margin =log(retailt-d)-log(rackt-d) 
 

Thresholds (τj) 

 

 

 

 
 

Seo Test Statistic  
 

Delay Parameter (d) 
 

 

 

 

 

0.071, 0.093, 0.130 

   ρA = -1.063*,** 

   ρB = -0.186 

   ρC = -0.806*,** 

   ρD = -0.506*,** 
 

91.403*,** 
 

3 

 

 

 

 

N/A10 

 

 

 

 

0.110 

   ρA = -0.592*,** 

   ρB = -0.865*,** 

     

     
 

53.937*,** 
 

2 

 

Second Stage 
 

Margin =log(retailt-d)-log(crudet-d) 
 

Thresholds (τj) 

 

 

 

 
 

Seo Test Statistic  
 

Delay Parameter (d) 
 

 

 

 

 

0.256, 0.422 

   ρA = -0.817*,** 

   ρB = -0.411*,** 

   ρC = -0.109*,** 

     
 

92.782*,** 
 

1 

 

 

 

 

0.250, 0.281, 0.315 

   ρA = -0.085 

   ρB = -0.568** 

   ρC = 0.290 

   ρD = -0.543*,** 
 

44.170*,** 
 

3 

 

 

 

 

0.341, 0.403 

   ρA = -0.922*,** 

   ρB = -1726*,** 

   ρC = -0.462*,** 

    
 

190.827*,** 
 

3 

NOTE: Results of TAR specification following the combined Gonzalo and Pitarakis (2002) and Seo (2008) 
methodology with a maximum of M = 3 thresholds. The parameter for the region below the bottom 

threshold (τ1) is ρA, the parameter for the region above the bottom threshold is ρB and so forth.  Threshold 

boundaries set so that 15 percent of observations fall below τ and 15 percent of observations fall above  ̅. 

The maximum delay parameter is D = 4 (i.e., four weeks or approximately one month). The order for the 

lagged dependent variable in the testing equation is selected by the BIC with a maximum lag length of        

R = T1/3 = 6. Critical values follow the residual-based block bootstrap methodology outlined by Seo (2008) 

with block length 6 and 200 replications under the null. Significance at α = 0.05 and α = 0.10 is denoted by 
* and **, respectively. If the level of significance with 200 replications fell between 0.03 and 0.13 the 

residual-based block bootstrap was repeated with 800 replications.  

                                                   
10 The Toronto retail-rack markup margin is not stationary; hence, it cannot be used as a threshold variable 

(qt-d) and is excluded from the analysis.  
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Figure 5.6:  Graphical Representation of Results from TAR Specification for Weekly US Data from 01/01/2008 – 14/03/2011 

 

 

 
 

 

 

 Houston                                 Chicago                                     Seattle 
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Figure 5.7  Graphical Representation of Results from TAR Specification for Weekly CA Data from 01/01/2008 – 14/03/2011 

 

 

 

 Calgary                              Toronto                                Vancouver 
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Table 5.19: Results from First Stage Threshold ECM  for Weekly US Data from 01/01/2008 – 14/03/2011 

 Houston Chicago Seattle 
 

Dependent Variable  
 

Margin = log(rackt-d) – log(crudet-d) 
 

IA,t ̂t-1 

IB,t ̂t-1 

IC,t ̂t-1 

ID,t ̂t-1 

Δcrudet-1 

Δretailt-1 

Δcrudet-2 

Δretailt-2 

 

Constant ( ) 
ARCH 

GARCH 

GJR 

 

log(rack) 

 

 

0.073 
-0.057 

-0.065 

-0.252 

-0.258 

-0.002 

-0.147 

0.336* 

 

8.5x10-6 

2.3x10-9 

0.124* 

0.900* 

 

log(crude) 

 

 

0.640 
0.005 

-0.549 

0.290* 

 

 

 

 

 

1.7x10-4 

0.080 

0.167 

0.818* 

 

log(rack) 

 

 

-0.035 
0.449* 

0.044 

-0.339* 

0.276
*
 

-0.098 

 

 

 

1.0x10-4* 

1.6x10-8 

0.140 

0.891* 

 

log(crude) 

 

 

0.317* 
0.045 

-0.057 

0.210* 

 

 

 

 

 

2.5x10-4* 

9.7x10-9 

0.315* 

0.778* 

 

log(rack) 

 

 

-0.018 
0.080 

0.110 

-0.141 

0.209
*
 

0.258 

 

 

 

