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Thesis Abstract 

 

This dissertation provides an overview of recent developments in the identification and 

estimation of unknown change-points. It explores the applicability and efficacy of the 

new approaches to the analysis of economic relationships in agricultural marketing, 

agricultural production, and food markets. It demonstrates via empirical analyses how the 

methods can be implemented and the results interpreted. In particular, this dissertation 

includes three empirical essays, focusing on two families of parameter-nonconstancy 

models: threshold regression and structural change models. In addition, given the breadth 

of the topics (generic dairy promotion program, rice production efficiency, and vertical 

price relationship) and the countries of data collected (the United States, Bangladesh, and 

Japan), the three empirical essays address a broad spectrum of important issues in 

different commodity sectors under different economic environments. 
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Chapter 1. Introduction 
 
 

Empirical modeling to capture the nature of an economic system or relationship typically 

requires the parameters of the model to remain constant across realizations of random 

variables as well as across time. If the parameters are truly the ones that directly 

characterize the economic relationship in question (i.e., are not derived from more basic 

parameters), it is viable that a change in the underlying economic relationship from one 

state to another can be expressed as a change in the structural parameters of the empirical 

model (Hendry 1995). For example, a firm’s investment decisions on quasi-fixed inputs, 

such as choosing among investment, inaction, or disinvestment, can be manifested by 

changes in the parameters of the firm’s optimal investment demand equation (Abel and 

Eberly 1994, Boetel, Hoffmann and Liu 2007). Similarly, in the case of time-series 

analysis it has been regarded that major historic economic events, such as the Great Crash 

of 1929 and the oil price shock of 1973, could have an impact large enough to alter the 

underlying economic structure such that the model parameters once and for all take a 

different set of values (Perron 1989).  

     In econometrics, one way to examine changes in the structure of parameters is to test 

for parameter instability, referred here as non-constancy of parameters in regression and 

time-series models. Classical approaches, such as the Chow test (Chow 1960), are based 

on the assumption that a change-point, whereat the structure of parameters is altered, can 

be specified exogenously by researcher because he/she is supposed to have a deep 

knowledge of the economic relationship being studied. Yet, one can obtain such deep 

knowledge of the structure only after carefully examining the data and becoming 

convinced that a change might have indeed occurred at a specific point. To this effect, the 

choice of the change-point is correlated with the data, rendering standard statistical 

inferences invalid (Hansen 2001). This concern has led to recent methodological 

developments of treating a change-point as unknown while constructing statistical 

inference procedures that explicitly account for the fact that a search for the change-point 

has to be conducted.  
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     The main objective of this thesis is three-fold: 1) to provide an overview of recent 

developments in the identification and estimation of unknown change-points; 2) to 

explore via Monte Carlo simulations the applicability and efficacy of the new approaches 

to the analysis of economic relationships in agricultural marketing and in agricultural 

production; and 3) to demonstrate, via empirical analyses, how the methods can be 

implemented and the results interpreted. In particular, this thesis includes three empirical 

essays, focusing on two families of parameter non-constancy models: threshold 

regression models and structural change models. The threshold models considered in this 

dissertation allow the parameter of a linear regression model to take different values 

depending on the magnitude of the variable of interest (i.e., the threshold variable) vis-à-

vis unknown thresholds. The structural change models allow for structural breaks of 

unknown timing in linear regression models, as well as in unit root and cointegration 

equations characterizing the evolution of economic time series. To be wide-ranging, the 

three empirical essays address important issues in different commodity sectors under 

different economic environments, including generic dairy promotion in the United States, 

rice production efficiency in Bangladesh, and retail-farm price relationship in the 

Japanese pork market. 

     The first essay addresses the issues of threshold effects of generic fluid milk 

advertising in the United States. A threshold delineates the level of advertising intensity 

that has to be met to generate a specific level of sales effect. Despite strong beliefs among 

market practitioners, the issue of advertising thresholds has rarely been studied by 

researchers interested in agricultural commodity promotions. Adopting a spline threshold 

estimation procedure, this essay represents the first attempt to identify thresholds in the 

sales effect of generic fluid milk advertising.  Also investigated is the potential effect of 

advertising thresholds on consumers’ reactions to a change in important economic 

variables such as own price and income. Using quarterly data from 1975 to 2004, a 

regime-dependent fluid milk demand equation is estimated. The results support the 

existence of a minimum advertising threshold under which advertising has no effect on 

sales and beyond which diminishing returns dictate. The results also show that generic 

fluid milk advertising has the effect of rendering fluid milk demand less elastic with 
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respect to own price and more elastic with respect to income. The results of policy 

simulation based on an industry model further highlight the importance of accounting for 

threshold effects of advertising in evaluating promotion program effectiveness. 

     The second essay analyzes the impact of farm size on productivity of rice producers in 

Bangladesh with a particular focus on the threshold effects of farm size. Using rich 

survey data for 960 rice farm households spread over 64 villages collected in 2008, total 

factor productivity measures are estimated using Data Envelopment Analysis and 

Stochastic Frontier Analysis. The estimated productivity scores are then regressed on 

farm household specific variables within the framework of threshold modeling to explain 

the differences in production efficiency among rice farmers as well as to estimate 

threshold effects on productivity of household farm size, if any. The estimation results 

confirm that: 1) there are threshold effects of farm size on productivity; 2) farm size and 

productivity are positively related for small- and medium-size household farms, but 

negatively related for large-size household farms (which constitute only a small portion 

of the sample); and 3) the effects on rice productivity of other farm/land characteristics 

also vary across the estimated farm size categories. The results suggest that land 

consolidation policies, aiming at small farms, could have the potential of increasing rice 

production, as well as sustaining livelihood in Bangladesh. 

     The third essay examines structural breaks (of unknown timing) in the long-run retail-

farm price relationships in the Japanese pork market, using monthly data ranging from 

1967 to 2008. Given the body of evidence suggesting that many agricultural and 

commodity prices may be nonstationary, of equal importance in the structural change 

analysis is a careful examination of the time series properties of the price variables. To 

gain insight into the short-run price adjustments (facing shocks) toward the long-run price 

relationship, an autoregressive model is also estimated, with the residual series from the 

estimated long-run price relationship serving as the error correction term in the short-run 

analysis. Three major findings emerge. First, the results confirm the importance of 

allowing for structural breaks in the preliminary data analysis of the price variables (such 

as unit root and cointegration tests) as well as in the estimation of the long-run price 

relationship. Upon allowing for structural breaks in the tests, the results from 
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conventional methods of no structural break are all overturned. Results from extensive 

Monte Carlo simulations strongly support the superiority of the models with allowances 

for structural breaks over the conventional models of no break. Second, four structural 

breaks are identified for the long-run retail-farm price linkage equation, reflecting 

changes in production costs, the state of economy and trade regimes important to the 

Japanese pork sector. Based on a comparison of the estimated farm price transmission 

elasticities across the five identified regimes, one finds a weakening linkage between 

retail pork and farm hog prices over the 40 years of study period. Finally, results from the 

estimation of short-run price dynamics in different regimes show that the relative 

importance of farm hog price as a determinant of retail pork prices has decreased over the 

sample period. The weakening connection between retail and farm prices found in both 

the long-run and short-run analyses may be due to changes in Japanese pork retailing, 

such as the emergence of mega retail chain stores.   

     In the next chapter, an overview of the two families of parameter non-constancy 

models is provided. Given the literature has grown at a remarkable rate, the review 

unavoidably excludes some previous works, focusing on the studies closely related to the 

research interests of this thesis. Yet, it is envisioned that this review will provide a useful 

guide for researchers who are interested in the threshold regression and structural change 

models.   
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Chapter 2. An Overview of Threshold and Structural Change 

Estimation Methods: The Case of Linear Regression 
 
 

A brief review of the two change-point estimation methods used in the empirical essays is 

presented in this chapter. The threshold regression model is first discussed, followed by a 

presentation of the structural change model. Although both estimation methods have a 

variety of model specifications, the focus here is on linear regression.   

 

2.1. Threshold Regression Models 

The model allows for all or a subset of the regression coefficients to differ depending on 

the magnitude of threshold variable vis-à-vis unknown thresholds. If n thresholds are 

identified through estimation, the underlying economic relationship is said to contain n+1 

“regimes” or “classes”, depending on the context of the study. Focusing on the studies 

closely related to the research interests of this thesis, particular attention is placed on the 

linear threshold regression estimation methods developed in a series of papers by 

Professor Bruce E. Hansen (1996, 1999, 2000). Selected extensions of the linear 

threshold regression model are also briefly discussed in the later part of this section. 

     Note that if a threshold was known, the estimation of a linear threshold regression 

model would be straightforward as the observations could then be partitioned into two 

groups and the usual regression procedure would apply. This insight motivates the one-

dimensional grid search procedure of entertaining alternative threshold values one at a 

time and choosing as the final estimate the threshold candidate that has the lowest sum of 

squared errors. Chan (1993) shows that the threshold estimate so obtained is super-

consistent; however, a distribution theory necessary for testing and inference was yet to 

be developed. 

 

2.1.1. Hansen’s Threshold Regression Model 

Within the context of linear threshold regression, Hansen (1996) addresses the issue of 

the so-called unidentified nuisance parameter problem (Andrews and Ploberger 1994). 
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The threshold is a nuisance parameter because it is not the typically regression 

parameters of interest (e.g., price and income coefficients in a demand equation).  The 

threshold parameter is not identified under the null hypothesis that there is no threshold 

effect (i.e., only one regime). The presence of unidentified nuisance parameters makes 

invalid the conventional inference procedures such as the Wald, Lagrange multiplier, and 

Likelihood ratio tests. In order to approximate valid test statistic whose asymptotic 

distribution is free of nuisance parameters, Hansen (1996) proposes a testing strategy 

based on bootstrap and simulates critical values. 

     Hansen (2000) extends his 1996 article to: 1) derive asymptotic distributions for 

threshold estimates and regression slope coefficients; and 2) propose a method to 

construct confidence intervals for the estimated threshold and regression parameters. The 

author shows that the distribution of the threshold estimate is nonstandard and proposes a 

method to compute its confidence interval by inverting the likelihood ratio statistic. The 

author also proposes a technique to construct confidence intervals for the regression 

coefficients, taking into account of the fact that the threshold value is unknown. 

However, the author demonstrates via Monte Carlo simulations that when the number of 

observations is large and/or the threshold effect is large, the confidence intervals of 

regression slopes are well approximated by the one usually constructed with the normal 

distribution assumption.1 

     Extending his single-threshold model in 2000, Hansen (1999) presents a three-step 

procedure for estimating a double-threshold model, relying largely on theoretical results 

in the change-point literature. 

Step 1: Estimate a single threshold model via a one-dimensional grid search, with 

the chosen threshold being the one that minimizes the sum of squared 

errors function. 

Step 2: Introduce an additional threshold into the model and obtain (again via a 

one-dimensional grid search) the second threshold estimate by minimizing 

                                                 
1
 “Threshold effect” means the magnitude of difference in a set of two parameters associated with two 

regimes divided by the threshold. 



 

 7 

the corresponding double-threshold sum of squared errors function, 

holding constant the first threshold estimate. 

Step 3: To improve the asymptotic efficiency of the first estimate, one proceeds 

with a third-stage estimation in which the first threshold is re-estimated 

via a minimization of the double-threshold sum of squared errors function, 

holding constant the second threshold estimate. 

Using the above-mentioned grid-search procedure, the thresholds can be estimated in 

conjunction with other regression slope parameters in the model. The author also argues 

that the procedures are applicable to the case of higher-order threshold models. To 

ascertain the statistical relevance of the n-threshold model vs. the alternative of an (n+1)-

threshold model, the author employs the bootstrap procedure to simulate critical values 

for the test statistic proposed in his 1996 article. Hansen demonstrates his proposed 

threshold estimation procedures with empirical applications using several types of data 

formats: time-series data (1996), cross-sectional data (2000) and panel data (1999).2      

 

2.1.2. Related Extensions of Hansen’s Threshold Regression Models 

In this subsection, extended studies of the threshold regression models are introduced. 

The topics are: 1) an endogenous explanatory variable; 2) an alternative method to 

determine the number of regimes; 3) continuity of the regression equation at a threshold; 

and 4) a smoothed least squares estimator for threshold regression models.  

 

Endogenous explanatory variable 

Caner and Hansen (2004) consider a threshold regression model in which explanatory 

variables contain an endogenous variable. The key assumption is that a threshold variable 

cannot be the endogenous variable and, hence, it must be exogenous. The authors propose 

that one uses a two-stage least squares to estimate the threshold parameter and a 

generalized method of moments (GMM) to estimate the regression slope parameters. The 

authors derive the asymptotic distribution and show that the estimators are consistent. 

With the exception of using GMM to estimate the regression slope parameters, the 

                                                 
2
 Hansen (1999) limits his arguments with balanced panel data and a non-dynamic model. 
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procedure is similar to that in Hansen (1996, 1999), involving the following components: 

1) estimation of the threshold parameter; 2) calculation of the test statistic of the 

threshold effect; 3) a bootstrap method to simulate critical values for the threshold effect 

test; 4) construction of the confidence intervals of the threshold estimate; and 5) inference 

on the regression slope.  

 

Determination of the number of regimes 

As discussed earlier, Hansen (1999) proposes a sequential test of threshold effects to 

identify multiple thresholds based on the findings in structural change models (Bai 1997, 

Bai and Perron 1998) without providing any proofs. Gonzalo and Pitarakis (2002) point 

out this shortcoming and propose model-selection-based procedures to determine the 

number of regimes as well as to estimate the threshold values. The authors show that: 1) 

the number of regimes estimated by the sequential model selection procedure is a weakly 

consistent estimate of the true number; and 2) estimating threshold parameters one at a 

time results in super-consistent threshold estimates. Although the proposed model-

selection-based procedures are free from problems associated with non-standard 

distribution of test statistics, its performance is highly dependent on the choice of the 

penalty term in the information criterion function and, as pointed out by the authors, there 

is no theoretical guidelines about the choice.   

 

Continuous and discontinuous threshold regression model 

The threshold regression models in Hansen (1996, 1999, 2000) are specified in a way that 

the dependent variable abruptly shifts up or down to follow a different segment as the 

defining threshold is crossed. This specification is clearly not appropriate if the function 

of interest needs to be continuous in its argument, which is also a threshold variable. If an 

abrupt shift in the relationship under study is implausible based on economic theory, one 

needs to modify the piecewise linear functions to make them connected at the threshold 

points. Cox, Hansen and Jimenez (2004) adopt a spline threshold model to constrain the 

regression function to be continuous at thresholds. The authors estimate the spline 

threshold model using Hansen’s (1999) gird search procedure, and test for the number of 
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thresholds using Hansen’s (1996) bootstrap procedure. As to the distribution of the 

threshold estimates and the regression slope coefficients, the authors defer to Chan and 

Tsay (1998), who demonstrate the consistency and asymptotic normality of the estimates. 

 

Smoothed least squares estimator for threshold regression models 

Seo and Linton (2007) generalize the threshold regression models of Hansen (2000) by 

allowing for the threshold variable to be a linear combination of the explanatory variables 

and/or other variables. This method is particularly of interest because a discrete variable 

such as gender can be an element of the linear combination and, hence, it allows different 

threshold values for subsamples split by the discrete variable. The authors propose an 

estimation procedure based on the replacement of the discrete indicator function (taking 

the value of one if the argument of the function is true and zero otherwise) with an 

integrated kernel in order to smooth out the sum of squared error objective function. The 

authors show that their estimator is consistent and asymptotically normal. While one can 

then make a standard statistical inference for the threshold and regression slope 

parameters based on estimated standard errors, the authors also propose using the 

bootstrap.     

 

2.2. Structural Change Models 

This section reviews estimation methods for structural change models in linear 

regression, with a special focus on Bai and Perron’s (1998, 2003a) multiple structural 

breaks model and other closely related models. Given that Hansen (1999) develops his 

sequential threshold estimation methods based on the literature of the multiple structural 

breaks models (Bai 1997, Bai and Perron 1998), the two models share a certain 

similarity. Indeed, within a broad context, one can regard the structural change model as 

a special case of the threshold model if one thinks of time as the threshold variable. The 

models reviewed here allow for abrupt shifts in all or a part of regression slope 

parameters at the break points.  

     By design, an empirical study of structural change model inevitably requires time 

series data. One thus can classify the structural change models (based on the conditions 
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of regressors) into: 1) all variables are stationary or 2) all or some variables are 

nonstationary and yet cointegrated. The stationary models of Bai and Perron (1998, 

2003a, 2003b) and related extensions are first discussed, followed by the case where all 

or some variables are nonstationary, but cointegrated (Kejriwal and Perron 2008, 2009). 

This section is concluded by a brief review of structural change models involving 

equation systems (Bai, Lumsdaine, and Stock (1998), Bai (2000) and Qu and Perron 

(2007)). 

 

2.2.1. Structural Change Models – Single Equation and Stationary Variables 

Bai (1997) proposes a sequential procedure to estimate multiple breaks one at a time, 

while Bai and Peron (1998, 2003a) propose a simultaneous procedure, which estimates 

all of the breaks at the same time. Bai’s (1997) sequential procedure is similar the three-

stage procedure discussed in the subsection 2.1.1. Bai (1997) refers to this procedure as a 

“repartition method,” assuring the asymptotic distributions of sequentially estimated 

break dates to conform to those of the simultaneously estimated break dates of Bai and 

Perron (1998). Without the third stage of the repartition method, the asymptotic 

distributions of sequentially estimated break dates tend to over- or underestimate the true 

break dates depending on the magnitude of shifts (as measured by differences in 

regression slope parameters divided by the estimated break dates). Bai (1997) shows that: 

1) each estimated break date is consistent for one of true break dates; 2) the rate of 

convergence of the break date is the same rate as in the case of Bai and Perron (1998); 

and 3) the estimate of the number of breaks is consistent.  

     Bai and Perron (1998) propose a simultaneous estimation procedure to identify 

multiple break dates. Suppose that there are m breaks and hence m+1 regimes in the 

model. For each choice of the m break dates, the authors obtain the regression 

coefficients by minimizing the global sum of squared residuals (GSSR) across all the 

m+1 regimes, and the optimal configuration of the m break dates is the one that has the 

lowest minimized GSSR. Bai and Perron (2003a) present an efficient sequential updating 

algorithm to obtain the minimized GSSRs based on the principle of dynamic 

programming. The authors demonstrate that the break fractions obtained in the above 
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manner are consistent and discuss the limiting distribution of the break date estimates.3 

Regarding tests for the number of breaks (m), the authors consider two types of a sup-

Wald type test for: 1) the null hypothesis of no structural break versus the alternative of a 

pre-specified number of breaks; and 2) for the null of m breaks versus m+1 breaks, a 

specific to general sequential test procedure, to consistently determine the appropriate 

number of breaks in the data.4 Bai and Perron (2003a) warn against applying the 

sequential procedure mechanically to determine the number of beaks and propose a 

practical strategy to exploit the results of these two tests. Asymptotic critical values for 

the test statistics are reported in Bai and Perron (1998) for up to ten regression 

coefficients that are subject to structural change, and up to nine breaks. Bai and Perron 

(2003b) further provide response surface regressions to obtain critical values valid for a 

wide range of parameters. 

 

2.2.2. Related Topics of Structural Change Models 

In this subsection, related studies of the structural change models are discussed. The 

topics are: 1) an endogenous explanatory variable; 2) an alternative method to determine 

the number of regimes; and 3) imposing restrictions on the regression parameters.  

 

Endogenous explanatory variable 

Hall, Han and Boldea (2008a, 2008b) consider a structural model in which explanatory 

variables contain an endogenous variable. Hall, Han and Boldea (2008a) propose to 

estimate the break dates via minimization of the sum of squared residuals of the second 

stage of the two-stage least squares (2SLS) estimator. The authors show that the 

estimated break dates are consistent. Hall, Han and Boldea (2008b) derive the distribution 

for the break date estimator in the 2SLS model. Perron and Yamamoto (2008) provide 

simpler proofs than those in Hall, Han and Boldea (2008a, 2008b) to show the 

consistency, rate of convergence, distributions of the break date estimates, and 

                                                 
3
 The i

th
 break fraction is defined as Ti / T, where Ti is the i

th
 break date (e.g., 50

th
 observation) and T is 

the sample size (e.g., 200).   
4
 This ‘sequential’ procedure is different from the one in Bai (1997). The number of breaks, m, under 

the null hypothesis is obtained as a GSSR minimizer. 
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distributions of test statistics. In addition, an important and interesting result presented by 

Perron and Yamamoto (2008) is that estimation of break dates and test for structural 

changes using the ordinary least squares (OLS) framework is preferable to using the 

2SLS framework even if the explanatory variables actually contain an endogenous 

variable. The authors also show that the estimates of the break dates under the OLS 

framework are more efficient and that tests have more power than those under the 2SLS 

framework.  