3.0x10-5 

1.7x10-10 

0.171* 

0.885* 

 

log(crude) 

 

 

0.457* 
-0.170 

0.657* 

0.223* 

 

 

 

 

 

3.9x10-4 

0.139 

0.104 

0.703 

NOTE: Coefficient estimates and significance levels using standard errors based on a heteroscedasticity consistent covariance matrix for the threshold ECMs 

with GJR-GARCH(1,1) errors. Heaviside indicator functions (Ij,t) are based on thresholds (τj) from the TAR specification following the combined Gonzalo and 

Pitarakis (2002) and Seo (2008) methodology with a maximum of M = 3 thresholds. Threshold boundaries set so that 15 percent of observations fall below τ and 

15 percent of observations fall above  ̅. The maximum delay parameter is D = 4 (i.e., four weeks or approximately one month). Lag length for threshold ECM 

selected based on minimum BIC with maximum lag length of G = 2. Significance at α = 0.05 is denoted by *. 
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Table 5.20: Results from Second Stage Threshold ECM for Weekly US Data from 01/01/2008 – 14/03/2011 

 Houston Chicago Seattle 
 

Dependent Variable 
 

Margin = log(retailt-d) – log(rackt-d) 
 

IA,t ̂t-1 

IB,t ̂t-1 

IC,t ̂t-1 

ID,t ̂t-1 

Δrackt-1 

Δcrudet-1 

Δretailt-1 

Δrackt-2 

Δcrudet-2 

Δretailt-2 

 

Constant  ( ) 

ARCH(Alpha1) 

GARCH(Beta1) 

GJR(Gamma) 

 

log(retail)                  

 

 

-0.324 
-0.377 

-0.495* 

-0.437* 

0.063 

0.155* 

-0.069 

0.037 

-0.002 

0.329 

 

3.4x10-5 

0.064 
0.027 

0.862* 

 

log(crude) 

 

 

-1.082 
-0.459 

-0.189 

-0.558* 

-0.482
*
 

0.291* 

0.186 

 

 

 

 

1.1x10-4 

2.1x10-9 
0.174 

0.867* 

 

log(rack) 

 

 

0.688* 
-0.429 

0.591 

0.020 

 

 

 

 

 

 

 

2.1x10-4 

7.4x10-9 
0.323* 

0.793* 

 

log(retail)                  

 

 

-0.477* 
-0.303 

-0.504* 

-0.457* 

0.020 

0.102* 

0.041 

-0.054 

-0.004 

0.328* 

 

3.5x10-5 

0.021 
0.083 

0.874* 

 

log(crude) 

 

 

-0.586 
0.021 

-0.896* 

-0.595* 

-0.467
*
 

0.247* 

0.192 

 

 

 

 

1.5x10-4 

5.2x10-9 
0.177 

0.859* 

 

log(rack) 

 

 

0.286 
0.724 

-0.565 

-0.033 

 

 

 

 

 

 

 

1.9x10-4 

8.7x10-10 
0.237 

0.835 

 

log(retail)                  

 

 

-0.142* 
-0.369* 

-0.278* 

0.018 

0.088
*
 

0.528* 

 

 

 

 

 

5.8x10-6 

8.9x10-8 
0.195 

0.863* 

 

log(crude) 

 

 

0.049 
-0.972* 

-0.360 

-0.122 

0.201
*
 

0.395* 

 

 

 

 

 

3.3x10-5 

1.9x10-7 
0.209 

0.864 

 

log(rack) 

 

 

0.912* 
0.029 

0.729 

0.780* 

-0.070 

-0.782 

0.763 

-0.201 

0.581 

 

 

1.4x10-4 

6.5x10-8 
0.216* 

0.852* 

NOTE: Coefficient estimates and significance levels using standard errors based on a heteroscedasticity consistent covariance matrix for the threshold ECMs 

with GJR-GARCH(1,1) errors. Heaviside indicator functions (Ij,t) are based on thresholds (τj) from the TAR specification following the combined Gonzalo and 

Pitarakis (2002) and Seo (2008) methodology with a maximum of M = 3 thresholds. Threshold boundaries set so that 15 percent of observations fall below τ and 

15 percent of observations fall above  ̅. The maximum delay parameter is D = 4 (i.e., four weeks or approximately one month). Lag length for threshold ECM 

selected based on minimum BIC with maximum lag length of G = 2. Significance at α = 0.05 is denoted by *. 
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Table 5.21: Results from Second Stage Threshold ECM for Weekly US Data from 01/01/2008 – 14/03/2011 

 Houston Chicago Seattle 
 

Dependent Variable 
 

Margin = log(retailt-d) – log(crudet-d) 
 

IA,t ̂t-1 

IB,t ̂t-1 

IC,t ̂t-1 

ID,t ̂t-1 

Δrackt-1 

Δcrudet-1 

Δretailt-1 

Δrackt-2 

Δcrudet-2 

Δretailt-2 

 

Constant  ( ) 

ARCH(Alpha1) 

GARCH(Beta1) 

GJR(Gamma) 

 

log(retail) 

 

 

0.283* 
-0.303* 

-0.467* 

 

0.162
*
 

0.089 

-0.066 

0.112 

0.044 

0.320* 

 

3.1x10-5* 

1.3x10-5 
0.091 

0.901* 

 

log(crude) 

 

 

0.882* 
-0.431 

-0.427* 

 

 

 

 

 

 

 

 

4.1x10-4* 

1.9x10-8 
0.545* 

0.656* 

 

log(rack) 

 

 

6.4x10-4 
-1.023 

-0.645* 

 

0.298
*
 

-0.420* 

0.172 

 

 

 

 

1.2x10-4 

5.1x10-9 
0.197 

0.847* 

 

log(retail) 

 

 

-0.308* 
-0.570* 

 

 

0.128
*
 

-0.087 

0.260 

 

 

 

 

5.1x10-5 

0.028 
0.183* 

0.787* 

 

 

log(crude) 

 

 

0.764 
-0.372* 

 

 

 

 

 

 

 

 

 

5.6x10-4* 

1.8x10-8 
0.594* 

0.577* 

 

log(rack) 

 

 

-0.210 
-0.775* 

 

 

0.290 

-0.509 

0.169 

 

 

 

 

1.5x10-4 

8.5x10-9 
0.198 

0.846* 

 

log(retail) 

 

 

-0.360* 
-0.152 

-0.316* 

-0.172* 

0.078
*
 

0.015 

0.535* 

 

 

 

 

6.5x10-6 

0.033 
0.205 

0.825* 

 

log(crude) 

 

 

-0.379 
2.133* 

0.143 

1.141* 

-0.121 

0.707* 

-0.603 

-0.208 

-0.638* 

0.613 

 

7.5x10-5 

2.6x10-9 
0.158 

0.898 

 

log(rack) 

 

 

-0.948* 
-0.141 

-0.752* 

-0.297* 

 

 

 

 

 

 

 

4.6x10-5 

2.7x10-7 
0.226* 

0.845* 

NOTE: Coefficient estimates and significance levels using standard errors based on a heteroscedasticity consistent covariance matrix for the threshold ECMs 
with GJR-GARCH(1,1) errors. Heaviside indicator functions (Ij,t) are based on thresholds (τj) from the TAR specification following the combined Gonzalo and 

Pitarakis (2002) and Seo (2008) methodology with a maximum of M = 3 thresholds. Threshold boundaries set so that 15 percent of observations fall below τ and 

15 percent of observations fall above  ̅. The maximum delay parameter is D = 4 (i.e., four weeks or approximately one month). Lag length for threshold ECM 

selected based on minimum BIC with maximum lag length of G = 2. Significance at α = 0.05 is denoted by *. 
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Table 5.22: Results for First Stage Threshold ECM for Weekly CA Data from 01/01/2008 – 14/03/2011 

 Calgary Toronto Vancouver 
 

Dependent Variable  
 

Margin = log(rackt-d) – log(crudet-d) 
 

IA,t ̂t-1 

IB,t ̂t-1 

IC,t ̂t-1 

ID,t ̂t-1 

Δcrudet-1 

Δretailt-1 

Δcrudet-2 

Δretailt-2 

 

Constant ( ) 
ARCH 

GARCH 

GJR 

 

log(rack) 

 

 

0.080 
0.021 

-0.022 

-0.150 

0.153
*
 

0.079 

 

 

 

7.2x10-5 

4.7x10-8 

0.107* 

0.897* 

 

log(crude) 

 

 

0.242 
0.805 

-0.346 

0.422* 

 

 

 

 

 

3.0x10-4 

1.0x10-8 

0.319* 

0.749 

 

log(rack) 

 

 

0.111 
0.020 

0.026 

-0.333* 

 

 

 

 

 

4.1x10-5 

2.1x10-8 

0.106* 

0.925* 
 

 

log(crude) 