 

Determination of the number of breaks 

Similar to the case of threshold models, there are studies adopting information criteria for 

the selection of the number of structural breaks. For example, Yao (1988) proposes using 

the Bayesian Information Criterion (BIC), while Liu, Wu and Zidek (1997) suggest a 

modified Schwarz criterion (LWZ). Based on the extensive simulation results, Bai and 

Perron (2006) pointed out that: 1) the BIC performs well unless the error term of the 

linear regression suffers from serial correlation; and 2) the LWZ works well if the true 

model does not contain a structural break, but does not well at all if the true model 

contains a structural break. Furthermore, because these information-criteria based model 

selection procedures cannot take into account heterogeneity across regimes, Bai and 

Perron (2006) argue that the sequential procedure of Bai and Perron (1998, 2003a) works 

best in determining the number of breaks.   

  

Structural change models with restrictions on regression parameters  

Perron and Qu (2006) extend the structural change model with unknown multiple breaks 

by imposing arbitrary linear restrictions on the parameters. A partial structural change 

model presented in Bai and Perron (1998, 2003a), for which some coefficients are not 

allowed to change across regimes, is an example of this type of restricted structural 

change models. The authors show that with restrictions on regression parameters: 1) the 

break dates estimates have the same asymptotic properties as the ones without the 

restrictions; and 2) a test of the null hypothesis of no structural break vs. the alternative of 

a pre-specified number of breaks has greater power than the one without restrictions. 



 

 13 

However, the authors do not consider the test for the null of m breaks versus m+1 breaks, 

a specific to general sequential test procedure. As to be discussed in a later subsection, 

Qu and Perron (2007) extend the restricted structural change model to the framework of 

system of equations. 

 

2.2.3. Structural Change Models – Single Equation with Nonstationary, but 

Cointegrated Variables 

Kejriwal and Perron (2008, 2009) extend Bai and Perron’s (1998, 2003a, 2003b) 

estimation and test procedures to the case where the dependent variable and some or all 

of the explanatory variables are cointegrated nonstationary variables. The global 

minimization procedure of the break fractions is the same as that in Bai and Perron 

(2003a), involving the principle of dynamic programming. Kejriwal and Perron (2008) 

show that the estimates of the break fractions so obtained are consistent and point out that 

the distributions of the break fraction estimates and the distribution of the sup-Wald test 

statistics are different from the ones in Bai and Perron’s (1998, 2003a) due to the 

nonstationarity of the time-series variables. The authors also show that their procedure is 

valid with the so-called dynamic ordinary least squares regression models, which include 

leads and lags of the first-differences of the nonstationary variables in order to account 

for the possibility of endogenous nonstationary regressors. Asymptotic critical values of 

the test statistics are reported in Kejriwal and Perron (2009) for fairly comprehensive 

cases where the breaks are allowed to occur either in the intercept, the coefficients of 

cointegrating nonstationary regressors, the coefficients of the stationary regressors, or any 

combination of these. 

 

2.2.4. Structural Change Models - System of Equations 

Bai, Lumsdaine and Stock (1998) consider the case of a single break in a system of 

equations with multivariate time series, including stationary, cointegrated regressors or 

deterministic time trend. The authors use a quasi-maximum-likelihood procedure to 

estimate regression parameters as well as the variance-covariance matrix and choose the 

break date estimate as the one that maximizes the quasi-maximum-likelihood function. 
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The authors also develop methods for constructing asymptotic confidence intervals for 

the break date estimate. As to tests for a break, the authors consider a sup-Wald type test.  

     Bai (2000) extends Bai, Lumsdaine and Stock (1998) in the following ways: 1) 

multiple breaks instead of a single break are allowed; 2) breaks are allowed not only in 

regression coefficients, but also in the variance-covariance matrix of the errors. However, 

the model specifications considered are limited to vector autoregressive (VAR) models. 

The break date estimates are selected in the same way as in Bai, Lumsdaine and Stock 

(1998). The author provides consistency, rate of convergence, and distributions for the 

break date estimates, regression parameters, and variance-covariance matrix. Unlike Bai, 

Lumsdaine and Stock (1998), the author considers the BIC, as in Yao (1988), to 

determine the number of breaks, and he shows that the estimate is consistent.   

     Generalizing Bai (2000), Qu and Perron (2007) consider a broader range of model 

specifications for linear multivariate regression models, such as VAR, a linear panel data 

model, and seemingly unrelated regression. In their specifications, breaks are allowed in 

regression coefficients and/or the variance-covariance matrix, as does Bai (2000). 

However, similar to Bai and Perron (1998), the authors propose two kinds of likelihood-

ratio type tests (instead of information criteria) to determine the number of break dates: 1) 

a test for the null hypothesis of no break versus the alternative of a pre-specified number 

of breaks; and 2) a test for the null of m breaks vs. the alternative of m+1 breaks. The 

authors propose to estimate break dates via maximization of quasi-likelihood ratio and 

suggest using the principle of dynamic programming (Bai and Perron 2003a) as an 

efficient algorithm for estimation. The authors derive the consistency, rate of 

convergence, and distribution of the estimated parameters, including the variance-

covariance matrix.  
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Chapter 3. Estimating Threshold Effects of U.S. Generic Fluid 

Milk Advertising
    
 

 

 

 

Abstract 

Adopting a spline threshold estimation procedure, this chapter investigates the 
threshold effects on demand of generic fluid milk advertising. A quarterly 
fluid milk demand equation with unknown thresholds is estimated. The results 
support the existence of a minimum threshold below which advertising has no 
impact on sales and an upper threshold beyond which the law of diminishing 
returns dictates. Advertising is also found to have the effect of rendering fluid 
milk demand less elastic with respect to own price and more elastic with 
respect to income. The simulations highlight the importance of accounting for 
threshold effects when evaluating promotion programs.  
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3.1. Introduction 

With the proliferation of commodity checkoff programs and the resulting intensification 

of generic advertising and promotion activities, significant resources and effort have been 

devoted to measuring the economic impact of these programs. For example, many studies 

have aimed at isolating the causal relationship between advertising expenditures and 

sales. The estimated advertising-sales relationship is then used for program evaluation 

and management purposes. To ensure that the estimation is unbiased and possesses as 

many other desirable statistical properties as possible, great effort has been exerted to: 1) 

include in the model all important explanatory variables; 2) evaluate alternative 

functional relationships between advertising and sales; and 3) experiment with different 

ways of accounting for advertising delay and carryover effects over time. 

     In addition to the econometric issues listed above, recent authors have questioned the 

appropriateness of treating advertising parameters as constant over time. For example, 

Ward and Dixon (1989) in their fluid milk study argue that the effect of advertising on 

sales can be affected by changes in the underlying structure of the industry, such as the 

inception of the National Dairy Board. They specify advertising parameters as functions 

of exogenously determined structural dummy variables. Chung and Kaiser (2000) and 

Schmit and Kaiser (2004) treat advertising parameters as functions of changes in such 

variables as advertising theme, competing product advertising, and prices, arguing that a 

time-varying parameter model may provide a more accurate estimate of advertising 

effectiveness because consumers’ response to advertising varies as tastes and 

demographics evolve over time. In a similar vein, Kinnucan, Chang and Venkateswaran 

(1993) specify advertising parameters as a function of a time trend.  

     A second line of research involves asymmetry in advertising effectiveness. Arguing 

that consumers do not necessarily respond at the same pace to an increase in advertising 

as they do to a decrease in advertising, Vande Kamp and Kaiser (1999) segment an 

advertising goodwill variable into increasing and decreasing parts and include them as 

explanatory variables in their fluid milk sales equation.5 

                                                 
5
 Vande Kamp and Kaiser (1999) owe their notion of advertising asymmetry to Farrell (1952) who 

estimated demand irreversibility for various consumer products. 
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     Allowing for threshold effects, this chapter focuses on a third area of non-constancy in 

advertising parameter. A threshold delineates the level of advertising intensity (as 

measured, for example, by advertising goodwill) that has to be met to generate a specific 

level of sales effect. Given that promotional organizations face budget constraints, it is of 

particular interest to ascertain if there exists a minimum threshold that an advertising 

campaign has to cross to yield a non-trivial sales effect (Lambin 1976; Simon and Arndt 

1980). While rarely investigated within a threshold estimation framework, the notion of a 

(minimum) advertising threshold is not new. For example, behavioral psychologists have 

argued that sales response to advertising may exhibit a threshold effect because 

repetitions are often needed to ingrain a stimulus in the consumer’s mind before purchase 

decisions are made (Greenberg and Suttoni 1973). Corkindale and Newall (1978) find in 

their survey of 22 corporations that a majority of the respondents believe that advertising 

thresholds exist in their market environments for the reason just cited. In a study of 97 

consumer goods, Lambin (1976) notices that smaller brands tend to have significantly 

higher advertising shares than their market shares when compared with larger brands, 

suggesting that there may be a threshold in reaching a certain minimum level of 

communication effectiveness. 

     Recently, using a probabilistic threshold switching regression model, Vakratsas et al. 

(2004) address the issue of advertising threshold for two product categories: liquid 

laundry detergent, a frequently purchased product in a relatively stable and mature 

market; and Sports Utility Vehicles (SUV) and passenger minivans, which are referred to 

as products in newly developed, competitive markets. The authors find advertising 

threshold effects in the SUV and minivan markets, but do not detect the same effect in 

the liquid laundry detergent market. For other frequently purchased products such as 

frozen entrées, however, Dubé, Hitsch, and Manchanda (2005) find that the threshold 

coefficient is statistically different from zero when one imposes a threshold in the model. 

In the area of generic advertising, researchers have also been mindful of the potential 

effect on demand of an advertising threshold and have attempted to capture this threshold 

effect by employing various S-shaped functional specifications, such as log-inverse and 

logistic-type functions, in their demand equations. For example, Venkateswaran and 
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Kinnucan (1990) use a log-inverse model in their evaluation of an Ontario generic fluid 

milk advertising campaign and Ward and Lambert (1993) adapt a logistic-type 

advertising response function in their study of the U.S. beef checkoff program. While 

these studies present an interesting way of incorporating advertising thresholds into the 

sales response analysis of agricultural products, they do not test for the statistical 

significance of the threshold effect and do not estimate the threshold parameter per se.  

     A thorough review of the literature indicates that no study has explicitly tested and 

estimated the threshold nature of generic advertising of agricultural products using a 

bona-fide threshold estimation procedure. This chapter investigates the effect of U.S. 

generic fluid milk advertising programs, employing quarterly data spanning a period of 

30 years. The hypothesis is that the advertising-sales relationship may vary across 

regimes, depending on the intensity of advertising efforts. For example, advertising might 

have no effect on sales in the low intensity regime in which a minimum threshold has yet 

been crossed, but a significant effect in the medium intensity regime defined by the 

minimum threshold. Further, there might exist an upper threshold, suggesting a third 

regime with diminishing returns of advertising. To estimate advertising thresholds and 

test for their statistical significance, this chapter follows Cox, Hansen and Jimenez 

(2004), building on Hansen’s (1996, 1999) original threshold estimation procedure, while 

constraining the regression function to be continuous in advertising intensity.   

 

3.2. Threshold Model Estimation Procedures 

Consider the following demand equation depicting a conventional advertising-sales 

relationship for fluid milk: 

(1) yt = α + βxt
′ + θ GWt + εt   

where yt, xt, and GWt are the retail demand quantity, a vector of demand determinants, 

and advertising goodwill stock at time t. The terms α, β and θ are the regression 

parameters and εt is the error term. The vector of demand determinants includes 

economic variables such as prices and food expenditure, as well as consumer 

demographics and a consumption trend. The advertising goodwill stock, capturing the 

effect on demand of contemporaneous and past advertising, is assumed to evolve via  
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(2) ∑
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where ADt-k is the advertising expenditure at t-k, wk is its weight in the goodwill function, 

and m is the number of quarters of advertising carryover. The method for the construction 

of the goodwill variable in (2) and its estimation results are discussed in Appendix 3.A.6  

     To allow for a threshold effect of advertising, reformulate (1) into a three-regime 

model (for illustration) in which the advertising goodwill stock, GWt, is treated as the 

threshold variable: 

         α1 + βxt
′ + θ1GWt+ εt  if      GWt ≤ γL 

(3) yt = α2 + βxt
′ + θ2GWt+ εt  if    γL < GWt ≤ γU  

         α3 + βxt
′ + θ3GWt+ εt  if    γU < GWt 

where γL and γU are the lower and upper thresholds partitioning the observations into low, 

medium and high advertising intensity regimes. The parameter vector β for non-

advertising demand determinants is treated as regime independent to ease exposition, 

though the empirical section will allow price and income parameters to vary with 

regimes. 

     If the thresholds, γL and γU, were known, the estimation of equation (3) would be 

straightforward as the observations could then be partitioned into three groups and the 

usual regression procedure applied. This insight motivates Hansen’s (1999) one-

dimensional grid search procedure of estimating the thresholds one at a time. One first 

estimates a single threshold model via a one-dimensional grid search, with the chosen 

threshold being the one minimizing the corresponding sum of squared errors function. 

One then introduces an additional threshold and obtains (again via a one-dimensional grid 

search) the second threshold estimate by minimizing the corresponding double-threshold 

sum of squared errors function, holding constant the first threshold estimate. To ascertain 

the statistical relevance of the n-threshold model vs. the alternative of an (n+1)-threshold 

                                                 
6
 As pointed out by an anonymous reviewer, it would be preferable to estimate threshold parameters 

(in (3) or (4)) together with the lag weight parameters, because ignoring the threshold effect in the first 
stage estimation may result in biased estimates of the lag weights. The drawback of the two-step 
estimation procedure adopted in this chapter thus has to be recognized. 
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model, a likelihood ratio (LR) statistic can be computed in the usual way. Hansen (1996) 

proposes a bootstrap procedure to simulate critical values for the test statistic.7   

     A limitation of the threshold model (3) is that the demand quantity yt is a 

discontinuous function of the advertising goodwill stock, which is not only an 

explanatory variable but also the threshold variable. Imagine a two-dimensional diagram 

expressing yt as a piece-wise linear function of the explanatory variable GWt. As GWt 

increases, yt will increase linearly within a regime, but will then abruptly shift up or down 

to follow a different regime segment as the defining threshold is crossed. An abrupt 

downward shift to a lower impact regime as the goodwill stock expands is 

counterintuitive because it implies a downward shift in the demand quantity at the 

threshold point. To deal with the problem, Cox, Hansen and Jimenez (2004) adopt the 

specification of a spline function to modify (3) into: 

           α1 + βxt
′ + θ1GWt + εt   if      GWt ≤ γL 

(4) yt = α2 + βxt
′ + θ2(GWt – γL) + εt  if    γL < GWt ≤ γU 

           α3 + βx t
′ + θ3(GWt – γU) + εt  if    γU < GWt 

 and 

        α2 = α1 + θ1γL  and α3 = α2 + θ2 (γU – γL).  

The authors estimate (4) using Hansen’s (1999) one-dimensional grid search procedure 

and test for the number of thresholds using Hansen’s (1996) bootstrap procedure. As to 

the distribution of the threshold estimates and the regression coefficients, the authors 

defer to Chan and Tsay (1998) who demonstrate the consistency and asymptotic 

normality of the estimates. 

 

3.3. Estimation Results of Advertising Threshold in Fluid Milk Demand  

This chapter employs U.S. data from the first quarter of 1975 (1975.1) through the fourth 

quarter of 2004 (2004.4). The dependent variable is per capita retail fluid milk demand, 

derived from market disappearance data. The independent variables entertained include 

                                                 
7
 The conventional distribution for the likelihood ratio test is invalid because the threshold is not 

identified under the null hypothesis that it does not exist, commonly referred to as the unidentified 
nuisance parameter problem (Andrews and Ploberger 1994). 
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the prices of fluid milk, non-alcoholic beverages, sodas, juice, coffee, and cheese, per 

capita total food expenditures, the percentage of the population less than age five, a 

structural dummy accounting for consumer attitudes toward the adoption of bovine 

somatotropin, a time trend, quarterly dummy variables, generic and branded fluid milk 

advertising goodwill stocks, and carbonated beverage advertising goodwill stock.8 

 

3.3.1. A Linear Spline Threshold Model 

The fluid milk retail demand equation is cast within the framework of threshold 

regression, as illustrated in (4), and is first estimated in a linear form (with the exception 

of the trend variable which is measured in logarithm). The price and food expenditure 

variables are deflated by the consumer price index (CPI) for food and beverages, while 

advertising variables by the appropriate media cost indices. The model is estimated using 

Gauss, based on a code taken from Hansen’s website: http://www.ssc.wisc.edu/~bhansen. 

     The upper portion of table 3.1 reports the likelihood ratio statistics for the sequential 

test of the null hypothesis of n thresholds vs. the alternative hypothesis of (n+1) 

thresholds, along with the bootstrapped critical values, and the estimated threshold 

parameters.9 The null hypothesis of the conventional model of no advertising threshold is 

rejected at the one percent significance level in favor of the alternative of one threshold. 

When comparing with the alternative of two thresholds, the null hypothesis of one 

threshold is also rejected at the ten percent significance level. The test result pertaining to 

the existence of a third threshold is insignificant (not reported), leading one to conclude 

that there are two thresholds in the fluid milk demand equation. The estimates of 276.29 

and 402.75 for the two thresholds are both statistically significant at the one percent level. 

                                                 
8
 The own price is the consumer price index for whole milk, and the other prices are the consumer 

price indices for non-alcoholic beverages, carbonated beverages, frozen noncarbonated juices and 
drinks, coffee, and cheese. The bST structural dummy variable is set to 1 for 1994.1 – 2004.4 and 0 
otherwise. Data on fluid milk market disappearance were obtained from the Livestock, Dairy, and 
Poultry Outlook (U.S. Department of Agriculture), prices were obtained from the Bureau of Labor 
Statistics (U.S. Department of Labor 2005), per capita total food expenditures and the age 
demographic data were obtained from Economagic, LLC, and the generic and branded fluid milk and 
carbonated beverage advertising expenditures data and respective media cost indices were provided by 
the National Institute for Commodity Promotion Research and Evaluation. 
9
 Each bootstrap run involves 1,000 replications.  
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The results indicate that if the quarterly generic fluid milk advertising goodwill stock 

(measured in 2004 media dollars) should fall below $276 million the first regime would 

prevail, between $276 and $403 million the second regime would prevail, and above 

$403 million the third regime would prevail. Panel (a) in figure 3.1 places the above 

threshold estimates within the historical context of the observed data and shows that both 

thresholds lie below the median of the deflated generic fluid milk advertising goodwill 

($488 million). Notice also that, out of a total of 120 observations, 12 quarters fall into 

the first regime, 21 quarters fall into the second regime, and 81 quarters fall into the third 

regime. 

     The regression coefficients pertaining to the above linear spline threshold model are 

reported in the lower portion of table 3.1, including the estimated parameter values and 

the corresponding elasticities evaluated at the sample means.10 A discussion of elasticities 

will be deferred until a later point when comparing them with those from an alternative 

model. Focus first on the estimates of regime-dependent parameters, which measure the 

effects on sales in the various regimes of the generic advertising goodwill. The 

coefficient associated with the first regime is not statistically different from zero, 

confirming the notion that there exists a minimum threshold ($276 million, in 2004 media 

dollars) below which advertising goodwill has no significant impact on fluid milk sales. 

On the other hand, the coefficients associated with the second and third regimes are 

significantly different from zero at the five percent (or less) significance level, indicating 

that once the minimum threshold is crossed advertising has a positive effect on sales. The 

diminishing returns to advertising are evident in the finding that the largest coefficient 

pertains to the second regime (0.012), decreasing to a much smaller magnitude in the 

third regime (0.001) as advertising goodwill expands.  

     Turn to the other regression coefficients in table 3.1, which are specified as regime 

invariant. The own price coefficient has the expected negative sign and is statistically 

different from zero at the five percent significance level. The non-alcoholic beverage 

price coefficient has the expected positive sign, but is not statistically significant. The 

                                                 
10 

The advertising goodwill elasticity in each of the three regimes is evaluated at its respective sample 
mean. 
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total food expenditure coefficient is positive and is significant at the one percent level. 

The estimation results also confirm previous findings that fluid milk consumption is 

correlated positively with the percentage of the population less than age five, and 

negatively with the adoption of bST (Kaiser 2000; Schmit and Kaiser 2004). The 

historical downward trend in fluid milk consumption is reflected in the sign of the trend 

coefficient, while the existence of demand seasonality is supported by the fact that all the 

quarterly dummy variables are highly significant. First- and second-order moving 

average terms, MA(1) and MA(2), for the residuals are included to address the problem 

of autocorrelation in the initial estimation.11 The Breusch-Godfrey statistic has a p-value 

of 0.51, indicating that the residuals in the corrected equation are free from 

autocorrelation. Further, the Breusch-Pagan Lagrange multiplier test fails to reject 

homoskedasticity (p-value is 0.13). The adjusted R-squared of 0.96 suggests a good fit to 

the data.  