 

 

0.391 
1.492 

-0.285 

0.262 

 

 

 

 

 

2.1x10-4 

3.1x10-9 

0.262* 

0.812 

 

log(rack) 

 

 

-0.025 
0.019 

-0.239 

-0.145 

0.124 

0.099 

0.051 

0.246* 

 

0.537 

0.316 

-0.605* 

0.392* 

 

log(crude) 

 

 

0.537 
0.316 

-0.605* 

0.392* 

 

 

 

 

 

8.9x10-4 

0.520 

0.005 

0.271 

NOTE: Coefficient estimates and significance levels using standard errors based on a heteroscedasticity consistent covariance matrix for the threshold ECMs 

with GJR-GARCH(1,1) errors. Heaviside indicator functions (Ij,t) are based on thresholds (τj) from the TAR specification following the combined Gonzalo and 

Pitarakis (2002) and Seo (2008) methodology with a maximum of M = 3 thresholds. Threshold boundaries set so that 15 percent of observations fall below τ and 

15 percent of observations fall above  ̅. The maximum delay parameter is D = 4 (i.e., four weeks or approximately one month). Lag length for threshold ECM 

selected based on minimum BIC with maximum lag length of G = 2. Significance at α = 0.05 is denoted by *. 
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Table 5.23: Results for Second Stage Threshold ECM for Weekly CA Data from 01/01/2008 – 14/03/2011 

 Calgary Toronto Vancouver 
 

Dependent Variable 
 

Margin = log(retailt-d) – log(rackt-d) 
 

IA,t ̂t-1 

IB,t ̂t-1 

IC,t ̂t-1 

ID,t ̂t-1 

Δrackt-1 

Δcrudet-1 

Δretailt-1 

Δrackt-2 

Δcrudet-2 

Δretailt-2 

 

Constant  ( ) 

ARCH(Alpha1) 

GARCH(Beta1) 

GJR(Gamma) 

 

log(retail)                  

 

 

-1.213* 
-0.378 

-0.722* 

-1.039* 

 

 

 

 

 

 

 

1.8x10-4 

0.023 
0.024 

0.744* 

 

 

log(crude) 

 

 

-1.809 
-0.152 

0.094 

-0.612* 

 

 

 

 

 

 

 

8..4x10-5 

5.6x10-8 
0.119 

0.884* 

 

 

log(rack) 

 

 

0.393 
-0.169 

0.319 

0.176 

 

 

 

 

 

 

 

2.4x10-4* 

6.6x10-10 
0.325* 

0.757* 

 

 

log(retail)                  

 

 

 

 

log(crude) 

 

 

N/A11 

 

log(rack) 

 

 

 

 

log(retail)                  

 

 

-1.492* 
-0.062 

0.170* 

0.019 

 

 

 

 

 

 

 

1.3x10-4 

0.108 
0.085 

0.649* 

 

 

log(crude) 

 

 

0.974* 
-0.391 

-0.422 

0.197* 

0.447 

-0.268 

0.109 

0.445* 

 

 

 

1.7x10-4 

0.124 
0.235 

0.639* 

 

log(rack) 

 

 

0.374 
-0.574 

 

 

 

 

 

 

 

 

 

2.6x10-4 

2.2x10-10 
0.339* 

0.754* 

NOTE: Coefficient estimates and significance levels using standard errors based on a heteroscedasticity consistent covariance matrix for the threshold ECMs 
with GJR-GARCH(1,1) errors. Heaviside indicator functions (Ij,t) are based on thresholds (τj) from the TAR specification following the combined Gonzalo and 

Pitarakis (2002) and Seo (2008) methodology with a maximum of M = 3 thresholds. Threshold boundaries set so that 15 percent of observations fall below τ and 

15 percent of observations fall above  ̅. The maximum delay parameter is D = 4 (i.e., four weeks or approximately one month). Lag length for threshold ECM 

selected based on minimum BIC with maximum lag length of G = 2. Significance at α = 0.05 is denoted by *. 
 

 

 

 

                                                   
11 The Toronto retail-rack markup margin is not stationary; hence, it cannot be used as a threshold variable (qt-d) and is excluded from the analysis. 
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Table 5.24: Results for Second Stage Threshold ECM for Weekly CA Data from 01/01/2008 – 14/03/2011 

 Calgary Toronto Vancouver 
 

Dependent Variable 
 

Margin = log(retailt-d) – log(crudet-d) 
 

IA,t ̂t-1 

IB,t ̂t-1 

IC,t ̂t-1 

ID,t ̂t-1 

Δrackt-1 

Δcrudet-1 

Δretailt-1 

Δrackt-2 

Δcrudet-2 

Δretailt-2 

 

Constant  ( ) 

ARCH(Alpha1) 

GARCH(Beta1) 

GJR(Gamma) 

 

log(retail)                  

 

 

-1.211* 
-0.725* 

-1.011* 

 

 

 

 

 

 

 

 

8.6x10-5 

0.041 
-8.5x10-4 

0.863* 

 

 

log(crude) 

 

 

0.525 
-0.624* 

0.796 

-0.085 

-0.417 

0.665 

 

 

 

 

 

2.7x10-4 

6.7x10-8 
0.272 

0.788 

 

 

log(rack) 

 

 

-0.454* 
-0.360* 

0.091 

 

 

 

 

 

 

 

 

9.1x10-5* 

3.5x10-7 
0.101 

0.893* 

 

 

log(retail)                  

 

 

-1.323 
0.567 

-3.746 

2.214 

 

 

 

 

 

 

 

8.2x10-5 

0.047 
0.052 

0.881* 

 

log(crude) 

 

 

-1.774 
-8.226* 

-2.862 

-0.745 

 

 

 

 

 

 

 

3.1x10-4* 

7.1x10-7 
0.369* 

0.712* 

 

log(rack) 

 

 

-1.351 
1.038 

-4.405 

3.064 

 

 

 

 

 

 

 

1.0x10-4 

0.021 
0.081 

0.890* 

 

log(retail)                  

 

 

-1.582* 
-0.444* 

-0.538 

0.175* 

-0.027 

-0.016 

 

 

 

 

 

3.3x10-4 

0.086 
0.366 

0.375 

 

log(crude) 

 

 

-0.879 
2.190* 

0.333 

 

 

 

 

 

 

 

 

2.5x10-4* 

3.7x10-9 
0.469* 

0.714* 

 

log(rack) 

 

 

-0.993* 
1.170* 

-0.284 

 

0.226
*
 

-0.410 

0.416 

0.117* 

-0.135 

0.462* 

 

2.6x10-4 

5.6x10-8 
0.467 

0.560* 

 

NOTE: Coefficient estimates and significance levels using standard errors based on a heteroscedasticity consistent covariance matrix for the threshold ECMs 
with GJR-GARCH(1,1) errors. Heaviside indicator functions (Ij,t) are based on thresholds (τj) from the TAR specification following the combined Gonzalo and 

Pitarakis (2002) and Seo (2008) methodology with a maximum of M = 3 thresholds. Threshold boundaries set so that 15 percent of observations fall below τ and 

15 percent of observations fall above  ̅. The maximum delay parameter is D = 4 (i.e., four weeks or approximately one month). Lag length for threshold ECM 

selected based on minimum BIC with maximum lag length of G = 2. Significance at α = 0.05 is denoted by *. 

 

 



-156- 

 

5.6  Conclusion 

The chapter empirically examines the relationships between the price of crude oil, rack, 

and retail gasoline in several markets across North America between 2008 and 2011 and 

determines whether asymmetries exist in the new era of increased price volatility and 

reduced search costs stemming from GPS units, websites such as www.gasbuddy.com 

and www.autos.msn.com, and free or nominally priced smart phone applications such as 

GasBuddy, FuelFinder, and iGasUp that display the current price of gasoline as specific 

retail locations. 

The results using daily and weekly data suggest that upstream and downstream 

prices are cointegrated, but an adjustment back to the long run equilibrium relationship 

does not exist across all markup margins. For daily US data and weekly US data there is 

consistent evidence that the crude, rack, and retail prices are free to diverge until the 

deviation from the equilibrium markup margin is squeezed or stretched beyond a lower or 

upper threshold. This relationship is termed band-TAR and may even exist in an efficient 

market due to frictions caused by transaction costs (Balke and Fomby, 1997). For weekly 

CA data there is less consistent evidence of band-TAR; however, evidence from both 

daily and weekly data indicate that when the price margin is stretched there is always 

movement towards the long run equilibrium relationship, providing evidence that 

abnormally high margins cannot be sustained indefinitely.  