     Three variations of the above linear spline threshold model are also considered to 

address the issues of simultaneity and competing/complementary advertisings, and to 

entertain additional competing/complementary price variables. First, a Hausman test 

(Wooldridge 2002, p.118) is used to investigate the extent of price endogeneity, given the 

threshold estimates. The results fail to reject the hypothesis that the own price variable is 

exogenous (p-value of the test is 0.21).12 Second, to filter out the effect on fluid milk 

sales of other advertising, carbonated beverages and branded fluid milk advertising 

goodwill stocks were initially included as explanatory variables13, but are omitted from 

the final model for the following reasons: their coefficients are insignificant, and the sign 

of the carbonated beverage goodwill coefficient is positive (as found in Kinnucan, Chang 

and Venkateswaran (1993)), inconsistent with the notion that fluid milk and soft drinks 

                                                 
11

 The moving average parameter is estimated with other regression parameters, holding constant the 
threshold coefficients.  
12

 The instruments used to obtain the fitted own price are, similar to the ones in Schmit and Kaiser 
(2004), lagged supply, farm level wage rates, cow prices, feed ration costs, lagged own price and all 
the exogenous variables in the threshold fluid milk demand equation. Tomek and Kaiser (1999) found 
a similar result that milk price is exogenous within the framework of a standard double-log 
specification. 
13 

The procedure for constructing the goodwill variables is the same as the one for the generic fluid 
milk advertising. See Appendix 3.A for details.
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are substitutes. Third, soda, juice and coffee prices were entertained, but excluded from 

the model because of the wrong sign, while cheese price was found to be insignificant.  

 

3.3.2. A Log Spline Threshold Model 

Judging from the statistical properties of the coefficients and the test results, the three-

regime linear spline threshold model reported in the previous subsection appears to be a 

reasonable characterization of the threshold pattern of the U.S. fluid milk advertising 

sales response. The estimated demand equation admits a minimum threshold under which 

advertising has no effect on sales and beyond which diminishing returns dictate, as 

reflected by the relative size of the advertising coefficients in the second and third 

regimes. But, can one find an alternative specification that is more parsimonious than the 

one reported in table 3.1, while still capturing the above essential features? This can be 

accomplished by the following two modifications. First, specify a single-threshold model, 

restricting the coefficient associated with the first regime to zero in order to reflect the 

previous estimation result that advertising goodwill has no effect on sales in the first 

regime. Second, to capture the diminishing returns of advertising, the threshold equation 

currently pondered is specified in a double-logarithmic form. 

     Moving in the opposite direction of parsimony, is it reasonable or essential to entertain 

the case in which additional explanatory variables such as own price and income (food 

expenditures) are also regime dependent, in addition to the advertising goodwill variable? 

Regarding the effect of advertising on the price responsiveness of demand, the literature 

can offer some insight. For example, Kinnucan and Zheng (2004) argue that advertising 

can have the effect of not only shifting the demand outward, but also rotating it, though 

the authors are ambiguous about the effect on the own price elasticity. Using U.S. data, 

Zheng, Kinnucan and Kaiser (2009) found that advertising rotates clockwise the demand 

curve for fluid milk. Intuitively, one might expect a successful advertising campaign to 

have the effect of rendering the demand more own price inelastic because the nature of 

the campaign is to instill brand/product loyalty. As to the effect of advertising on income 

elasticity, the literature has yet to address the issue, though Quilkey (1986) pointed out 

long ago the need to have a better understanding of the issue when evaluating advertising 
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effectiveness. It is easy to envision a situation in which advertising has the effect of 

increasing the income elasticity. The milk commercials featuring attractive celebrities 

wearing a milk mustache are intended to create the mindset that it is not only acceptable 

for an adult to be a milk drinker, it is also cool, appealing and sexy; in putting forward the 

commercial, the advertiser is recasting milk into a more prestigious product category, 

moving in the direction of “luxury good.” 

     In light of the remarks in the previous two paragraphs, a double-log spline single-

threshold (log spline threshold henceforth) model is specified, with the goodwill 

coefficient in the lower regime imposed to be zero. In addition, advertising goodwill, 

milk price, and total food expenditure variables are specified as regime-dependent. Other 

variables in the log spline threshold model are the same as those in the linear spline 

threshold model, with the exception that the current model uses the CPI for non-alcoholic 

beverages as the deflator, taking advantage of the ease of log functional form in imposing 

homogeneity. 

     The estimated threshold for the current model is reported in the upper portion of table 

3.2, in which the null hypothesis of no threshold is shown to be rejected at the one 

percent significance level in favor of the alternative of one threshold. The estimated 

minimum threshold is 6.47 or $645 million in 2004 media dollars after inverting the 

logarithm. As illustrated in panel (b) in figure 3.1, out of a total of 120 observations, 15 

quarters fall into the lower regime of no advertising impact (compared to 12 under the 

linear spline threshold model). As reported in the lower portion of table 3.2, all the 

coefficients are statistically significant at the five percent level or less and have the 

expected signs. Similar to the linear spline threshold model, the null hypothesis that the 

own price variable is exogenous cannot be rejected via the Hausman test with its p-value 

being 0.33. The estimated model is free from autocorrelations upon the inclusion of the 

first-order moving average term [MA(1)], as indicated by the Breusch-Godfrey statistic. 

The residuals also are free from heteroskedasticity based on the Breusch-Pagan Lagrange 

multiplier test. Finally, the log spline threshold model has an adjusted R-squared of 0.97, 

similar to the linear spline threshold model. 
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3.3.3. Comparison of Models and Results 

In order to facilitate comparison between the estimated parameters in this chapter and 

those obtained by recent authors using national data, the elasticity measures of key 

variables and their standard errors from the two models are reported in the last two 

columns of tables 3.1 and 3.2. As shown in table 3.1, the linear spline threshold model 

results in estimated generic advertising goodwill elasticities of 0.015 and 0.013 for the 

second and third regimes, respectively, whereas the log spline threshold model in table 

3.2 reports a goodwill elasticity of 0.019 for the upper regime. These estimates are 

smaller than those in previous studies of 0.04 in Schmit and Kaiser (2004), 0.05 in Kaiser 

(2000), and 0.06 in Blisard et al. (1999).  

     The own-price elasticity is –0.125 under the linear spline threshold models and is in 

consonance with –0.17 and –0.12 found in Kaiser (2000) and Blisard et al. (1999), but is 

much larger in magnitude than –0.04 reported in Schmit and Kaiser (2004). When the 

price elasticity is allowed to be regime-dependent in the log spline threshold model, the 

estimates are –0.425 in the lower regime and –0.198 in the upper regime, consistent with 

the notion discussed previously that advertising can have the effect of rendering demand 

more own price inelastic.  

     The estimated income (total food expenditure) elasticity is 0.35 in the linear spline 

threshold model, compared to 0.18 in Kaiser (2000), 0.21 in Blisard et al. (1999), and 

0.42 in Schmit and Kaiser (2004). When allowed to be regime-dependent in the log 

model, the estimates are 0.165 and 0.171 in the lower and upper regimes. Furthermore, 

given the threshold estimate, the two income elasticity estimates are found to be 

statistically different from each other, supporting the argument that advertising may have 

the effect of making the income elasticity larger as the product gains prominence in the 

eyes of consumers. 

     It is useful to subject the linear and log spline threshold models to formal model 

selection tests before choosing them for simulation analyses. To this end the PE test of 

MacKinnon, White and Davidson (1983) is used to test the null of linear threshold 

specification (Hliner) against the alternative of log threshold specification (Hlog), holding 

constant the estimated threshold parameters in each specification. The PE test of Hlinear vs. 
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Hlog is implemented via adding in the linear model an extra term measuring the difference 

between the predicted dependent variable from the log model and the log transformation 

of the predicted dependent variable from the linear model. If the coefficient of the added 

variable is found to be statistically significant, then Hlinear is rejected in favor of Hlog. The 

PE test of Hlog vs. Hlinear can be similarly implemented by adding in the log model an extra 

term measuring the difference between the predicted values from the linear model and the 

exponential transformation of the predicted values from the log model (Greene 2003). 

The coefficient of the added variable in the PE test of Hlinear vs. Hlog is significant with a 

p-value of less than 0.01, while the coefficient in the reverse test of Hlog vs. Hlinear is not 

significant with a p-value of 0.25, suggesting that the log spline threshold specification is 

the preferred model for further analysis of advertising effects on sales. 

 

3.4. Policy Simulation 

The estimated log spline threshold fluid milk demand equation is used to simulate the 

effect of changes in advertising expenditures on demand, allowing for different regimes 

to manifest as the consequence of the expenditure change in each simulation scenario. 

The simulation results are then used to compute the change in producer surplus between 

the baseline and the scenario in question.  

     Because we focus on the threshold effect of fluid milk advertising instead of detailing 

the dairy industry, the simulations employ a simplified industry model that is constructed 

based on five assumptions: 1) there are only two markets, retail and farm; 2) retail 

demands for manufactured dairy products, such as cheese, butter, and frozen products, 

are independent of that for fluid milk and, hence, are treated as exogenous; 3) the 

government support prices for dairy products are not binding during the simulation period 

(and hence any increase in the simulated fluid milk demand will translate into a rightward 

shift in the demand for farm milk, rather than simply reducing government purchases of 

the supported manufactured dairy products); 4) the technology of milk processing is 

fixed-proportions (and hence farm and retail quantities can be expressed on an equivalent 

basis); and 5) the retail-farm market margin is independent of market volume (and hence 
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the retail supply curve will not shift as market volume changes).14 With the above 

assumptions, figure 3.2 illustrates the market linkages used in the calculation of producer 

surplus. Both the retail and farm level quantities in figure 3.2 are expressed on a milk-fat 

equivalent basis and reflect the sum of fluid milk and manufactured dairy product 

quantities. The pre-shock equilibrium retail and farm prices are denoted as rP0 and fP0 , and 

the equilibrium quantity as Q0. With an increase in generic fluid milk advertising 

expenditures, total retail demand shifts out and rotates clockwise, resulting in a new 

equilibrium quantity of Q1 and equilibrium retail and farm prices of rP1 and fP1 .  

     The change in producer surplus is the shaded area in figure 3.2, and as illustrated, its 

calculation requires information on the change in equilibrium quantity and the change in 

farm price due to advertising. The quantity change information can be obtained using the 

estimated retail fluid milk demand equation, while the farm price change information 

requires a farm supply equation. The farm milk supply equation is specified as 

PbaQ loglog += , where Q is farm milk supply quantity, P is the farm milk price 

deflated by the feed ration price, b is a long-run own-price supply elasticity which is set 

at 0.871, as estimated in Kaiser and Dong (2006), and a is treated as a time-varying 

intercept which is calibrated for the simulation period using observed data.15 

     The simulation investigates the effect on producer surplus of the component of 

advertising expenditures contributed by milk processors. Under the Fluid Milk Promotion 

Act of 1990, milk processors marketing at least 3 million pounds of fluid milk per month 

are required to contribute 20 cents per hundredweight of fluid milk sales, supplementing 

dairy farmers’ check-off program contributions (U.S. Department of Agriculture, 

                                                 
14

 Introducing a wholesale market will not affect the calculation of the change in producer surplus, 
given the fixed proportions assumption. Assumption 2 of independent manufactured dairy product 
demand is more tenuous; estimating a threshold demand system, however, is beyond the scope of the 
chapter. Evidence supporting Assumption 3 of nonbinding government support prices can be found in 
Bailey (2005) in which wholesale cheese prices are shown to rarely fall below the supported level 
during the simulation period of 2000.1 – 2004.4. The fixed proportions assumption is commonly made 
and is consistent with published data. Assumption 5 is reasonable because one would not expect the 
per-unit marketing costs be affected by small changes in the retail quantities in the simulation. 
15 

Kaiser and Dong (2006) estimated a short run price elasticity of 0.0547 in a supply equation with 
the coefficient of lagged supply quantity being 0.9372, giving rise to a long run supply elasticity of 
0.0547/(1-0.9372).
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Agricultural Marketing Service 2008). The following two scenarios are considered: a 

baseline scenario where generic fluid milk advertising expenditures are kept at the 

observed level, and a counterfactual scenario in which the advertising dollars contributed 

by milk processors are removed from the historical expenditure level, focusing on the last 

five years of the sample (2000.1 to 2004.4) for illustration purposes. Over the simulation 

period, milk processors contributed a quarterly average of $16.16 million, whereas the 

contribution from the dairy farmer check-off program to the generic advertising was only 

$6.17 million per quarter, indicating the importance of milk processors’ contribution to 

the overall fluid milk advertising program. 

     Upon comparing simulation results from the two scenarios, it is found that the 

processors’ advertising contribution has increased the demand for fluid milk by 1.16 

billion pounds per quarter, an increase of 9.22 percent from the level (12.58 billion 

pounds) that would have occurred had there been no such program. As a consequence, 

the farm price per hundred weight over the simulation period has increased from an 

average of $13.15 under the counterfactual scenario to the baseline average of $13.59, an 

increase of 3.35 percent. The accompanying resulting increase in producer surplus is 

$182.45 million per quarter. With the processors’ contribution of $16.16 million per 

quarter, the rate of return to dairy farmers of milk processors’ advertising dollars is about 

11.29.16 Since milk processors also benefit from an outward shift in demand, this rate of 

return is a lower bound for the overall rate of return to dairy farmers and milk processors, 

suggesting money well spent.17  

     It is insightful to examine how a conventional model without accounting for the 

threshold effect of advertising would compare the above two scenarios. To this effect, a 

double-log fluid milk demand equation without threshold specification is estimated and 

                                                 
16

 Setting the advertising goodwill coefficient to its 95 percent lower and upper limits, the lower and 
upper bounds for the rate of return are simulated as 11.26 and 11.32.  
17

 To compute the rate of returns for milk processors, one needs information on packaged fluid milk 
wholesale prices, which are available for selected regional markets (U.S. Government Accountability 
Office 2004), but not for the national market.  
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used as an alternative model for simulation.18 With the removal of the milk processors’ 

contribution, the conventional model suggests that the demand for fluid milk and the farm 

milk price per hundred weight would have decreased to a quarterly average of 13.13 

billion pounds and $13.37, leading to a change in producer surplus of $94.25 million per 

quarter. Based on the conventional model without allowing for the threshold effect, the 

rate of return of milk processors’ advertising dollars to dairy farmers is 5.83.19 

     The above results suggest that the conventional double-log demand equation without 

threshold specification gives a downward biased measure of the effect on producer 

surplus of the milk processor program, compared to the case where the threshold demand 

equation is used in the simulation. The discrepancy is intuitive because the threshold 

model associates a larger quantity increase with the availability of processors’ advertising 

contribution than does the conventional model. (Shifting from the counterfactual scenario 

to the baseline scenario of more advertising, the threshold model recasts 15 observations 

from the lower regime of zero goodwill coefficient to the higher regime in which the 

goodwill coefficient is positive.) The more dramatic increase in demand quantity 

prescribed by the threshold model is also explainable by the fact that the conventional 

constant elasticity model does not admit a change in the own price and income elasticities 

as the goodwill stock crosses the advertising threshold.  

 

3.5. Summary and Conclusions 

While the threshold modeling approach is merely a way of introducing nonlinearity 

between sales and advertising, it allows researchers to capture the fact that repetitions in 

messages are often needed before a purchase decision is made. As Simon and Arndt 

(1980 p.13) aptly put it, “you’ve got to keep dripping the water onto the rock until it 

cracks.” From a practical viewpoint of program management, the threshold approach is 

useful because it provides unique insights into the ranges of advertising operation scale 

over which the marginal effect on sales of advertising remains are constant. Using a 

                                                 
18

 The specification for the conventional double-log fluid milk demand model is the same as that for 
the log spline threshold model, with the exception of the threshold pattern. Estimation results are 
available from the authors upon request. 
19

 The 95 percent lower and upper bounds for the rate of return are calculated as 0.18 and 11.54.  
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spline threshold estimation procedure, this chapter represents the first attempt to 

investigate whether thresholds exist in the sales effect of U.S. generic fluid milk 

advertising.  

     The estimation results of a linear spline threshold fluid milk demand equation confirm 

that there exist two thresholds that partition the 30 years of quarterly observations into 

three possible regimes depending on the level of the generic advertising goodwill stock. 

There are two essential features of the estimated model. First, the advertising coefficient 

is found to be not statistically different from zero in the first regime, supporting the 

notion that advertising goodwill stock below a minimum threshold results in no impact 

on sales. Second, the advertising coefficients pertaining to other regimes increase as the 

regime progresses, but eventually drop to a lower level, as dictated by the law of 

diminishing returns of advertising. A more parsimonious two-regime log spline threshold 

model, with the goodwill coefficient in the lower regime set to zero, is thus estimated to 

capture the two essential features of the linear spline threshold model. In this model, 

advertising is found to have the effect of rendering fluid milk demand less elastic with 

respect to own price and more elastic with respect to income. The log spline threshold 

model is unambiguously preferred to the linear spline threshold model, based on non-

nested model selection tests.   

     For policy analysis purposes, a simplified dairy industry model, including the 

estimated log spline threshold fluid milk demand equation as a component, is constructed 

and used in the simulation of the impact of advertising dollars contributed by milk 

processors over a five year period (2000 – 2004). The simulation results with the log 

spline threshold model are further compared to those with the conventional double-log 

model to assess the importance of allowing for thresholds in advertising evaluation 

research. The changes in producer surplus with the log spline threshold and the 

conventional models are estimated at $182.45 million and $94.25 million per quarter, 

respectively, and the associated rates of return of milk processors’ dollars to dairy 

farmers are 11.29 and 5.83, respectively. The simulation results demonstrate the 

importance of entertaining threshold effects of advertising in evaluating program 

effectiveness.
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Table 3.1. Linear Spline Threshold Model 

Bootstrapped critical values 
Null Hypothesis 

Alternative 

Hypothesis 

LR 

Statistic 1% 5% 10% 

No Threshold One Threshold 36.2 10.4 6.9  5.5 

One Threshold Two Thresholds  4.5  8.3 5.3  3.9 
   

Threshold parameters Estimate Std. Err. 

First (minimum) threshold 276.29*** 52.21 

Second threshold 402.75*** 21.25 

   

 Parameter Elasticity 

Explanatory Variables Estimate Std. Err. Estimate Std. Err. 
     

Regime dependent parameter     

Generic advertising goodwill     

First Regime   0.004 0.004   0.002 0.002 

Second Regime   0.012*** 0.003   0.015*** 0.004 

Third Regime   0.001** 0.001   0.013** 0.005 

     

Regime independent parameters     

Intercept   20.121* 11.278   

Own price  –6.880**   3.020  –0.125** 0.055 

Non-alcoholic beverage price    2.494   1.954    0.043 0.033 

Total food expenditures per capita    0.045***   0.015    0.348*** 0.114 

Percentage less than age five    5.021***   0.734    0.688*** 0.101 

bST dummy  –0.903***    0.532   

Time trend  –4.551***   0.512   

Quarter dummy 1  –1.015***   0.168   

Quarter dummy 2  –3.484***   0.187   

Quarter dummy 3  –3.020***   0.164   

MA(1)    0.538***   0.105   

MA(2)    0.215**   0.102   

     Adjusted R-square    0.96  

First-order Breusch-Godfrey Test    0.43 (p-value: 0.51)  

Heteroskedasticity Test  17.59 (p-value: 0.13)  
Note: The superscripts *, ** and *** denote that the coefficient is significantly different from zero at 
10%, 5%, and 1% levels, respectively. 



 

 33 

Table 3.2. Log Spline Threshold Model 

Bootstrapped critical values 
Null Hypothesis 

Alternative 

Hypothesis 

LR 
Statistic 

1% 5% 10% 

No Threshold One Threshold 24.14 23.09 18.46 15.34 
      

Threshold parameter Estimate Std. Err. 

Minimum threshold 6.47*** 3.52 
  

Explanatory Variables  Estimate Stnd. Err. 
   

Regime dependent parameters   

Generic advertising goodwill   

Lower Regime 0 a --- 

Upper Regime   0.019*** 0.006 

Own price   

Lower Regime –0.425*** 0.139 

Upper Regime –0.198*** 0.043 

Total food expenditures per capita   

Lower Regime   0.165*** 0.046 

Upper Regime   0.171*** 0.046 

Regime independent parameters   

Intercept   2.078*** 0.275 

Percentage less than age five   0.617*** 0.072 

bST dummy             –0.021** 0.008 

Time trend             –0.084*** 0.008 

Quarter dummy 1             –0.016*** 0.003 

Quarter dummy 2             –0.063*** 0.004 

Quarter dummy 3             –0.054*** 0.003 

MA(1)              0.445*** 0.092 

Adjusted R-square               0.97 

First-order Breusch-Godfrey Test              1.32 (p-value:0.25) 

Heteroskedasticity Test            14.55 (p-value:0.20) 
a 

The coefficient in the lower regime (below the minimum threshold) is imposed to be zero.
 

Note: The superscripts ** and *** denote that the coefficient is significantly different from zero at 
5%, and 1% levels, respectively.
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(a) Linear spline threshold model (three regimes) 
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(b) Log spline threshold model (two regimes) 

 

Figure 3.1. Regime classification of deflated generic fluid milk advertising goodwill 

(2004 media dollars) 

ln(645)  

= 6.47 

276 

403 



 

 35 

Price

Derived Milk Supply

Retail Milk Demand

(= Fluid milk + Manufacutred Products)

Farm Milk Supply

Derived Milk Demand

QuantityQ 0 Q 1

rP0

fP0

rP1

fP1

 
Figure 3.2. Market linkages of the simplified dairy industry model for simulation 
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Chapter 4. Farm Size and Productivity in Bangladesh Rice 

Production: A Threshold Approach
     

 

 

 

Abstract 

This chapter analyzes the impact of farm size on productivity for rice 
producers in Bangladesh with a particular focus on a threshold effect of farm 
size. Using rich survey data for 960 rice farm households spread over 64 
villages collected in 2008, total factor productivity measures for both Aman 
and Boro seasons are estimated using Data Envelopment Analysis and 
stochastic frontier analysis. The estimates of productivity scores are further 
regressed on farm specific variables using Hansen’s (1996, 1999) threshold 
estimation procedures. The estimation results of a linear threshold technical 
efficiency equation confirm that: 1) there are two thresholds that pertain the 
960 Boro farm households into three possible categories and one threshold for 
the 465 Aman farm households; 2) farm size and productivity are positively 
related, with the exception of farms that hold more than 1 ha for the Boro 
season, and 3) factors that affect the rice productivity vary across farm size 
categories. Among the small farms (below 0.33~0.35 ha), the larger their farm 
size, the higher their productivity. Land fragmentation has an adverse effect 
on improving productivity, except for the large farms (above 1 ha). Policy 
adjustments related to land reform, aiming at small farms, would have the 
potential to increase rice production, as well as to fulfill their needs to sustain 
households’ livelihoods in Bangladesh. 

                                                 
 I would like to thank Dr. Carlo Del Ninno for sharing the Bangladesh survey data. 
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4.1. Introduction 

Rice is important in Bangladesh. It is the main staple food and supplies about 70 percent 

of average dietary energy intake of the population (Ahmed 2001). Rice production has 

come a long way in Bangladesh, increasing from 12.1 million tons in 1959-60 to 25 

million tons in 2004-05. Much of the increase in the early years was due to an expansion 

of cropped area through increases in rice-cropping intensity and conversion of land 

planted in non-rice crops. Output was further increased in the 1980s through an extensive 

adoption of modern high-yielding variety (HYV) rice, together with an expansion of the 

area for irrigated winter crops and employment of chemical fertilizers. Tremendous 

progress notwithstanding, the annual increase in rice output in Bangladesh is still barely 

enough to keep pace with its population growth, as demonstrated in figure 4.1. The 

expansion of rice area as a source of further production growth has long dried up, given 

that the area under rice has been declining since the mid-1980s (Hossain, Janaiah, and 

Husain 2003). In addition, an extensive deployment of modern HYV seeds in the hope of 

increasing rice output may prove to be overly optimistic, given that the adoption rate has 

been stagnated, hovering at 69% of the total land planted in rice (Bangladesh Bureau of 

Statistics 2000). As such, one of few remaining options to increase rice output to match 

population growth is to increase the productivity of rice farming. 

     One of the important factors affecting productivity is farm size. Many empirical 

studies in agricultural productivity for developing countries found that small farms are 

more productive than large farms (Sen 1962, Berry and Cline 1979, Barrett 1996 among 

others). Although this classical premise of inverse relationship between farm size and 

productivity has been a basis of distributive land reform policies in many countries 

(Griffin, Khan, and Ickowits 2002), its empirical validity has been questioned due to 

flaws in the way productivity measures were constructed (Binswanger, Deininger and 

Feder 1993) and the restrictive linearity assumption in the relationship between farm size 

and productivity (Helfand and Levine 2004). 

     Binswanger, Deininger and Feder (1993) criticize the use of partial measures of 

productivity, such as land productivity, because they do not account for the impact of 

other inputs on productivity and suggest adopting Total Factor Productivity (TFP) as a 
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measure of productivity. Employing TFP, Townsend, Kristen and Vink (1998) find a 

positive farm size – productivity relationship for wine producers in South Africa. In 

addition to adopting the TFP measure, Helfand and Levine (2004) include in their model 

a quadratic term of the farm size variable in order to capture non-linearity in the farm size 

– productivity relationship using Brazilian 1995/1996 agricultural census data. The 

authors identify a U-shaped relationship and find that the slop of the U-shaped curve 

varies across land tenure types, the level of technologies and inputs use, and the ease of 

access of to credit and technical assistance.     

      There are only few studies that examine the relationship between farm size and 

productivity in Bangladesh. Using two household survey data sets (with a total of 100 

observations) collected during 1969/1970 and 1974 for various crops, Hossain (1977) 

finds that land productivity is inversely related to the size of farm. The author argues that 

low family labor cost of small farms induces intensive use of labor and hence results in 

higher productivity. Taslim (1989) also reports an inverse farm size – productivity 

relationship based on survey data from 300 farms collected in 1982. In examining the 

farm size – productivity relationship, the author focuses on the issue of high supervision 

costs associated with hired labor, arguing that high supervision costs discourage large 

farms from using hired labor intensively and hence lower their land productivity vis-à-vis 

small farms.  

     Contrary to the above mentioned studies, which consider only a monotonic 

relationship between farm size and productivity, Mandal (1980) separates data from 118 

Bangladeshi rice farms collected during 1976/1977 into three categories: small farms 

(below 0.8 ha), medium size farms  (0.8 – 1.6 hectares) and large farms (1.6 ha and 

above). The author finds that the medium size farms are more productive than small and 

large farms. Using a survey data set of 100 farms collected in 1984, Abedin and Bose 

(1988) find that: 1) medium size farms are the least productive, which is contrary to the 

finding in Mandal (1980); and 2) large size farms are the most productive among the 

three categories.20 Using survey data of a total of 165 observations collected during 

1997/98, Toufique (2005) investigates the farm size – productivity relationship for two 

                                                 
20

 The authors do not report the cut-off values to divide the observations. 
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regions distinguished by the transaction costs in the labor markets and finds that the 

relationship is positive (negative) in the low (high) transaction cost region. The author 

argues that in the low transaction cost area large farmers can hire and use labor 

intensively, resulting in higher productivity.     

     Given that the previous research on the relationship between farm size and 

productivity for Bangladeshi farmers is far from conclusive, further studies are needed. 

Note that all of the above cited Bangladesh studies employ partial productivity measures 

and, with few exceptions, assume a linear relationship between farm size and 

productivity. Using rich survey data of Bangladeshi rice producers, this chapter 

investigates the farm size – productivity relationship based on TFP measures and allow 

for possible nonlinear relationships between the two variables (found in Mandal (1980) 

and Abedin and Bose (1988)). The survey data were collected by the Bangladesh Institute 

of Development Studies with the support from the World Bank in 2008 and contain 960 

observations. As such, the data set used in this study is more recent and has a much larger 

sample size than those used by the previously cited studies. TFP measures are estimated 

using both the Data Envelopment Analysis and the Stochastic Frontier Analysis, and the 

estimated productivity measures are then regressed on farm specific variables, such as 

farm size, using Hansen’s (1996, 1999) threshold estimation procedure to allow for a 

nonlinear relationship. The hypothesis is that the farm size – productivity relationship 

may vary across size categories as defined by unknown thresholds. As mentioned above, 

since in many countries a distributive land reform policy is typically based on the 

conventional assumption that  farm size and productivity are inversely related, it is of 

particular interest for policy makers and rural development program managers to: 1) 

ascertain how farm size affects the productivity of Bangladeshi rice farmers; 2) test for 

the existence of farm size thresholds and estimate the threshold values, if any; and 3) 

assess how other farm characteristic variables affect productivities differently across size 

categories. 

     The organization of this chapter is as follows. The analytical framework of TFP 

measures is described in section 4.2. Section 4.3 briefly discusses the estimation 

procedures of Data Envelopment Analysis and Stochastic Frontier Analysis as well as the 
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threshold estimation procedures. Empirical results using the survey data of Bangladeshi 

rice farmers are reported in section 4.4. A summary and conclusions can be found in 

section 4.5.  

 

4.2. Analytical Framework: Technical Efficiency Measures 

Following the arguments in Binswanger, Deininger and Feder (1993), Helfand and 

Levine (2004), van Zyle (1996), among others, TFP is employed to measure the 

productivity of Bangladesh rice farmers. In order to obtain TFP, we make use of the 

measure of technical efficiency proposed by Debreu (1951) and Farrell (1957). For 

illustration, suppose that there are only two inputs, land (L) and fertilizer (F), to produce 

a single output, rice (y). As discussed above, each partial measure of productivity, namely 

land productivity (y/L) and fertilizer productivity (y/F), may not be a sufficient indicator 

of productivity. Instead, define TFP as the weighted geometric mean of the labor and 

fertilizer productivities (e.g., Wolff 1991): 

(1) FL FyLyTFP ββ )/()/(=  

where βL + βF = 1, βL > 0,  βF > 0, and βL and βF are the weights assigned to labor and 

fertilizer productivities, respectively. Given the assumptions on βL and βF, equation (1) 

can be rewritten as 

(1') 
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Note that the denominator of equation (1') can be seen as a measure of aggregate inputs 

as well as a production function in the Cobb-Douglas form. The production function 

defines the possible quantity of output that can be produced from a given set of inputs. 

Thus, equation (1') represents the ratio of the observed output level to the maximum 

output level. That is exactly the definition of Debreu-Farrell type of output-based 
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technical efficiency with the assumption of constant-returns-to-scale (CRTS) 

technology.21,22  

     There are two well-known approaches to estimate the technical efficiency: Stochastic 

Frontier Analysis (SFA) and Data Envelopment Analysis (DEA). SFA is a parametric 

method because it parameterizes and estimates the efficiency scores based on an 

econometric approach (Aigner, Lovell, and Schmidt 1977, Meeusen and van den Broeck 

1977, Jondrow et al. 1982, Battese and Coelli 1988).23 The main advantage of SFA is the 

inclusion of a stochastic error in the model, avoiding misinterpretation of statistical 

noises as a part of the efficiency measure and allowing for hypothesis testing. The 

drawback of SFA is, as common to other parametric econometric approaches, that it 

requires that one assume a functional form both for the production frontier and for the 

distribution of the technical efficiency term. Parameter estimates using the stochastic 

frontier are thus sensitive to the choice of functional and distribution specifications. 

     Several studies employ SFA to estimate technical efficiency in Bangladeshi rice 

production. Banik (1994) use a data set of 99 rice farmers collected in 1988-89 to 

estimate a Cobb-Douglas stochastic production frontier. The author finds that firm size 

and tenure status have negative impacts on technical efficiency. Sharif and Dar (1996) 

also use a Cobb-Douglas stochastic frontier approach and find that high-yielding variety 

crops have higher yields than traditional crops, but that technical efficiency of farmers 

who planted high-yielding variety crops is lower than that of farmers who planted 

traditional crops. Asadullah and Rahman (2009) estimate technical efficiency of 2357 

rice farmers, using a Cobb-Douglas production function, paying a particular attention to 

the effect of education of household members as well as neighbors. The authors find that 

                                                 
21

 Technical efficiency is commonly defined in two ways, namely input-based and output-based. The 
input-based technical efficiency is to quantify the farm’s efficiency by comparing its actual inputs 
used with the minimum inputs necessary to produce the same amount of the output. In contrast, the 
output-based measures are to compare farm’s actual output obtained with the maximum feasible 
output.   
22

 The words ‘productivity’ and ‘efficiency’ are used interchangeably hereafter.  
23

 See Greene (2008) which provides a detailed treatment of the topics and comprehensive survey of 
the literature. 



 

 42 

household education level has significant and positive impacts on technical efficiency, 

but cannot find any evidence of a neighborhood education effect.   

      In contrast, the DEA method is a nonparametric method because it does not require 

researchers to make any assumptions for either the production function forms or the 

distribution of the efficiency term. The DEA method constructs a non-parametric 

piecewise linear surface of production frontier over the data using linear programming 

(Banker, Charnes and Cooper 1984, Charnes, Cooper and Rhodes 1978, Fare, Grosskopf 

and Logan 1983). Unlike the SFA method, because the DEA method is deterministic, all 

deviations from the constructed piecewise linear frontier are reflected in the technical 

efficiency measures. The deterministic nature of the method makes DEA estimators 

sensitive to measurement errors of its component variables and outliers in the data.   

    There are only a few studies that have used the DEA method to estimate technical 

efficiency of Bangladeshi rice farmers. Wadud and White (2000) and Wadud (2003) 

apply both DEA and SFA to compare the estimates of technical efficiency scores using 

survey data collected from 150 farm households during 1996-97. Both studies find a 

remarkable similarity between the technical efficiency estimates from DEA and SFA 

models. In another recent study, Coelli, Rahman and Thirtle (2002) use a survey data 

from 406 rice farms collected in 1997 to estimate efficiency measures using DEA and 

show that the estimates are different from estimated measures of partial factor 

productivity, pointing out the inadequacy of the partial measures.     

     By regressing against a set of variables characterizing the production environment of 

the farmers, the imputed technical efficiency scores from SFA/DEA methods can be used 

to identify factors underlying differences in efficiency across farms. The two-step 

approach of estimating first the efficiency scores and then regressing the scores on a set 

of farm characteristic variables is commonly employed in DEA analysis. However, due to 

the criticism of Kumbhakar, Ghosh and McGuckin (1991) criticize the two-step 

procedure as statistically inadequate and propose a one-step procedure of estimating the 

SFA equation and efficiency score equation simultaneously. Yet, because of estimation 

ease, the two-step procedure is still in use for recent SFA analyses (e.g., Wadud and 

White 2000, Wadud 2003).  
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4.3. Methodology  

This section summarizes the procedures of the DEA and SFA methods for the estimation 

of technical efficiency scores, and the threshold regression method for the estimation of 

threshold effects in the relationship between farm size and technical efficiency. 

 

4.3.1. Stochastic Frontier Analysis 

Denote the production function for output y from a given input vector x by g(x, δ), where 

δ is the parameter vector. Farrell (1957) defines the technical efficiency score of a farm 

as the observed output over the maximal output obtainable: 

(1'') 1
),(

≤≡
δxi

i
i

g

y
TE  

where i indexes the i-th of N farms in a sample and, by definition, 0 ≤ TEi ≤ 1. Note the 

similarity between (1') and (1''), but CRTS technology is not necessarily assumed in (1''). 

A deterministic production frontier approach entails the estimation of yi = g(xi, δ)TEi, 

where g(xi, δ) is multiplied by TEi to allow for the possibility that farm i has not achieved 

full technical efficiency.  

     To allow for specification and measurement errors while entertaining technical 

inefficiency of individual farms, Aigner, Lovell and Schmidt (1977) and Meeusen and 

van den Broeck (1977), independently, propose the following stochastic production 

frontier specification: 

(2) yi = g(xi, δ)·exp(vi)·TEi  

where exp is the exponential operator and νi is the random noise component of the error 

term, assumed to be iid N(0, 2

νσ ). If one further assumes a Cobb-Douglas form for the 

production function, (2) can be alternatively written as: 

(3) ln yi = δ'(ln xi) + vi – ui ,  

where ln is the logarithmic operator, and TEi = exp(–ui), with ui representing technical 

inefficiency.  



 

 44 

     For estimation purposes, it is assumed that ui and vi are independent of each other and 

they are independently and identically distributed across observations. Given the 

assumptions, one can write the joint density of the two error components and the 

marginal density of vi – ui. With additional specification that ui is a half-normal such that 

ui = |Ui| and Ui ~ N(0, 2

uσ ), the log-likelihood function for the estimation of (3) can be 

written as (Aigner, Lovell and Schmidt 1977): 

(4a) ln L(δ, σ, λ) = ∑
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where Φ(·) is the standard normal cumulative distribution function, ηi = vi – ui, σ
2 

= 2

νσ + 2

uσ and λ = σu /σv. The stochastic production frontier in (3) can thus be estimated 

via maximizing the log likelihood function in (4a). Alternatively, one can specify ui as 

having an exponential distribution such that ui ~ exp(1/σu). The corresponding log-

likelihood function for the estimation of (3) can be written as (Aigner, Lovell and 

Schmidt 1977): 
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     Given the estimates, the technical efficiency score can be imputed in the following 

two manners, depending on whether ui is assumed to have a half-normal or exponential 

distributions:  

(5) iTE
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= E[exp(–ui) | vi – ui] = 
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where E is the expectation operator, and 

(a) if ui is a half-normal, *

iµ ≡ – (ln yi – δ' ln xi) ·
2

uσ /σ2, and σ*=σuσν /σ (Battese and 

Coelli (1988)), and  

(b) if ui has an exponential distribution, *

iµ = – (ln yi – δ' ln xi) –
2

v
σ /σu, and σ* = σν 

(Greene, 1990). 



 

 45 

4.3.2. Data Envelopment Analysis (DEA) – Output-oriented Technical Efficiency 

Measures 

The DEA method uses linear programming to construct a piece-wise linear production 

frontier that envelopes the observed input and output data.24 The output-based technical 

efficiency under the assumption of CRTS technology is estimated as a measure of TFP. 

The DEA estimators of the technical efficiency can be obtained by solving the following 

linear programming problem.25  

     Suppose there are K inputs and M outputs for each of N farms. For the i-th farm, input 

and output data are represented by the column vectors xi and yi, respectively. The K x N 

input matrix, X, and the M x N output matrix, Y, represent the data for all N farms in the 

sample. The DEA model used for calculation of technical efficiency is: 

(6)          Max θ 

                 θ,λ 

subject to –θyi + Yλ ≥ 0, 

         xi – Xλ ≥ 0,  

       λ ≥ 0, 

where θ is a scalar, 1 ≤ θ < ∞ and λ is an N x 1 vector of constants. The value of 1/θ 

obtained is the technical efficiency score for the i-th farm and varies between zero and 

unity. The linear programming problem must be solved N times to obtain a value of θ for 

each farm in the sample. Figure 4.2 (a) illustrates the concept of the output-oriented 

technical efficiency for the case of two outputs (y1 and y2) and single input (x). Suppose 

we have data of four farms (A through D). With the four observations, we can construct 

piecewise linear (unit) production frontier with three fully technically efficient farms; A, 

B, and C. The farm D is technically inefficient because the farm can improve its technical 

                                                 
24

 Comprehensive reviews of the methodology can be found in Coelli et al. (2005) and references 
therein.  
25

 In addition to the CRTS technology assumption, there are other five basic assumptions for DEA 
estimators: 1) convexity, 2) strong disposability of inputs and outputs, 3) inclusion of observations, 4) 
no output can be produced without some inputs, and 5) minimum extrapolation. Some of the 
assumptions can be relaxed according to the interest of a study (Thanassoulis, Portela and Despić 
2008 p.255). 
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efficiency by producing the two outputs along a ray from the origin to points D1, D2, up 

to D΄ without changing the actual amount of the input. Thus, the scalar θ represents the 

ratio of OD and the distance from the origin to the production improvement points, such 

as OD1/OD and OD2/OD, and its maximum is OD'/OD, which is the solution of the linear 

programming (6) for the farm D. Hence, the technical efficiency measure defined by (1') 

can be calculated as the reciprocal of θ, which is OD/OD'.    

 

4.3.3. Statistical Properties of DEA Estimators 

Because the DEA method is deterministic (i.e., not containing a random error), initially 

researchers were not able to make inference on the DEA estimates. Statistical properties 

of DEA estimators, such as consistency and unbiasedness, have gained increasing interest 

and become one strand of DEA research. Banker (1993) and Korostelev, Simar and 

Tsybakov (1995) study the consistency of DEA estimators in the case of a single output, 

while Kneip, Park and Simar (1998) extend the model to a multi-output, multi-input case. 

Although such theoretical results are helpful to assure consistency of DEA estimators, 

researchers also need to make inferences about the true levels of production efficiency, 

such as constructing confidence intervals for the estimated efficiency scores and 

correcting for biases. By design, the piecewise linear production frontier constructed by 

the DEA method is always interior and/or on the unknown true production frontier. Thus, 

observations lying on the constructed production frontier (such as A, B and C in figure 

4.2 (a)) need not be truly efficient as far as the true, unknown, production frontier is 

concerned. To illustrate, consider Farm A in figure 4.2 (b). The farm is identified as 

efficient (i.e., θ̂  = 1) by DEA. However, the farm could have produced at A″΄ as dictated 

by the true but unknown production frontier, resulting in its ‘true’ technical efficiency 

being OA/OA″, which is less than one. In the case of farm B in figure 4.2 (b), the farm is 

efficient even with the true frontier. Thus output-oriented DEA estimators are always 

greater than or equal to true efficiency. Similar arguments under more general conditions 

can be found in Simar and Wilson (2008 p.433), suggesting that the output-oriented DEA 

efficiency estimates are necessarily upward-biased. Simar and Wilson (1998, 2000) 
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propose a general methodology for bootstrapping the DEA model to construct confidence 

intervals and to estimate and correct for the bias.  