Given the consistent finding of band-TAR across daily data, it is not surprising 

that governments, consumers, and the popular press are questioning the relationships 

between the price of crude oil and the retail price of gasoline. Findings from daily and 

weekly data indicate that there may be no need for immediate policy intervention in these 
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six cities because the results for the TAR specification indicate that abnormally high 

markup margins cannot be sustained indefinitely and that there is no systematic 

relationship between the speed of adjustment and the markup margin; hence, the 

movement to the long run equilibrium is not faster when the markup margin for the 

downstream firm is squeezed as opposed to stretched. This research leaves two 

interesting policy questions for future study: (1) What are the primary determinants in the 

difference in magnitudes of the markup margin? and (2) What causes the width of band-

TAR regimes to vary between cities? Possible explanations include: proximity to the 

WTI futures contract delivery region; proximity to refineries; refinery capacity; 

transaction costs including pipeline fees, delivery fees, and security fees; local supply and 

demand; environmental regulations; operating costs; storage capacity; price risk 

management strategy; and pricing strategy. 
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Chapter 6  

General Discussion and Conclusions 

This thesis develops a new methodological approach to test for threshold cointegration. It 

determines the threshold locations (τj), the number of thresholds (m), and tests the null 

hypothesis of a unit root against the alternative of a stationary threshold process using     

p-values based on a residual-based block bootstrap for the TAR specification. The 

properties of the new approach are investigated using Monte Carlo analysis. The results 

indicate that the methodology performs well and is suited for application to real world 

time series. The results also indicate that discretion should be used when employing data 

with a frequency that is lower than the underlying DGP because it decreases the correct 

decision frequency with respect to the number of thresholds. 

The new methodology is employed in combination with threshold ECMs to 

investigate price transmission in the oil and gasoline industry. The first application 

investigates the spatial price relationships among the prices of the WTI, the Brent, and 

the Oman from 2008 through 2011. The results indicate that the crude oil benchmarks are 

tied together by a long run relationship; however, the recent reversal in price premium 

between the two main crude oil benchmarks, the WTI and the Brent, is an anomaly that 

has resulted in a period of time in which the series do not have a tendency to move 

toward their long run relationship. In response, policy makers and regulators are advised 

to remove current impediments to arbitrage that are present in the crude oil market.  

The second application employs the new methodology in combination with 

threshold ECMs to investigate the vertical price relationships between the retail, rack, and 

crude prices in six cities across North America. Two stages of the vertical supply chain 
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are investigated with regime switches being triggered by the markup margin. The results 

using both daily and weekly data between 2008 and 2011 suggest that upstream and 

downstream prices are cointegrated. There is evidence of band-TAR in which the crude, 

rack, and retail prices are free to diverge until the markup margin is squeezed or stretched 

beyond a lower or upper threshold. This suggests that abnormally high margins cannot be 

sustained indefinitely. The threshold ECMs indicate that there is no systematic 

relationship between the speed of adjustment and the markup margin; however, the 

residuals exhibit a leverage effect in which volatility and price changes are negatively 

correlated. Findings from daily and weekly data indicate that there may be no need for 

immediate policy intervention because the results for the TAR specification indicate that 

abnormally high markup margins cannot be sustained indefinitely and that there is no 

systematic relationship between the speed of adjustment and the markup margin; hence, 

the movement to the long run equilibrium is not faster when the markup margin for the 

downstream firm is squeezed as opposed to stretched.   

The new methodological approach to test for threshold cointegration that is 

developed and applied in this thesis leaves many opportunities for future research. One 

opportunity is to employ the new approach to investigate other economic phenomena 

mentioned in Chapter 2. For example, the results from three papers: Bartolini and Lahiri 

(2006); Douglas (2010); and Holmes (2011) can be replicated using the new approach to 

determine whether the original conclusions, which have important policy implications, 

hold. Those conclusions include the relationship between nominal and relative prices; 

asymmetry in the oil and gasoline industry; and the twin deficit debate, respectively. 

Another opportunity is to extend the new approach to the MTAR specification. The 
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Monte Carlo analysis performed in Chapter 3 can be replicated for the MTAR 

specification to investigate its statistical properties. If the properties of the MTAR 

specification are satisfactory, it can be used as an alternative to the TAR specification 

when the desired threshold variable (qt-d) is not stationary. A third opportunity is to 

extend the new approach to a systems approach to testing for threshold cointegration. 

Two additional opportunities are to investigate the benefits of incorporating threshold 

cointegration into forecasting and hedging effectiveness when employing the new 

approach to determine the threshold locations (τj), the number of thresholds (m), and test 

for threshold cointegration.  
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