     In order to make such statistical inference on DEA estimators, one needs to know 

about the process by which the sample data are generated. Given assumptions, such as the 

sample data are independently and identically distributed, Simar and Wilson (1998, 2000) 

employ the bootstrapping method to approximate the sampling distribution of input and 

output variables by simulating the underlying data generating process. One first estimates 

the DEA model by the original data set and then forms a new (or pseudo-) dataset. The 

pseudo-input variables are the same as the original input variables, but a pseudo-output 

variable is constructed based on the original output variable by multiplying an adjustment 

factor computed with technical efficiency estimates (see Appendix 4.A for more details 

of the adjustment factor).26 Using the pseudo-dataset, a new DEA efficiency score is 

calculated. By repeating these steps B times, one can obtain the empirical distribution of 

the efficiency measures with the B bootstrapped estimates, from which one construct the 

confidence intervals and the bias-corrected estimates. Additional details on the procedure 

can be found in Appendix 4.A. Note that the efficacy of Simar and Wilson’s (1998, 2000) 

bootstrapping procedure highly depends on how well the re-sampling simulation (i.e., 

steps 2 – 4 in Appendix 4.A) characterizes the true data generating process.  

 

4.3.4. Threshold Estimation Procedures 

In order to explain the differences in efficiency among Bangladeshi rice farmers, the 

estimated technical efficiency scores are regressed on a set of farm-level characteristic 

variables, including farm size. In addition to being a determinant of production 

efficiency, the farm size variable is also chosen as the threshold variable, placing a 

prominent role of farm size in the analysis. Treating farm size as the threshold variable 

allows not only a nonlinear relationship between production efficiency and farm size, but 

also enables the analyst to assess how the relationships between production efficiency 

and other determinants (e.g., farmer’s education) vary as the size of the farm changes 

                                                 
26 In case of input-oriented technical efficiency, this condition is reversed, that is, the input variables should 
be adjusted by the estimates and the output variable will be the same as the original.  
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from one category to another. In other words, all the explanatory variables in the 

efficiency score equation are treated as regime dependent, 

     To illustrate Hansen’s (1996, 1999) threshold estimation procedure, consider the 

following three-regime technical efficiency equation:  

           f (xi, FarmSizei; β1) + εt  if   FarmSizei ≤ γL 

(7) TEi = f (xi, FarmSizei; β2) + εt  if  γL < FarmSizei ≤ γU  

               f (xi, FarmSizei; β3) + εt  if  γU < FarmSizei 

where TEi, FarmSizei  and xi are the estimated technical efficiency scores, farm size for 

farm i, and a vector of farm-level characteristic variables other than farm size;  f(·) 

denotes the function of interest; β1 to β3 are the regression parameter vectors of xi 

associated with each farm size category defined by the lower and upper thresholds, γL and 

γU; and εi is the error term. The vector of farm-level characteristic variables includes 

farmer demographic variables such as age and education level, as well as farm land 

characteristics such as land level and the degree of fragmentation in farm plots. The 

lower and upper thresholds, γL and γU, divide the observations into small, medium and 

large farm categories.  

     If the two thresholds were known, the estimation of equation (7) would be 

straightforward as the observations could then be partitioned into three groups and the 

usual regression procedure applied. This insight motivates Hansen’s (1999) one-

dimensional grid search procedure to estimate the thresholds one at a time. One first 

estimates a single threshold model via a one-dimensional grid search, with the chosen 

threshold being the one minimizing the corresponding sum of squared errors function. 

One then introduces an additional threshold and obtains (again via a one-dimensional grid 

search) the second threshold estimate by minimizing the corresponding double-threshold 

sum of squared errors function, holding constant the first threshold estimate. To ascertain 

the statistical relevance of the n-threshold model vs. the alternative of an (n+1)-threshold 
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model, a likelihood ratio (LR) statistic can be computed in the usual way. Hansen (1996) 

proposes a bootstrap procedure to simulate critical values for the test statistic.27  

     Note that the threshold specification of equation (7) is not appropriate if the function 

of interest needs to be continuous in its argument, which is also a threshold variable. 

Imagine a two-dimensional diagram expressing TE as a piecewise linear function of the 

explanatory variable FarmSize. As FarmSize increases, TE will increase linearly within a 

regime (in the case that the coefficient of FarmSize is positive), but will then abruptly 

shift up or down to follow a different segment as the defining threshold is crossed. If such 

an abrupt shift in the relationship is implausible, one needs to modify the piecewise 

functions in order to make them connected at thresholds. Cox, Hansen and Jimenez 

(2004) and Adachi and Liu (2010) adopt a spline threshold model to constrain the 

regression function to be continuous at thresholds. Abrupt changes across different farm 

size categories is permitted in this study because abrupt down-/upward shifts to a lower-

/higher-impact regime as farm size increases could happen and is not counterintuitive 

based on the previous findings, as discussed in the introduction section. 

 

4.4. Estimation Results of Technical Efficiency and Farm Size Threshold 

The data used in this chapter were collected from 960 farm households in 64 villages 

through a survey conducted by the Bangladesh Institute of Development Studies, with the 

support from the World Bank in 2008.28 The questionnaire was administered for the 

period covering three rice harvest seasons: Aus, Aman and Boro. Aus rice is grown in the 

dry season and generally planted in March-April and harvested in June-July. The 

production of Aus rice is minimal and accounts for only six percent of total rice 

production in 2004-05. Aman rice is grown in the monsoon season and transplanted in 

July-August and harvested in December-January. Traditional broadcast Aman is 

extensively replaced by high-yielding variety Boro rice (Ahmed 2001). Boro rice is 

grown in the dry season and requires irrigation. It is usually planted in December-January 

                                                 
27

 The conventional distribution for the likelihood ratio test is invalid because the threshold is not 
identified under the null hypothesis that it does not exist, commonly referred to as the unidentified 
nuisance parameter problem (Andrews and Ploberger 1994). 
28 Details of the survey can be found in Asaduzzaman and Nabiul Islam (2008). 
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and harvested in May-June. The survey data show that Boro rice accounts for 74 percent 

of total rice production, 22 percent from Aman, and only four percent from Aus. Thus 

this study concentrates on the analysis of the Aman and Boro seasons. Among 960 farm 

households, 895 farms grew rice in the Boro season while only 465 farms in the Aman 

season. Five observations were omitted from estimation for Boro rice because of obvious 

entry errors.   

     The total factor productivity measures (as output-oriented technical efficiency) of 

Bangladeshi rice farmers for Aman (monsoon) and Boro (dry) seasons are first estimated 

using the DEA and the SFA methods discussed in section 4.3. Aman and Boro seasons 

are estimated separately because of differences in cultivation methods between the two 

seasons. The output is rice harvested, measured in kilograms. The common input 

variables for the two seasons are land planted (measured in hectares), own and hired 

labor (days), fertilizer (kilograms), and own and hired draft power (days). The draft 

power input includes both bullock and power tiller working days because, unlike other 

previous studies, most farmers in the survey used power tillers as well as draft animals 

for plowing.29 Irrigation costs (measured in taka) are also included as an input for the 

estimation of Boro rice production, but not for Aman since it is monsoon season and the 

use of irrigation is only supplemental. Other inputs that are occasionally considered in 

previous research, such as pesticides and seed, were not included because they were used 

only small portion compared to other inputs.  

     The summary statistics of the variables used in the productivity estimation for both 

Aman and Boro seasons are presented in panel (a) in table 4.1.30 On average, the farms in 

our sample are small, with an average size of 0.42 and 0.45 ha for the Aman and Boro 

seasons, respectively. Although these two figures of average land sizes are close, the 

mean rice output in the Boro season is 74% larger than that in the Aman season. The 

larger output in the Boro season comes with the larger quantities of the other inputs with 

the exception of draft power.  The average land productivity (i.e., rice output divided by 

                                                 
29 Out of 890 (465) farm households, while 189 (198) farms used either own or hired bullock, 842 (411) 
farms used powered tiller durng the Boro (Aman) season. The total-hours worked are converted into 
standard days (1 day = 8 hours) for both bullocks and power tillers and summed them up. 
30 The definitions of the variables can be found in Appendix 4.B. 
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land planted) are 3.5 and 5.6 tonnes/ha for Aman and Boro, respectively, which can be 

compared to 3.3 and 4.6 tonnes/ha reported in Coelli, Rahman and Thirtle (2002).     

 

4.4.1. Estimation Results of Technical Efficiency Scores using SFA
31

 

The empirical counterpart of the stochastic frontier production function in (3) can be 

written as: 

(8) ln Rice Outputi = δ0 + δ1 ln Landi + δ2 ln Labori + δ3 ln Fertilizeri  

+ δ4 ln Draft Poweri + δ5 ln Irrigationi + ∑ =

M

m mimD
1
ϕ + vi – ui  

where Dmi are village dummy variables (taking the value of one if the i-th farm household 

resides in Village m and zero otherwise), included to capture the effect on production of 

village idiosyncrasies such as leadership and infrastructures. M is the total number of 

villages minus one, that is, 63 for the Boro season and 53 for the Aman season. The 

irrigation variable is omitted for the estimation of the Aman season, as discussed above. 

νi is the random noise component of the error term, assumed to be iid N(0, 2

νσ ) and ui 

represents nonnegative technical inefficiency, assumed to be 1) half normal such that ui = 

|Ui| and Ui ~ N(0, 2

uσ ) for the Boro season and 2) exponential such that ui ~ exp(1/σu) for 

the Aman season. In the estimation, νi and ui are assumed to be independent of each other 

and independent of the right-hand side input variables.  

     The second and third columns of table 4.2 report the estimation results for the Boro 

season. All the input coefficients are statistically significantly different from zero at the 

conventional levels, except for the draft power variable, and have the expected positive 

sign. The results clearly indicate that land is the most important input in the production of 

Boro rice. The estimated output elasticity of land is 0.80, slightly higher than the 

estimates of around 0.66 by Asadullah and Rahman (2009), which aggregate Boro, 

Aman, and Aus rice quantities into a single output measure. The estimated elasticity of 

irrigation is 0.02, which is much smaller than a previous estimate of 0.07 by Rahman 

(2009) who measures irrigation costs on the basis of per unit of land area. The estimated 
                                                 
31 The estimation of the stochastic frontier model is done by the built-in command (frontier) of STATA 
version 10.1. 
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output elasticity with respect to fertilizer input is 0.06, comparable to the estimate of 0.08 

obtained by Sharif and Dar (1996) who measure fertilizer input on a per acre basis. The 

estimated output elasticity with respect to labor is 0.09, comparable to the estimate of 

0.16 reported in Wadud and White (2000). Finally, the estimated output elasticity with 

respect to draft power services, including animal and power tiller, is 0.02 which is 

smaller than Banik’s (1994) estimate of 0.08. 

     Table 4.2 also reports results from several hypothesis tests. The hypothesis that there 

is no technical inefficiency (i.e., 2

uσ = 0) is rejected at the 99 percent confidence level, 

suggesting the appropriateness of the production frontier approach which admits 

technical inefficiency. The hypothesis that the technology is of constant returns to scale 

(i.e., ∑ =

5

1i iδ = 1) is not rejected. Finally, results from the likelihood ratio test reject the 

null of no village effect (i.e., φm = 0 for all m) at the 99 percent confidence level, 

supporting the inclusion of the village dummy variables in the estimation of the 

production frontier. Clearly, the ability to account for village effects is an advantage of 

the SFA model (over the DEA) as it provides a means of accommodating unobserved 

heterogeneity. 

     As to the estimation for the Aman season, a convergent solution could not be obtained 

with that assumption that the non-negative technical inefficiency component of the error 

term, ui, is a half normal distribution. Instead, ui is assumed to have an exponential 

distribution. The fourth and fifth columns in table 4.2 reports the estimation results. All 

the input coefficients are statistically significantly different from zero at the conventional 

levels and have the expected positive sign. As in the case of Boro rice, land is the most 

important input in the production of Aman rice, with the estimated elasticity being 0.60. 

The estimated output elasticity with respect to fertilizer is 0.10, twice as large as the one 

obtained for Boro rice (0.06). Similarly, the estimated elasticity of 0.20 for labor is twice 

as large as the one for Boro rice (0.09). The above results are consistent with the facts 

that fertilizer and labor are much more important inputs (in terms of their shares of the 

total paid out cash costs) in Aman rice production than in Boro rice production 

(Asaduzzaman and Nabiul Islam 2008). 
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     As reported in table 4.2, the hypothesis that there exists no technical inefficiency is 

formally rejected at the 99 percent confidence level, suggesting the appropriateness of the 

production frontier approach which admits technical inefficiency. The hypothesis that the 

technology is of constant returns to scale is not rejected. Finally, results from the 

likelihood ratio test reject the null of no village effect at the 99 percent confidence level, 

supporting the inclusion of the village dummy variables in the estimation of the 

stochastic production frontier. 

     The technical efficiency scores for Boro and Aman rice farmers are constructed via 

equation (5a) and (5b), respectively, using the estimation results of the stochastic frontier 

in equation (8). A discussion of the estimated technical efficiency scores will be deferred 

until the next subsection when comparing them with those from the DEA model.  

 

4.4.2. Estimation Results of Technical Efficiency Scores using DEA
32

 

Using the same output and input variables as the SFA estimation, the linear programming 

(6) is solved for both Boro and Aman rice farmers. The summary statistics of the DEA 

technical efficiency estimates are reported in table 4.3 together with the SFA estimates. 

The average technical efficiency scores of the original DEA, bias-corrected DEA, and 

SFA models are 0.760, 0.721, and 0.730 for the Aman season and 0.785, 0.756, and 

0.841 for Boro, respectively. Regardless of the estimation methods, average technical 

efficiency scores in the Aman season is a few percentage points smaller than those in the 

Boro season, reflecting the relative difficulties of farming due to, for example, monsoon 

rains which often causes occasional flood damage (Coelli, Rahman and Thirtle 2002). 

These average efficiency scores are in consonance with the results in previous DEA 

studies: 0.789 in Wadud and White (2000), 0.80 in Wadud (2003), 0.71-0.73 in 

Asadullah and Rahman (2009), all of which use the sum of Aus, Aman and Boro rice 

production as the output measure; but larger than 0.662 for the Aman rice and 0.694 for 

                                                 
32 The estimation is carried out using the FEAR package developed by Wilson (2008), which is available at 
http://www.clemson.edu/economics/faculty/wilson/Software/FEAR/fear.html. 
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the Boro season in Coelli, Rahman and Thirtle (2002).33 The 95 percent confidence 

intervals constructed by bootstrap DEA method are very narrow, with the intervals of 

0.04 (≈ 0.781-0.742) for the Boro season and 0.05 (≈ 0.752-0.702) for the Aman season. 

The intervals become slightly wider for more efficient famers and narrower for less 

efficient farmers as illustrated by the 95% confidence intervals of the maximum and 

minimum point estimate results for both seasons.  

     As discussed in Appendix 4.A, since the bias-corrected estimator generally has higher 

sample variance than the original DEA estimator, Simar and Wilson (2000) suggest that 

one should check if the condition in equation (A1) is satisfied before the use of the bias-

corrected estimator. In our sample, this condition holds for 457 (out of 465) and 852 (out 

of 890) observations for the Aman and Boro seasons, respectively. Based on such large 

number of observations that hold the condition (A1), it is reasonable, according to Simar 

and Wilson’s (2000) arguments, that we use the bias-corrected estimates as our technical 

efficiency estimates rather than using the original DEA estimates.   

     The kernel density estimates of the distribution of the bias-corrected DEA and SFA 

technical efficiency estimates for the Aman and Boro seasons are shown in figure 4.3 

panel (a) and (b), respectively. Note from figure 4.3 that the distributions of SFA 

estimates for both Aman and Boro seasons are more skewed to the right and have longer 

left tail than the bias-corrected DEA estimates. The distributions of the Boro rice farmers 

are relatively tighter than the Aman rice farmers, suggesting a certain degree of 

homogeneity among Boro rice producers in Bangladesh. This may be because Boro rice 

is grown under more controlled environment using irrigation rather than counting on rain 

or monsoon.   

     To compare the estimates from the DEA and SFA methods, Spearman rank correlation 

coefficients are calculated (e.g., Hjalmarsson, Kumbhakar and Heshmati 1996, Wadud 

and White 2000). Spearman rank correlation coefficient is useful to assess if the two 

variables present a monotonic relationship (but not necessarily linear). If the coefficient is 

                                                 
33 The results in Wadud and White (2000) and Wadud (2003) are based on the DEA approach with the 
assumption of the constant-returns-to-scale, whereas Coelli, Rahman and Thirtle (2002) used the DEA 
approach with the variable-returns-to-scale technology assumption.  
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close to unity, it means that the efficiency score rank of a farm household in one 

estimates are more or less the same as the other efficiency score estimate. Spearman rank 

correlation coefficient for the Aman (Boro) season is 0.43 (0.36) and statistically 

different from zero at the one percent significance level. Although the both Spearman 

rank correlation coefficients are significant, the magnitude of correlation is moderate, 

suggesting the relationship between the DEA estimates and the SFA estimates is 

relatively scattered. This result is in contrast to the one that both estimates are closely 

correlated found in Wadud and White (2000) and Wadud (2003). 

 

4.4.3. Estimation Results of Farm Size Threshold and Factors Associated with 

Efficiency 

To gain insights into factors affecting productivity, the estimated TFP scores obtained 

from the DEA method are regressed on a set of farm-level characteristic variables 

including farm size. For a parallel analysis of the determinants of TFP scores under SFA, 

the readers are referred to Liu and Adachi (2010). Using the same survey data, the 

authors investigate the effects of a Bangladeshi diesel fuel subsidy program on rice 

production through estimating a tobit model depicting the causal link between SFA 

technical efficiency scores and farm-level characteristics.    

     The relationship between TFP (measured as the output-oriented DEA technical 

efficiency) and farm size (measured as area planted of a farm household) is cast within 

the framework of threshold regression and estimated in a linear form.34 The bias-

corrected technical efficiency scores of each rice season are specified as a function of the 

education level index of a farm household head, the number of people in a farm 

household, the age of a household head, the farm size, the degree of fragmentation of 

farm land, the weighted average of a rice field level index, and a rice crop variety index. 

The detail definitions of the variables can be found in Appendix 4.B. 

     The household head’s education level is categorized into 16 categories closely related 

to Bangladeshi educational structure (years of schooling). In the survey data, 56 percent 

of household heads have never attended a school. Its coefficient is expected to be positive 

                                                 
34 The impact of the functional form is discussed in later sub-section. 
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(Asadullah and Rahman 2009). The family size coefficient is likely to be negative since 

excess family labor is found to be more of a problem (Coelli, Rahman and Thirtle 2002). 

The age coefficient can be positive or negative because experience matters and yet older 

people tend to be less prone to innovations. As discussed in the introduction section, the 

impact of the farm size variable is far from conclusive in the literature. Clearly, excess 

farm fragmentation impedes efficiency (Rahman and Rahman 2008). Average land level 

may impact efficiency differently depending on farming practice and season since the 

higher the land level, the less likely to be flooded during the monsoon season, but the 

more the work to irrigate during the dry season. Finally, since Bangladeshi farmers grow 

both local variety and high-yielding variety rice, a crop variety index is included to 

ascertain if farmers who grow high-yielding variety rice are in general more efficient than 

those grow local varieties. The summary statistics of the variables used in the threshold 

estimation for both Aman and Boro seasons are presented in panel (b) in table 4.1.  

     All the explanatory variables are specified as category dependent (i.e., subject to 

change based on a farm size threshold). This is because many of the explanatory 

variables could affect differently across farm size categories. For example, education 

levels may be more important for larger farms than small farms because farmers on larger 

farms need to manage more things, such as planting schedules for large area, and 

supervision of many labors. Assuming elderly farmers, in general, hesitate to apply new 

technology and physically weak for farm work, it is plausible that such characteristic 

affect also more on large farms than small farms in order to manage large farming 

practice. Furthermore, a large number of observations allow us not to concern much 

about the degree of freedom. The model is estimated using Gauss, based on a code take 

from Hansen’s website: http://www.ssc.wiscl.edu/~bhansen. 

 

4.4.4. Boro Season Rice 

The upper portion of table 4.4 for the Boro season reports the likelihood ratio (LR) test 

statistics for the sequential test of the null hypothesis of n thresholds vs. the alternative of 

(n + 1) thresholds, along with the bootstrapped critical values, and the estimated 
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threshold parameters.35 The null hypothesis of the conventional model of no threshold is 

rejected at the one percent significance level in favor of the alternative of one threshold. 

When comparing with the alternative of two thresholds, the null hypothesis of one 

threshold is also rejected at the one percent significance level. The test results pertaining 

to the existence of a third threshold is insignificant, leading one to conclude that there are 

two thresholds. The threshold estimates are 0.332 and 0.959, with the associated 95% 

confidence intervals non-overlapping, suggesting that the estimates are distinct 

statistically. The results indicate that sample farms can be divided into three categories 

based on farm size (i.e., area planted): small farms (below 0.33 ha), medium farms 

(between 0.33 ha and 0.96 ha), and large farms (above 0.96 ha). Note that the lower 

threshold value of 0.33 ha is slightly over the sample median of 0.32 ha, while the upper 

threshold value of 0.96 ha is close to 90 percentile of the sample, resulting 460 farm 

households in the class of ‘small farms,’ 340 in ‘medium farms,’ and 90 in ‘large farms.’ 

     The regression coefficients of the threshold model for the Boro season rice are 

reported in the middle and lower portion of table 4.4, including the estimated parameter 

values and the corresponding elasticities evaluated at their respective sample mean. The 

results clearly show that factors, which affect the rice productivity, vary across farm size 

categories, demonstrating the importance of considering threshold effects of farm size. 

The coefficients of Farm size pertaining to all three categories are statistically different 

from zero at the conventional significance level. Farm size has a large and positive 

impact on technical efficiency among small farms. The magnitude of the positive impact 

substantially decreases (more than half in terms of elasticity measure) for medium farms 

and the impact eventually becomes negative for large farms. The results show that in the 

Boro season farmers could improve their productivity holding up to nearly 1 ha, which is 

also considered as a threshold to sustain farmers’ livelihood (Niroula and Thapa 2005). 

Land fragmentation (Fragment) has statistically significant and negative coefficients for 

small and medium farms, showing that dividing farm land into small plots lower farms’ 

efficiency as is reported in Rahman and Rahman (2008). One percent increase in the 

number of plots for the small farms decreases technical efficiency by 0.05 percent, which 

                                                 
35 Each bootstrap run involves 1,000 replications. 
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is almost double of that for the medium farms. Land fragmentation however may have no 

impact on the large farms.  

     Crop variety has a statistically significant and positive coefficient for the medium 

farms, suggesting that the more area the medium farms grow modern high-yielding 

variety rice, the more productive. The coefficients of Land level are negative for all 

categories but statistically significant for the medium and large farms. Because Boro rice 

is grown during dry season, farms have to irrigate their land. If the land level is higher, 

farms need to manage their irrigation system and bear more costs, such as electricity or 

diesel fuel, than those who have lower level land. If farms have a larger land, then such 

tedious management of irrigation may lower their productivity.   

     Larger family size decreases productivity when farm size is large. Because the Boro 

season rice requires labor less intensively, excess labor in a farm household would be 

more of a problem (Coelli, Rahman and Thirtle 2002). Age also has a negative impact on 

productivity for large farms. This may be because older farmers tend to less prone to 

adopt a new technology which is helpful to manage larger farms. As found in the 

previous studies that applied the DEA method for Bangladeshi rice producers cited in 

section 4.2, the impact of Education is not statistically significant for all three categories 

for the Boro season.  

 

4.4.5. Aman Season Rice 

The estimated threshold for the Aman season is reported in the upper portion of table 4.5, 

in which the null hypothesis of no threshold is shown to be rejected at the one percent 

significance level in favor of the alternative of one threshold. The test result associating 

with the existence of a second threshold is found to be not statistically significant, leading 

one to conclude that there is one threshold. The estimated threshold is 0.35 and very close 

to the one identified as the first threshold for the Boro rice, but has somewhat wider 

confidence intervals. Note that the threshold value of 0.35 ha is slightly below the 60 

percentile of 0.36 ha, resulting 275 farm households fall into the class of ‘small farms,’ 

and 190 in ‘medium-large farms.’ 
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     The regression coefficients and corresponding elasticity estimates for the Aman 

season are reported in the middle and lower portion of table 4.5 in the same way as in 

table 4.4 for the Boro season. Similar to the Boro rice estimation, Farm size and land 

fragmentation (Fragment) have significant positive and negative impacts, respectively, 

on small farms’ productivity. One percent increase in farm size for the small farms 

increases productivity more substantially than the medium-large farms, according to the 

elasticity estimate of 0.14 for the small farms compared to 0.02 for the medium-large 

farms. On the other hand, one percent increase in the number of farm’s plots decreases 

productivity relatively equally.  

     Education makes rice farming in the Aman season more efficient especially for the 

medium-large farms. It is presumable that education helps farmers to understand better 

the techniques and requirements of cultivation and to manage better large area farming 

during the monsoon (Aman) season. Farmers who grow high-yielding variety Aman rice 

are found to be more productive than those grow local variety and the difference is 

significant among the medium-large farms. Although it’s not statistically significant, the 

coefficient on Land level is positive, as expected. Because Aman rice is grown in the 

monsoon season, the higher the land level, the less likely the crop is to be subject to flood 

damage, and thus the higher the productivity. It is intuitive that the impact is more 

pronounced for the small farms than the medium-large farms.  

 

4.4.6. Discussion – Policy Implication 

The results presented in this study clearly reveal that productivity is positively affected 

by farm size for Bangladeshi Aman and Boro rice production, with the exception of 

farms that hold more than 1 ha for the Boro rice. One percent increase in planted area 

held by the small farms (below 0.33~0.35 ha) increase their productivity by 0.08~0.14 

percent, which are the largest among other conditions that the farmers face. The 

productivity may be improved by expanding area of farmers who hold more than the 

threshold; however, the impacts (measured as elasticity) are smaller (0.02~0.04 percent) 

and similar level can be achieved by other factors, such as increasing area for high-

yielding variety rice. Because the thresholds of 0.33 ha and 0.35 ha for the Boro and 
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Aman seasons are above the sample medians, to increase holding area by the small farms 

would have the large potential to increase rice production in order to catch up the pace of 

its population growth, although it will be difficult to implement such a land policy 

adjustment because of demographic pressure and inheritance laws in Bangladesh.36     

     The policy adjustment of expanding land holdings for the small farmer needs to be 

further supported by preventing land fragmentation, suggested by the finding that land 

fragmentation and productivity are negatively related. The adjustment also will not be 

easy because of the reasons just cited above. Another possible policy instrument is to 

increase the adoption of high-yielding varieties for relatively large farms, but Bera and 

Kelly (1990) argue that the adaptation ceiling has already been reached. There is still 

hope in Bangladesh to increase rice production, as well as improve the small farms’ 

livelihood, but the implementation of effective policy will remain a big challenge for 

policy makers.  

 

4.4.7. Discussion – Functional Forms of Technical Efficiency Equation 

Given that technical efficiency scores are, by definition, bounded between zero and one, a 

linear regression model may not be an optimal choice to use because the model does not 

ensure the predicted values lie in the unit interval. A popular method in the literature is 

censored regression such as tobit (e.g., Coelli, Rahman, and Thirtle 2002, Wadud 2003). 

However, it may not be an appropriate strategy because efficiency scores are not 

censored. The efficiency scores are defined as a ratio of actual output to the maximal 

output obtainable (equation (1') and (1'')), suggesting that they are simply not feasible 

outside the unit interval.  

     Another way to handle the bounded nature of the efficiency scores is to use the 

logistic transformation: y* = log[y / (1 – y)] and to specify its regression as a linear 

function. On the one hand, this logit-transformed model is attractive for this study 

because, by its construction, the bias-corrected efficiency estimates are almost always 

strictly between zero and one. The shortcoming of the transformed model, on the other 

                                                 
36 Inherited land will be divided “equally among all brothers and half of brothers’ share to sisters” (Rahman 
and Rahman 2008 p.101). 
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hand, is that it is difficult to translate the coefficients of the transformed model into the 

magnitudes of the effects of explanatory variables on the pre-transformed technical 

efficiency scores, which is one of the focuses of this study (Papke and Wooldridge 1996). 

Although we do not present this model as our main results for this reason, the robustness 

of the threshold estimates increases confidence in our approach. Adopting the threshold 

estimation procedure to the logit-transformed linear model with the same explanatory 

variables, exactly the same two threshold values (0.332 and 0.959) are identified for Boro 

rice and a slightly different value (0.449), but well within the confidence intervals of the 

linear model, is estimated for Aman rice.   

 

4.5. Summary and Conclusion 

This chapter analyzes the impact of farm size on productivity for rice producers in 

Bangladesh with a particular focus on a threshold effect of farm size. Using rich survey 

data collected in 2008 from 960 rice farm households spread over 64 villages, total factor 

productivity measures are estimated using Data Envelopment Analysis and Stochastic 

Frontier Analysis. The estimates of productivity scores are further regressed on farm 

specific variables using Hansen’s (1996, 1999) threshold estimation procedures in order 

to examine how differently farm specific factors influence the productivity due to the 

threshold effect of farm size.  

     The distributions of technical efficiency estimates of the SFA model are more skewed 

to the right and have longer left tail than bias-corrected DEA estimates. The average 

technical efficiency scores of the bias-corrected DEA and SFA models are estimated as 

0.721 and 0.730 for the Aman season and 0.756 and 0.841 for Boro, respectively. 

Average technical efficiency scores in the Aman season are a few percentage points 

smaller than those in the Boro season, reflecting the relative difficulties of farming due 

to, for example, monsoon rains which often causes occasional flood damage. The 

Spearman rank correlation coefficient shows that the relationship between the DEA 

estimates and the SFA estimates for both Aman and Boro is relatively dispersive, which 

is in contrast to the previous findings of close correlation in Wadud and White (2000) and 

Wadud (2003). 
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     The estimation results of a linear threshold technical efficiency equation for both 

Aman and Boro seasons confirm that: 1) there are two thresholds that pertain the 860 

Boro farm households into three possible categories depending on the level of farm size, 

and one threshold for the 465 Aman farm households; 2) farm size and productivity are 

positively related, with the exception of farms that hold more than 1 ha for the Boro 

season; and 3) factors that affect rice productivity vary across farm size categories 

defined by the thresholds. Among the small farms (below 0.33~0.35 ha), the larger their 

farm size, the higher their productivity. No other factors seem to improve their 

productivity. On the other hand, for the farms who has more than 0.33~0.35 ha, adding 

more high-yielding variety area or completing more school years help increase their 

productivity. Land fragmentation has an adverse effect on improving productivity, except 

for the large farms (above 1 ha).  

     The efficiency elasticities for the small farms with respect to land related factors, such 

as farm size and land fragmentation, are much larger (in magnitude) than those of other 

factors. It indicates that policy adjustments related to land reform, aiming at small farms, 

would have the potential to increase rice production, as well as to fulfill their needs to 

sustain livelihood in Bangladesh. However, it is easy to imagine how difficult it is to 

make such policy adjustments because of resource (land) limitation and the custom for 

rural Bangladeshi to consider land as the ultimate source of wealth. It thus remains a 

challenge for policy makers to implement an effective policy solution aiming at both 

improving rice production and preventing land redistribution and fragmentation. 
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Table 4.1. Summary Statistics 

 Aman  Boro 

Variable (Unit) Mean Std. Dev. Min. Max.  Mean Std. Dev. Min. Max. 
          

(a) Output and Inputs          
Rice Output (kg) 1459.05 3023.26 12.00 54760.00  2534.10 2710.04 40.00 26020.00 
          

Land (ha) 0.42 0.50 0.006 5.44  0.45 0.47 0.006 4.71 
Labor (day) 44.36 46.18 3.00 296.00  57.65 59.49 2.00 525.00 
Fertilizer (kg) 108.11 144.53 0.00 1344.50  189.91 242.07 0.00 3545.50 
Draft power (day) 12.45 11.44 1.00 105.00  11.49 9.17 0.00 86.00 
Irrigation (taka) n.a. n.a. n.a. n.a.  5283.96 6104.42 0.00 51300.00 
          

(b) Farm-specific variables          
Farm size (ha) 0.42 0.50 0.006 5.44  0.45 0.47 0.006 4.71 
Fragment (number) 3.26 2.55 1.00 19.00  3.34 2.40 1.00 16.00 
Education (number) 3.38 4.17 0.00 16.00  3.07 4.11 0.00 16.00 
Family size (persons) 4.68 1.75 1.00 11.00  4.83 1.93 1.00 18.00 
Age (years) 44.59 12.29 17.00 80.00  45.15 13.32 17.00 95.00 
Crop variety (number) 0.82 0.37 0.00 1.00  0.77 0.40 0.00 1.00 
Land level (number) 2.92 0.55 1.00 4.48  2.85 0.59 1.00 4.64 
          
Observation 465  890 

Note: n.a. stands for not applicable. 
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Table 4.2. Estimated Stochastic Frontier Production (Double Logarithm Form) 

 Boro  Aman 

Variable Coefficient  Stnd. Err.  Coefficient  Stnd. Err. 
        

Constant (δ0) 3.305 *** 0.079  2.682 *** 0.203 
Land (δ1) 0.802 *** 0.027  0.602 *** 0.046 
Labor (δ2) 0.093 ** 0.023  0.201 *** 0.048 
Fertilizer (δ3) 0.056 *** 0.017  0.104 *** 0.025 
Draft Power (δ4) 0.021  0.017  0.093 *** 0.035 
Irrigation (δ5) 0.018 *** 0.008  n.a.  n.a. 
        

Log likelihood 54.646    -240.655   
        

(a) No technical inefficient component (H0: 
2

uσ = 0)    

Likelihood ratio statistic )1(2χ = 13.54 p-value < 0.01  )1(2χ = 120 p-value < 0.01 

         

(b) Constant returns to scale (H0: ∑ =

5

1i iδ =1)     

Likelihood ratio statistic )1(2χ = 0.892 p-value = 0.35  )1(2χ = 0.0002 p-value = 0.989 

        
(c) No village fixed effects (H0: φm = 0 for all m)     

Likelihood ratio statistic )63(2χ  = 338.2 p-value < 0.01  )53(2χ = 207 p-value < 0.01 
        

Note: The superscripts, ** and *** denote statistical significance at the 5% and 1% level, respectively.   
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Table 4.3. Estimated Technical Efficiency Score 

 Aman  Boro 

 DEA   DEA  

 Tech. 
Eff. 

Bias-
corrected 

95% CI a  

SFA 

 Tech. 
Eff. 

Bias-
corrected 

95% CI a  

SFA 

Average 0.760 0.721 [0.702, 0.753]  0.730  0.785 0.756 [0.742, 0.781]  0.841 
Median 0.755 0.728 [0.710, 0.749]  0.793  0.776 0.756 [0.744, 0.771]  0.855 
Std. Dev. 0.115 0.100 [0.097, 0.113]  0.179  0.078 0.062 [0.060, 0.077]  0.069 
Min 0.265 0.250 [0.243, 0.261]  0.038  0.580 0.563 [0.548, 0.578]  0.445 
Max 1.000 0.949 [0.928, 0.988]  0.959  1.000 0.946 [0.933, 0.994]  0.979 

a
 CI stands for confidence interval. 
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Table 4.4. Threshold Technical Efficiency Model for Boro Rice 

      Bootstrapped Critical Values 

Null Hypothesis Alternative 
Hypothesis 

LR 
Statistic 

1% 5% 10% 
      

No Threshold One Threshold 140.15 27.55 24.02 21.82 
One Threshold Two Thresholds   30.83 28.60 23.68 21.22 

Two Thresholds Three Thresholds   10.55 28.83 23.15 21.00 
         

Threshold parameters    95% Confidence Intervals 

   Estimate Lower Bound Upper Bound 
      

First threshold   0.332 0.247 0.384 
Second threshold   0.959 0.656 1.093 
         

Regression parameters       
  Small Farmsa  Medium Farmsa  Large Farmsa 

Variable Estimateb  t-statc  Estimateb  t-statc  Estimateb  t-statc 
  

 
   

 
   

 
 

Constant 72.321 *** 39.547  78.540 *** 34.517  95.179 *** 19.485 
Farm size 35.798 *** 9.795  5.047 *** 2.664  -2.268 **  -2.528 
Education 0.004  0.055  0.120  1.620  0.021    0.165 
Fragment -1.870 *** -7.746  -0.520 *** -3.540  0.058    0.283 
Family size -0.201  -1.284  -0.031  -0.206  -0.658 **  -1.964 
Age 0.014  0.699  -0.014  -0.615  -0.136 ***  -2.583 
Crop variety 0.081  0.123  1.935 ** 2.567  1.438    0.890 
Land level -0.099  -0.222  -1.176 ** -2.240  -1.575 *  -1.664 
             

  Adjusted R-squared   0.19         
Heteroskedasticity test: χ2(24) c 21.81 (p-value: 0.59)       
            
Elasticity

 d
            

 Small Farmsa  Medium Farmsa  Large Farmsa 

Variable Estimateb  t-state  Estimateb  t-state  Estimateb  t-state 
  

 
   

 
   

 
 

Farm size 8.342 ***   3.557 ***   -4.398 **  
Education 0.013    0.517    -0.123   
Fragment -5.204 ***   -2.835 ***   0.492   
Family size -1.188    -0.208    -4.810 **  
Age 0.806    -0.903    -8.388 ***  
Crop variety 0.087    1.908 **   1.376   
Land level -0.387    -4.359 **   -5.466 *  

a The three categories are defined by threshold estimates: small farms (below 0.33 ha), medium farms 
(between 0.33 ha and 0.96 ha), and large farms (above 0.96 ha). 
b  The coefficients are scaled up by 100 for ease of presentation. 
c Given that the Breusch-Pagan Lagrange multiplier test fails to reject the null of homoskedasticity, the t-
statistics are calculated with the conventional OLS standard errors. 
d  Elasticities are evaluated at their respective sample means. 
e Because elasticities are evaluated at their respective sample mean (i.e., some constant), t-statistics are the 
same as those of regression parameters and thus are not repeated here.     

Note: The superscripts, *, **, and *** denote statistical significance at the 10%, 5% and 1% levels, 
respectively.  
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Table 4.5. Threshold Technical Efficiency Model for Aman Rice 
      Bootstrapped Critical Values 

Null Hypothesis Alternative 
Hypothesis 

LR 
Statistic 

1% 5% 10% 
      

No Threshold One Threshold 102.85 29.69 25.28 23.17 
One Threshold Two Thresholds   22.94 31.32 25.92 24.04 

         

Threshold parameters    95% Confidence Intervals 

   Estimate Lower Bound Upper Bound 
      

First threshold   0.354 0.164 0.571 
         

Regression parameters       
  Small Farmsa  Medium Farmsa   

Variable Estimateb  t-statc  Estimateb  t-statc     
  

 
   

 
   

 
 

Constant 64.387 *** 14.068  79.780 *** 18.446     
Farm size 56.004 *** 8.686  2.271 * 1.790     
Education 0.211  1.486  0.311 *** 3.111     
Fragment -3.608 *** -8.063  -1.345 *** -4.961     
Family size 0.184  0.506  -0.136  -0.455     
Age -0.039  -0.752  -0.070  -1.581     
Crop variety 2.621  1.555  2.632 * 1.889     
Land level 0.609  0.557  0.138  -0.136     
             

  Adjusted R-squared    0.24         
Heteroskedasticity test: χ2(24) c 29.37 (p-value: 0.02)       
            
Elasticity

 d
            

 Small Farmsa  Medium Farmsa   

Variable Estimateb  t-state  Estimateb  t-state     
  

 
   

 
   

 
 

Farm size 13.679 ***   2.400 *      
Education 0.885    1.674 ***      
Fragment -10.811 ***   -8.856 ***      
Family size 1.189    -0.894       
Age -2.375    -4.331       
Crop variety 3.075    2.852 *      
Land level 2.554    0.533       

a The two categories are defined by threshold estimates: small farms (below 0.35 ha) and large farms 
(above 0.35 ha). 
b  The coefficients are scaled up by 100 for ease of presentation. 
c Given that the Breusch-Pagan Lagrange multiplier test rejects the null of homoskedasticity, the t-statistics 
are calculated with the White heteroskedasticity-robust standard errors. 
d  Elasticities are evaluated at their respective sample means. 
e Because elasticities are evaluated at their respective sample mean (i.e., some constant), t-statistics are the 
same as those of regression coefficients and thus are not repeated here.     

Note: The superscripts * and *** denote statistical significance at the 10% and 1% levels, respectively.  

 



 

 68 

0

20

40

60

80

100

120

140

160

19
69 70 71 72 73 74 75 76 77 78 79 80 81 82 83 84 85 86 87 88 89 90 91 92 93 94 95 96 97 98 99

20
00 01 02 03 04

Year

P
o

p
u

la
ti

o
n

 (
m

il
li

o
n

)

0

5

10

15

20

25

30

R
ic

e
 P

r
o
d

u
ct

io
n

 (
m

il
li

o
n

 t
o
n

)

 
Data Sources: Population –World Development Indicators (World Bank 2010) 

 Rice production – Bangladesh Rice Knowledge Bank (2010) 

Figure 4.1. Population and total rice production in Bangladesh (1969 – 2004) 
 



 

 69 

O

D

A

B

C

D1

D2

D΄
y2/x

y1/x

 

(a) 

 
 

Unknown True Frontier 

O

D

A

B

C

y2/x

y1/x

A΄΄

 
(b) 

 

Figure 4.2. Output-oriented Data Envelopment Analysis 
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Figure 4.3. Kernel density estimates of technical efficiency scores 



 

 71 

Chapter 5. A Structural Change Analysis of Vertical Price 

Relationship in the Japanese Pork Market
     

 

 

 

Abstract 

The main objectives of this chapter are three-fold. First, we provide an 
overview of recent econometric developments in the identification and 
estimation of structural changes of unknown timing. Second, within the 
framework of linear regression, this chapter considers the procedure of Bai 
and Perron (1998, 2003a), which admits multiple breaks in the parameters of a 
stationary linear regression model, as well as the procedure of Kejriwal and 
Perron (2008, 2009), which admits cointegrated nonstationary variables. 
Without appropriately accounting for structural changes, analysts may run the 
risk of confusing: 1) a structural break in the evolution of a price series with a 
unit root; and 2) a structural break in a long-run price relationship with a lack 
of cointegration. Extensive Monte Carlo simulations are carried out to assess 
the finite sample performances of various test methods. Third, the chapter 
analyzes structural changes in the Japanese retail pork and farm hog price 
relationship using monthly data from 1967 to 2008, and identifies four 
structural breaks, reflecting changes in production costs, market environment 
and trade regimes. 
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 72 

5.1. Introduction 

Linear regression is often used to measure economic relationships in order to understand 

their underlying structure and to obtain forecasts. Clearly, a major advantage of a linear 

model is its simplicity, increasing the likelihood of obtaining a robust estimate of the 

parameter that is not overly sensitive to model specification and choice of numerical 

method. Under the linear regression framework, the classical Chow test for structural 

break involves splitting the sample into sub-periods, estimating the models, and then 

testing the equality for sets of regression coefficients (Chow, 1960). Specifying, a priori, 

a definitive structural break date in the estimation, however, is not always feasible 

because one may not be certain of, or even aware of, the timing of the break due to its 

subtlety and/or complications arising from concomitant changes. Further, even if one is 

convinced through a detailed examination of the data that a structural break has indeed 

occurred at a specific date, one still has to be mindful of the issues of data mining and the 

subsequent implications on the legitimacy of statistical inferences on the estimates 

(Hansen 2001). Recent econometric developments focus on estimating break dates of 

unknown timing while constructing statistical inferences that explicitly account for the 

fact that a search for the break date has been conducted.   

     Within the framework of linear regression, this study discusses the new structural 

change paradigm which allows for structural changes at unknown dates. Specifically, this 

chapter considers the procedure of Bai and Perron (1998, 2003a), which admits multiple 

breaks in the parameters of a stationary linear regression model, as well as the work of 

Kejriwal and Perron (2008, 2009), who allow for nonstationary but cointegrated variables 

in the regression. The impacts of including nonstationary time series variables on 

estimates of a linear regression model have long been an important issue for researchers. 

While regression involving nonstationary time series may be spurious (Granger and 

Newbold 1974), Engle and Granger (1987) show that this is not the case if the 

nonstationary variables are cointegrated. Given the body of evidence suggesting that 

many agricultural and commodity prices may be nonstationary, of equal importance for 
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structural change analysis is a careful examination of the time series properties of the 

variables used, such as tests for a unit root, stationarity, and cointegration.37   

     Concerned about potential confusion between structural breaks and nonstationarity, in 

his seminal paper, Perron (1989, 1990) proposes a procedure to allow for a structural 

break in the trend function of the conventional augmented Dickey-Fuller (ADF) unit root 

test. The author’s assumption that the break date is known, however, has drawn much 

criticism. Christiano (1992) points out the problem of pretesting and data mining 

regarding the choice of break date. Subsequently, Perron (1994, 1997), Perron and 

Vogelsang (1992), Vogelsang and Perron (1998), and Zivot and Andrews (1992), inter 

alia, propose a variety of unit root test procedures which endogenize the choice of a brake 

date. Treating a lack of unit root as the null hypothesis, Busetti and Harvey (2001, 2003), 

Kurozumi (2002), and Lee and Strazicich (2001a) propose stationary tests with a 

structural change of unknown timing. Similarly, lest analysts should confuse a structural 

break with a lack of cointegration, Gregory and Hansen (1996a, 1996b) extend Engle and 

Granger’s (1987) single-equation, residual-based test procedure to allow for a shift of the 

parameters in the cointegration equation. This chapter will discuss the above test 

procedures for a unit root, stationarity, and cointegration, along with more recent 

advancements.38  

     Many of the above cited studies demonstrate the improvement in the finite sample 

properties (i.e., empirical size and power) of the newly proposed test by simulation 

methods.39 The outperformance of the proposed test, however, could be an assured 

consequence from the design of the simulation the author(s) performed. It is thus of use 

for researchers to assess the finite sample performances of the tests under the same 

                                                 
37 Whether agricultural prices contain a unit root is still under debate. See Boetel and Liu (2008) for a 
summary of resent studies confirming nonstationarity. Also, see Wang and Tomek (2007) for evidence 
demonstrating the opposite.  Still, if one is to accept the theory that futures prices follow a random 
walk and the stylized fact that futures and cash prices move in tandem, without empirical evidence 
demonstrating the contrary, one concludes, a priori, that the cash prices must also be nonstationary.  
38

 See Perron (2006) which provides a detailed treatment of the topics and comprehensive survey of 
the literature. 
39

 The term ‘size’ is referred to the probability of rejecting the null hypothesis when in fact the null is 
true (type I error) and the term ‘power’ is referred to the probability of rejecting the null hypothesis 
when in fact the alternative is true. 
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specifications. By means of a Monte Caro simulation, the chapter compares the results on 

finite sample properties of seven unit root tests, three stationarity tests, and four 

cointegration tests under the assumptions of no break, one break, and two breaks in the 

data generating process. Some of the interesting results are: 1) unit root tests allowing for 

a structural break under both the null and alternative hypotheses perform better than those 

admit a break only under the null; and 2) cointegration tests with superior finite sample 

properties do not necessarily produce more accurate break date estimates. Details are 

discussed in a later section.     

     The importance of a careful investigation of the time series properties of the price data 

when analyzing long-run price relationships is well understood (von Cramon-Taubadel 

1998). Given that long-run analysis requires extended time series, one has to be mindful 

of potential effects of structural breaks on the analysis results. Procedures of the 

structural change analyses mentioned above are applied to examine the retail-farm price 

relationship in the Japanese pork market. Since most feed-grains for livestock in Japan 

are imported, and Japan has long been the world largest pork importer (and the largest 

U.S. pork importer as well), it has been thought that several structural changes have 

occurred during the past few decades due to macroeconomic factors, such as interest 

rates, trade policies, and financial crises. Using monthly Japanese retail pork and farm 

hog price data spanning a period of over 40 years, this study confirms the importance of 

allowing for structural breaks in preliminary data analyses of unit root, stationarity, and 

cointegration tests. In particular, it identifies four structural breaks in the retail-farm price 

relationship, reflecting changes in production costs, market environment and trade 

regimes. 

     The organization of the chapter is as follows. Section 5.2 briefly discusses the 

structural change estimation procedures for stationary variables and for cointegrated 

nonstationary variables. Given that a different procedure is called for, depending on the 

time series properties of the variables, section 5.3 contains a brief discussion of various 

test procedures for a unit root, stationarity and cointegration. Section 5.4 reports Monte 

Carlo simulation results that compare the finite sample properties of these tests. 

Empirical results of the structural change analysis of the retail-farm price relationship in 
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the Japanese pork market are reported in section 5.5, followed by the summary and 

conclusion. 

 

5.2. Testing and Estimating Breaks of Unknown Timing in Linear Regression 

Consider a long run economic relationship among a set of variables characterized by a 

linear model of y on x, where y is a scalar and x is a l x 1 vector. Consider further that the 

evolution of this long run relationship can be parsimoniously captured by occasional 

structural breaks, where all or part of the parameters are changed, once and for all, to a 

different level at the break dates.  

     While researchers had first given their attention to the model that contains only one 

break, their focus has recently shifted to models allowing for multiple breaks (e.g., Chong 

1995, Bai 1997, Chong 2001, and Elliott and Muller 2006). Despite the variety of 

methods proposed, the series of studies by Bai and Perron (1998, 2003a, 2003b) and by 

Kejriwal and Perron (2008, 2009) has offered the most coherent treatment, under linear 

regression framework, of: 1) tests and inferences of multiple breaks of unknown timing; 

2) estimation procedures of multiple break points and regression parameters; and 3) 

non/stationarity of regressors. 

     Bai and Perron (1998) propose a procedure to estimate the break dates for the case in 

which both y and x are stationary. Suppose that there are m breaks and hence m+1 

regimes in the model. For each choice of the m break dates, the authors obtain the 

regression coefficients by minimizing the global sum of squared residuals (GSSR) across 

all the m+1 regimes, and the optimal configuration of the m break dates is the one that has 

the lowest minimized GSSR. Bai and Perron (2003a) present an efficient sequential 

updating algorithm to obtain the minimized GSSRs based on the principle of dynamic 

programming.40  

     Bai and Perron (1998) demonstrate that the break fractions obtained in the above 

manner are consistent and discuss the limiting distribution of the break date estimates.41 

                                                 
40 Gauss code for the numerical implementation of Bai and Perron’s (1998, 2003a) procedure can be found 
on Perron’s website at http://people.bu.edu/perron/code.html. 
41 The ith break fraction is defined as Ti / T, where Ti is the ith break date (e.g., 50th observation) and T is the 
sample size (e.g., 200).   
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Regarding tests for the number of breaks, the authors consider a sup-Wald type test for 

the null hypothesis of no structural break versus the alternative of a pre-specified number 

of breaks and a specific to general sequential test procedure of m breaks versus m+1 

breaks to consistently determine the appropriate number of breaks in the data. 

Asymptotic critical values for the test statistics are reported in Bai and Perron (1998) for 

up to ten regression coefficients that are subject to structural change, and up to nine 

breaks. Bai and Perron (2003b) further provide response surface regressions to obtain 

critical values valid for a wide range of parameters.     

     Kejriwal and Perron (2008, 2009) extend Bai and Perron’s (1998) procedure to the 

case where y and some or all of the variables in x are cointegrated nonstationary 

variables.  The global minimization procedure of the break fractions is the same as that in 

Bai and Perron (2003a), involving the principle of dynamic programming.  However, the 

distribution of the break fraction estimates and the distribution of the sup-Wald test 

statistics are different due to the nonstationarity of the time series. Asymptotic critical 

values for the test statistics are reported in Kejriwal and Perron (2009).    

 

5.3. Analyzing Time-Series Properties of Data: Unit Root and Cointegration Tests 

This section discusses the test procedures for a unit root, stationarity, and cointegration 

that all account for structural breaks of unknown timing. Two families of unit root tests, 

namely Dickey-Fuller type and Lagrange Multiplier (LM) type, are considered. In both 

the unit root and stationarity tests, the methods can be categorized by whether the break is 

allowed under the null hypothesis or under the alternative hypothesis, and by the number 

of structural breaks allowed in the models. A schematic view of the classification of the 

unit root and stationarity tests considered in this study is in table 5.1. Four cointegration 

tests are considered in the study and they can also be distinguished by the number of 

breaks allowed and by the hypothesis of the test, as summarized in table 5.2.      

 

5.3.1. Dickey-Fuller Type Unit Root Tests 

A conventional method of testing for the presence of a unit root is the Augmented 

Dickey-Fuller (ADF) test (Said and Dickey 1984) which can be specified as: 
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where α0+β0t is the trend function, ∆yt-i are the lagged first difference terms which are to 

purge autoregression in the residual, and et is the error term. The null hypothesis of a unit 

root is rejected if ρ, the coefficient of the lagged dependent variable, is found to be less 

than unity. The authors show that under the null hypothesis of ρ = 1, the distribution of 

test statistic is the same as the one without the augmented terms (the lagged first 

difference terms). The critical values are tabulated in Fuller (1976). 

     Adapting the conventional ADF test, Perron (1989) proposes a test that allows for a 

single structural beak in the trend function in the following manner: 
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where τ is the break date known a priori, the dummy variable Bt(τ), taking the value of 

one at t = τ +1 and zero otherwise, represents a one-period bump in the drift rate under 

the null of ρ = 1, and the dummy variable Dt(τ), taking the value of one for t > τ and the 

value of zero otherwise, is to capture a shift in the trend function at time τ under both the 

null (ρ = 1) and alternative hypothesis (ρ < 1).42 The author shows that the asymptotic 

distribution depends on the break fraction and provides simulated critical values of the 

test statistic. 

     Perron’s (1989) key assumption that the break date is uncorrelated with the data, i.e., 

treated as a known event, however, has been criticized because of the data-mining aspect 

of a search for a break date and resulted size distortions of the test (Christiano 1992). 

Several methods have been proposed for endogenizing the selection of a break date into 

the testing procedures. Some early developments of such test procedures, however, allow 

                                                 
42

 Perron (1989) introduce two models based on assumptions that a structural change affects the data 
process instantaneously or gradually, labeled the additive outlier model and the innovational outlier 
model, respectively. Given that, in general, agricultural commodity prices react to a change after a 
certain period due to, for example, production lags, only the innovational outlier model is considered 
in this chapter. 
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a structural change under the alternative hypothesis only.43 For a given break date 

candidate the model is linear and can be estimated by ordinary least squares. The 

estimated break date is obtained via a grid search over all possible break dates such that a 

pre-selected criterion function is optimized. To maximize the power of the unit root test, 

Zivot and Andrews (1992) adopt a break date selection method that minimizes the t-

statistic on ρ = 1 and specify the grid search range in such a way that both ends of the 

sample are trimmed off from being considered as break date candidates.44 Perron (1997, 

PR) extends Zivot and Andrews’s (1992) theoretical results by showing that the trimming 

of the search range is not necessary to derive asymptotic distribution of test statistics. The 

author also proposes other criterion functions for break date selection, such as the 

minimization of the t-statistic on the change in slope (β1 in equation (2)). Simulated 

critical values for the test statistics are reported for several alternative break date 

selection methods. A comparison of finite-sample performances among the various break 

date selection methods can be found in Vogelsang and Perron (1998). 

     Observing that some long-term macroeconomic time series presumably exhibit two 

breaks at the Great Depression and World War II, Lumsdaine and Papell (1997, LP) 

propose a unit root test that allows for two breaks in the trend function: 
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where the dummy variables Dt(τ1) and Dt(τ2) capture two shifts in the trend function at 

time τ1 and τ2, respectively. As in Zivot and Andrews (1992) and Perron (1997), breaks 

are allowed only under the alternative hypothesis. The optimal pair of two break dates is 

obtained via a grid search such that t-statistic associated with ρ = 1 is minimized. The 

break dates search is constrained within a certain range for the break fraction, as in Zivot 

and Andrews (1992). Although simulated critical values are reported in the original study 

                                                 
43

 Specifically, under the null hypothesis of ρ = 1: α0 is the drift rate which is subject to a one-time 
bump at τ of the magnitude δ, and α1 = β0 = β1 = 0.  Alternatively, when ρ < 1: α0 and β0 are the 
intercept and slope of the trend function which are subject to permanent changes at τ (of the 
magnitude α1 and β1, respectively) and δ is zero.  
44

 The regression equation in Zivot and Andrews (1992) is slightly different from equation (2), that is, 
δ = 0 and β1(t – τ) instead of β1t. Popular choice of trimming rate at the both end of the sample is 0.15 
(Banerjee, Lumsdaine and Stock 1992).  
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by Lumsdaine and Papell (1997), Ben-David, Lumsdaine and Papell (2003) also provide 

the critical values but based on more replications in their simulation than Lumsdaine and 

Papell (1997). 

     The above tests of allowing for a breaking trend only under the alternative hypothesis 

are found to diverge in that they yield an asymptotic size (type I error) of 100% when a 

break is present under the null hypothesis (Nunes, Newbold and Kuan 1997, Lee and 

Strazicich 2001b). In order to overcome this shortcoming, Kim and Perron (2009, KP) 

extend Perron’s (1997) procedure to allow for a structural break in the trend function 

under both the null and the alternative hypotheses.45 The authors suggest the following 

two step procedure. First, one tests for the existence of a structural break in the equation 

of yt = α + βt + υt using the method developed in Perron and Yabu (2009).46 Second, if a 

structural break is not confirmed, one proceeds with the ADF unit root test; and on the 

other hand, if the data support the existence of a structural break, one adopts Kim and 

Perron (2009). The authors estimate the break date via a grid search by minimizing the 

sum of squared residuals of the regression equation, which is the transformed equation of 

(2) to explicitly account for the evolution of the shock to the trend function under the 

null. The authors also demonstrate that the break fraction so obtained is consistent. The 

authors derive the asymptotic distribution for the test statistic of ρ = 1 and show that their 

test fully utilizes the information about the break and, hence, its distribution is the same 

as in the case of a known break date of Perron (1989). Monte Carlo simulation results in 

Kim and Perron (2009) suggest that this test has higher power than Zivot and Andrews’s 

(1992) and Perron’s (1997) methods, without compromising its size property. 

 

5.3.2. LM-type Unit Root Tests 

The Dickey-Fuller base unit root tests have been criticized as having low power (see, e.g., 

DeJong et al. 1992a, 1992b), although allowing for a structural break can mitigate the 

                                                 
45 

Specifically, under the null hypothesis of ρ = 1, all the three structural change parameters (α1, β1 
and δ) are allowed to take non-zero values.

  

46
 Kim and Perron (2009) adopt Perron and Yabu’s (2009) test because the asymptotic distribution in 

Perron and Yabu (2009) is appropriate regardless of whether the residual series {υt} is stationary or an 
integrated process. Unlike Bai and Perron (1998, 2003a) and Kejriwal and Perron (2008, 2009), 
however, the regressors in Perron and Yabu (2009) include only an intercept and a linear trend term. 
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problem. Without considering structural breaks, Schmidt and Phillips (1992, SP) propose 

an LM unit root test procedure. Ignoring the first difference terms ∆yt-i in equation (1) for 

simplicity, Schmidt and Phillips (1992) show that it can be equivalently expressed as:  

(4a) yt = ψ0 + ξ0t + µt, 

where µt = ρµt-1 + et, ψ0 = ((1 – ρ) α0 – ρβ0) / (1 – ρ)2 , and ξ0 = β0 / (1 – ρ).  To purge 

autocorrelation in et, one can (as is done in the ADF equation) include lagged first 

difference terms of µt into the expression for the error term. That is: 

(4b) µt = ρµt-1 + ∑
=

−∆
k

i

iti

1

µγ  + et. 

The authors estimate the model under ρ = 1 while taking steps to address the problem of 

spurious regression associated with the null specification that yt is nonstationary. The 

procedure entails: (i) estimating the first difference of (4a) to obtain 0ξ̂ , (ii) calibrating ψ0 

using the first observation of the series (i.e., yt = ψ0 + 0ξ̂ t, with t = 1), and (iii) estimating 

(4b) using the constructed tµ̂ in (4a). The authors provide critical values for the test 

statistic of ρ = 1 and demonstrate the power superiority of the test over Dickey-Fuller 

tests via Monte Carlo simulations. 

     Allowing for one or two breaks in the trend function, Lee and Strazicich (2004, LM1) 

and Lee and Strazicich (2003, LM2), respectively, extend the LM unit root test procedure 

of Schmidt and Phillips (1992) in the following manner:  

 (5) yt = {ψ0 + ξ0t + µt} + (ψ1 + ξ1(t – τ1)) Dt(τ1) + (ψ2 + ξ2(t – τ2)) Dt(τ2)   and    (4b), 

where the dummy variables Dt(τ1) and Dt(τ2) are defined as above and in the one break 

model of Lee and Strazicich (2004) only one (ψ1 + ξ1(t – τ))Dt(τ) term is considered. Lee 

and Strazicish (2003) criticize the above ADF-based unit root tests of Zivot and Andrews 

(1992) and Perron (1997) because rejecting the composite null hypothesis (of a unit root 

and no change in the slope of the trend line) does not necessarily imply a rejection of unit 

root. Note that their model (equations (5) and (4b)) admits structural breaks under both 

the null of ρ =1 and the alternative of ρ < 1. For each choice of the break date(s), the 

authors follow the procedure of Schmidt and Phillips (1992) to arrive at the 
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corresponding LM test statistic, and the optimal break date(s) are the one(s) associated 

with the minimum LM statistic. Asymptotic critical values for each LM statistic are 

obtained via simulations.  

 

5.3.3. Stationary Tests 

Tests using stationary as the null hypothesis have also been proposed to circumvent the 

low power problem associated with the conventional Dickey-Fuller unit root test. 

Without modeling structural breaks, Kwiatkowski et al. (1992), commonly referred to as 

the KPSS test, propose a stationary test based on an unobserved components 

representation, decomposing a time series into the sum of a deterministic time trend, a 

random walk and a stationary error: 

(6) yt = ψ0 + ξ0t + rt + µt, 

where rt = rt-1 + et (a random walk) and the initial value r0 can be set as 0 without loss of 

generality. The null hypothesis that yt is trend stationary is formulated so that the variance 

of the random walk component is zero. The test is based on a LM test. The authors 

derive, its asymptotic distribution, in which the stationary error, µt, takes a general form 

of an autoregressive moving average (ARMA) process.  

     Similar to the unit root tests discussed above, the KPSS test has also been extended to 

allow for a structural break based on the finding that the KPSS test diverges in the 

presence of a braking trend (Lee, Huang, and Shin 1997). Kurozumi (2002, KR) and 

Carrion-i-Silvestre and Sansó (2007, CS), respectively, propose stationary tests with one 

structural break and two breaks. Their specifications can be presented as: 

(7) yt = {ψ0 + ξ0t + rt + µt} + (ψ1 + ξ1(t – τ1)) Dt(τ1) + (ψ2 + ξ2(t – τ2)) Dt(τ2), 

where Dt(τ2) is omitted in the one break model of Kurozumi (2002).47,48 The break dates 

are determined via a grid search by minimizing the sum of squared residuals of the 

                                                 
47

 More precisely, Kurozumi (2002) specifies a linear trend term as t/T and (t – τ)/T instead of t and (t 
– τ), respectively. Carrion-i-Silvestre and Sansó (2007) examine other six specifications based on the 
combination of the number of breaks and the structural break dummy variables.    
48

 Unlike the unit root tests, the structural breaks in the stationary test are mostly considered with the 
form of the additive outlier model.  
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estimated regression in (7) in both Kurozumi (2002) and Carrion-i-Silvestre and Sansó 

(2007). Similar to Kim and Perron’s (2009) unit root test, both sets of authors show that 

the approach results in a consistent estimate of the break fraction parameter. Simulated 

critical values are tabulated for the one break model in Kurozumi (2002) and for the two 

breaks model in Carrion-i-Silvestre and Sansó (2007). The latter study also includes 

estimated response surfaces, making it easier to handle the various combinations of two 

break dates.   

 

5.3.4. Cointegration Tests 

Engle and Granger (1987, EG) provide a residual based two-step procedure to test for 

cointegration among a group of nonstationary variables. For illustration, consider the 

following equation characterizing the long-run relationship between yt and xt: 

(8)   yt = a0 + b0t + txc0
′ + ty~ , 

where yt is a scalar, xt is an M x 1 vector, and ty~  is the residual series. The null 

hypothesis that yt and xt are not cointegrated is rejected if ty~  is found to be stationary. 

The two-step procedure entails estimating the cointegration equation (8) and testing for 

unit root in the residual series via methods such as the ADF test. Critical values for the 

ADF test of the residual series are provided in Engle and Granger (1987) but further 

elaborated in Phillips and Ouliaris (1990) for up to five variables (i.e., M ≤ 5) in the 

cointegration equation (8).  

     Gregory and Hansen (1996a, 1996b, GH) extend Engle and Granger’s (1987) 

procedure to allow for a single structural break of unknown timing in (8), under both the 

null and alternative hypotheses. The authors characterize the long run relationship 

between yt and xt as follows: 

(9)   yt = {a0 + b0t + txc0
′ + ty~ } + (a1 + b1t + txc1

′ ) Dt(τ),   

where the conventional cointegration equation (as in equation (8)) is now subject to a 
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structural break at time τ.49 The null hypothesis that yt and xt are not cointegrated is 

rejected if ty~  is found to be stationary. For each possible break date candidate, the 

authors estimate the cointegration equation (9) and compute the ADF test statistic on the 

residual series, with the chosen break date being the one that yields the minimum ADF 

statistic. Asymptotic critical values for the test statistic are obtained via simulations for 

up to four nonstationary regressors (M ≤ 4) in (9). 

     Based on the similar residual based two-step procedure, but instead of a lack of 

cointegration, Shin (1994, SH) entertains the existence of cointegration as the null, that 

is, ty~  is stationary, claiming that “[s]ince our primary interest is the hypothesis of 

cointegration, it is often argued that cointegration would be a more natural choice of the 

null hypothesis” (p. 91). The author adopts the stationarity (KPSS) test procedure to test 

the null of cointegration and derives asymptotic critical values for the test statistic via 

simulations for up to five nonstationary regressors. Arai and Kurozumi (2007, AK) 

extend the cointegration test of Shin (1994) by allowing for a break in the cointegration 

equation (9) and show the consistency of the break date estimate which is selected in a 

way that the sum of squared residuals of the cointegration equation is minimized. The 

authors provide simulated asymptotic critical values based on the stationarity test 

procedure and demonstrate through simulations that the empirical size of the test is close 

to the nominal size. Both cointegration tests of Shin (1994) and Arai and Kurozumi 

(2007) include leads and lags of the first difference term, ∆xt, in equation (9) in order to 

avoid asymptotic inefficiency of the estimates (Saikkonen 1991).  

 

5.4. Monte Carlo Simulations 

Small sample properties of the unit root, stationarity, and cointegration tests with 

unknown structural breaks discussed in the previous section is compared via a Monte 

Carlo study. In practice, researchers have finite and, in many cases, a small number of 

                                                 
49

 Gregory and Hansen (1996a) consider the three models which have 1) a break in the intercept 
without a time trend (i.e., b0 = b1 = 0 and c1 = 0), 2) a break in the intercept with a time trend (i.e., b1 = 
0, c1 = 0), and 3) a break in the intercept and slope coefficients without a trend term (i.e., b1 = 0). 
Gregory and Hansen (1996b) extend the model that has a break in the intercept, slope coefficients, and 
a slope of a time trend, i.e., equation (9).  
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observations, and have no knowledge of the true underlying model. As such, it is of 

interest to evaluate the finite sample performances (i.e., empirical size and power) of the 

tests. This is by no means the first study to examine the finite-sample properties of above 

mentioned tests. As mentioned, when a test is newly proposed, it is common for the 

author to examine the superiority of the proposed test over existing ones. This study, 

however, is unique in the extensiveness of the comparisons, all evaluated under the same 

set of conditions. The tests compared in this simulation study are the ones listed in tables 

5.1 and 5.2. These tests have been broadly applied in many empirical studies in 

macroeconomics. The Monte Carlo simulations are performed using GAUSS for 

Windows (version 9.02) and the programming codes are written by the author.50 See 

Appendix 5.A for detail specifications and parameter settings of each test analyzed in this 

simulation study, as well as in the empirical analysis in the later section. 

 

5.4.1. Simulation Specifications and Results of the Tests for Unit Root and 

Stationarity 

The data generating process (DGP) is set similar to the one used by Carrion-i-Silvestre 

and Sansó (2007), Kim and Perron (2009), and Lee and Strazicich (2003):51 

(10) yt = dt + ut,  ut = ρut-1 + et,  et ~ i.i.d. N(0,1), and  

 dt = θ1Dt(τ1) + θ2Dt(τ2) + δ1(t–τ1)Dt(τ1) + δ2(t–τ2) Dt(τ2), 

where θ1,2 = {0, 5, 10}, δ1,2 = {0, 1, 2}, and ρ = {0.8, 1}. Based on the combination of the 

parameters of θs and δs, the following four cases are examined in the simulation: 1) no 

break; 2) break(s) in the intercept; 3) break(s) in the linear time trend; and 4) break(s) in 

both the intercept and the linear trend. The number of replications is 1,000 in all 

                                                 
50

 The GAUSS codes for the unit root tests of Lumsdaine and Papell (1997), Lee and Strazicich 
(2003), and Lee and Strazicich (2004) and for the stationarity test of Schmidt and Phillips (1992) are 
taken from Lee’s webpage at http://cba.ua.edu/~jlee/gauss/index.htm. The code of Gregory and 
Hansen’s (1996a) cointegration test can be found on Hansen’s website at 
http://www.ssc.wisc.edu/~bhansen/progs/joe_96.html. The GAUSS code for the stationarity test with 
two breaks of Carrion-i-Silvestre and Sansó (CS, 2007) is provided by Carrion-i-Sivestre. These codes 
are modified by the author and combined with other tests’ programming codes, also written by the 
author, for the Monte Carlo simulation and empirical analysis.  
51

 Carrion-i-Silvestre and Sansó (2007) also study the case in which ut has the second order 
autoregressive form.  
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experiments and the sample sizes are set at T = {100, 200}. The break points are located 

at τ/T = {0.2, 0.5, 0.8} for the one-break simulations and (τ1/T, τ2/T) = {(0.2, 0.5), (0.2, 

0.8), (0.4, 0.6), (0.5, 0.8)} for the two-break simulations. The main focus of this 

simulation study is the model with break(s) in both the intercept and the linear trend, such 

as equations (2), (3), (5), and (7), given that this specification seems to fit well with the 

Japanese retail pork and farm hog price series, as discuss later. The nominal size is set at 

the 5 percent level.  

     Simulation results with one and two breaks in the DGP are reported in tables 5.3.1-

5.3.4 and 5.4.1-5.4.4, respectively. When ρ = 1.0, the figures in the tables for the unit root 

tests represent empirical size, while figures for the stationarity test indicate empirical 

power. It is reversed when ρ = 0.8, that is, the figures for the unit root tests represent 

empirical power and the figures for the stationarity test indicate empirical size. The first 

row of each of tables 5.3.1-5.3.4 shows the results when there is no break in DGP.  

     When ρ = 1.0, the empirical size of the conventional tests of ADF and SP is close to 

the nominal one for both T = 100 and 200, while the other unit root tests with unknown 

structural breaks are all oversized when T = 100, except for PR, but become close to the 

nominal size when the sample size increases. As to the empirical power (with ρ = 0.8), 

ADF and SP also show higher power than others, except for KP. The power of KP is as 

high as those of the two conventional tests. For the stationarity tests, KPSS is oversized 

(when ρ = 0.8) and does not improve even as the sample size increases. The empirical 

size of CS is close to the nominal one when T = 100, but it becomes substantially lower 

when T = 200. Similar to the unit root tests, the empirical power (ρ = 1.0) of KPSS is 

higher than those of KR and CS that allow for structural breaks.  

     The simulation results for the cases where there is one break in DGP are also reported 

in tables 5.3.1 – 5.3.4. ADF and SP maintain the empirical size and power at a reasonable 

level when a break exists only in the intercept as well as when the magnitude of the break 

(i.e., θ) is smaller. Once the structural break is imposed also in the linear trend, the 

experiment results (either size or power) of SP are all biased towards the null of unit root 

and the power of ADF is low (as often cited) when the location of the break date is in the 

middle of the sample. While PR maintains its empirical size close to the nominal one 
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when the magnitudes of the break are smaller, the test diverges under other conditions. 

Specifically, PR rejects the null of unit root regardless of the true DGP as the magnitudes 

of the break get bigger and as the sample size increases. The location of a break date 

affects PR’s performance. LP also suffers from size distortion when the magnitudes of 

the breaks are large. The empirical size of KP is undersized especially when the break 

date is close to the beginning of the sample; however, KP seems to have better finite 

sample properties among other Dickey-Fuller type unit root tests. The empirical size of 

LS1 is biased away from the null when T = 100 and it gets closer to the nominal one 

when the number of sample increases. LS1 and LS2 seem to have as good finite sample 

properties as KP when the sample size is large. It appears that the effect of the location of 

the break is small for KP, LS1, and LS2. As to the stationarity test, when the sample gets 

bigger, size distortion of KR is improved, but CS becomes undersized. The location of 

the break also appears not to affect the performance of the KR and CS tests. As Lee, 

Huang, and Shin (1997) pointed out, the KPSS test diverges when there is a break in the 

DGP. 

     The simulation results of the two-break case are reported in tables 5.4.1 – 5.4.4.52 

Except for the cases where two breaks are imposed only in the intercept and the 

magnitudes of breaks are small, all the no-break and one-break tests, namely ADF, SP, 

PR, KP, KR and LS1, perform very poorly. With T = 100, LS2 seems to have larger size 

distortion than LP, especially when one of break dates is close to the end point of the 

sample period. When T = 200, the empirical size of LS2 becomes closer to the nominal 

one and the power improves. The location of break dates matters when the sample size is 

small, while its impact on test performances reduces as the sample size increases. The CS 

test also has better size and power properties when the sample size becomes larger.     

     In sum, among the unit root and stationarity tests examined, the KP, LS1, LS2, and CS 

tests have better finite sample properties. One common feature among the three unit root 

tests of KP, LS1, and LS2 is that all the tests allow a break under both the null and 

alternative hypotheses. While the importance of this assumption has been pointed out 

                                                 
52

 The results of the case with θ1,2 = 0, δ1,2 = 0 (i.e., no break) are not reported because they are the 
same as the ones reported in tables 3.1 – 3.4. 
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(Nunes, Newbold, and Kuan 1997, Lee and Strazicich 2001b, Kim and Perron 2009), to 

the best of our knowledge, this study is the first to highlight it by comparing the two 

different (i.e., Dickey-Fuller and LM) approaches using a finite sample simulation. 

Applying a combination of those tests for empirical applications will provide a better 

insight regarding whether the time series under investigation are stationary or not. Since 

program codes for the tests are readily available on those authors’ websites or upon 

request, researchers who deal with time series data should apply the tests routinely as 

they have done so using the conventional ADF test. 

 

5.4.2. Simulation Specifications and Results of the Tests for Cointegration 

The finite sample performance comparison of cointegration tests is carried out with a 

bivariate DGP similar to the one used by Banerjee et al. (1986), Gonzalo (1994), Gregory 

and Hansen (1996a):  

(11) (No break)  y1t = 1 + 0.2t + 2y2t + εt, 

   (One break)  y1t = 1 + 0.2t + 2y2t + εt if t ≤ τ, 

   y1t = 4 + 0.4t + 4y2t + εt  if t > τ, 

   (Two breaks)  y1t = 1 + 0.2t + 2y2t + εt if  t ≤ τ1, 

y1t = 4 + 0.4t + 4y2t + εt  if   τ1 < t ≤ τ2,  

y1t = 6 + 0.6t + 6y2t + εt  if  t > τ2,  

and 

y1t = y2t + ηt,  ηt = ηt-1 + ωt,  ωt ~ i.i.d. N(0,1), 

εt = ρεt-1 + ζt,  ζt ~ i.i.d. N(0,1), 

where y2t is scalar. Following Gregory and Hansen (1996a), one sets ρ = {0, 0.5, 1}. The 

number of replications is 1,000 in all experiments and the sample sizes are set at T = 

{100, 200}. The break points are located at τ/T = {0.25, 0.5, 0.75} for the one-break case 

and (τ1/T, τ2/T) = {(0.25, 0.5), (0.25, 0.75), (0.5, 0.75)} for the two-break case. The main 

focus of this simulation study is the model with break(s) in the intercept, the linear time 

trend and a slope coefficient, i.e., equation (9), because this specification appears to 

match well with the long-run retail-farm price relationship of the Japanese pork data, as 
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discussed later.53 See Appendix 5.A for more details. The nominal size is set at the 5 

percent level.  

     Simulation results are reported in tables 5.5.1-5.5.2 For the case of no break, while EG 

improves its power when T = 200, the empirical size becomes smaller than the nominal 

one. As Gregory and Hansen (1996a) pointed out, the inclusion of unnecessary regressors 

(i.e., variables that capture a structural break) seems not to be a problem, that is, GH is 

more powerful than EG, although the empirical size of GH is somehow distorted towards 

the null. SH and AK improve their power when sample size increases, while the 

empirical size remains unchanged.  

     We share the same remark with Gregory and Hansen (1996a) that the rejection 

frequencies of EG falls substantially once a structural break is considered in the 

cointegration equation. For the one break case, GH is oversized, but maintains high 

power. The location of the break appears not to affect the empirical size and power 

properties of GH. The performance of AK is as poor as SH, even though AK does allow 

for one structural break in its model. SH suffers from even worse size distortion when 

sample size increases. Unlike GH, the empirical size and power of AK differ due to the 

location of a break. When a break date is close to the end of the sample, the empirical 

size and power of AK become smaller.  

     As to the case of two breaks, GH surprisingly maintains its (relatively) high power. 

One interesting observation is that when the error term, εt, is more persistent (i.e., ρ = 

0.5), the empirical power is higher with larger sample. On the other hand, if the error 

term is less persistent (ρ = 0), the power is higher when the sample size is smaller. For the 

one break case, the empirical power of GH gets higher when T = 200 regardless of 

persistency of εt. Another difference between the one break case and the two breaks case 

for GH is that the location of two break dates affects both the empirical size and power 

substantially. When the two breaks are close to both ends of the sample, GH suffers from 

                                                 
53

 The critical values reported in Arai and Kurozumi (2007) are based on a model that allows for a 
structural break in the intercept and the slope coefficient, but not in the linear time trend. Critical 
values associated with the simulation specification are thus calculated by simulation using 500 steps 
and 2000 replications. Those of the 5 percent nominal size are {0.098, 0.082, 0.065, 0.055, 0.052} for 
the break fractions from 0.1 to 0.5, respectively. For the GH test, ADF

*
 in Gregory and Hansen 

(1996b) was used. 
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size distortion and lower power. SH and AK again perform poorly and the size distortion 

gets worse when the sample size increases.  

     Overall, when a structural break is considered in the intercept, the time trend, and the 

slope term, GH performs well even when the true model includes two structural breaks. 

AK may not be as useful as GH with this DGP setting. Because GH and AK perform as 

well as EG and SH, even if the true model has no break, GH and AK should be the first 

choice for researchers when they carry out the cointegration test. 

     Although the chosen break date by AK will be a consistent estimate of the true break 

date, the two cointegration tests (GH and AK) are not exactly tests for structural change. 

Gregory and Hansen (1996a) emphasize that their cointegration test does not provide 

much evidence to determine whether or not there is a structural change in the 

cointegration equation, because ‘cointegration with no structural break’ can be 

considered as a special case of the alternative hypothesis of cointegration. The remark 

applies to AK as well, in which the alternative hypothesis is ‘no cointegration without a 

structural break’. Some studies, however, make an argument about a structural change 

based on the estimated break date by the cointegration tests (e.g., Fell 2008). Therefore, it 

is valuable to investigate how well a break date can be estimated with these two 

cointegration tests. The distribution of the estimated break dates of GH and AK are 

presented for the following three cases: 1) no break in figure 5.1; 2) one break in figures 

5.2, 5.3, and 5.4 for break fraction of τ/T = 0.25, 0.50, and 0.75, respectively; and 3) two 

breaks in figures 5.5, 5.6, and 5.7 for the combination of (τ1/T = 0.25, τ2/T = 0.50), (τ1/T = 

0.50, τ2/T = 0.75), and (τ1/T = 0.25, τ2/T = 0.75), respectively. The upper half of each 

figure, panel (a), presents the results of the case of T = 100 and the lower half, panel (b), 

the case of T = 200. The left-hand-side column reports the results of GH and the opposite 

side the results of AK. 

     Because both tests always impose one structural break in the cointegration equation, 

the tests estimate one break date regardless of whether the DGP includes no break, one 

break or two breaks. For no break case in figure 5.1, when the two variables in question 

(i.e., y1t and y2t) are not cointegrated (i.e., ρ = 1) both tests tend to estimate a break date 

around the middle of the sample. When the two variables are indeed cointegrated (i.e., 
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either ρ = 0 or 0.5), GH tends to estimate a break date at both ends of the sample, while 

AK picks a break date relatively uniformly over the sample. As to the case of one break 

presented in figures 5.2 – 5.4, while estimates vary a lot over the sample when ρ = 1, both 

tests tend to identify the correct break date when ρ = 0 or 0.5 (i.e., the variables are 

cointegrated). For the latter case, AK clearly does better than GH. Similar patterns can be 

observed for the two-break case. Another interesting result is that when one of the two 

break dates is at the middle of the sample, it is identified more often than the other break 

date. AK, again, estimates the true break date more often than GH does.  

     Overall, despite its poor finite sample properties, AK outperforms GH in terms of the 

accuracy of the break date estimates. This may be because the estimate of AK is 

consistent, but that of GH is not necessarily consistent.54 GH may be useful as a test for 

cointegration, but it may not be good enough to be a viable alternative of the break date 

estimation procedures of Bai and Perron (1998, 2003a) and Kejriwal and Perron (2008, 

2009).  

 

5.5. Empirical Application to Japanese Pork Market 

The structural change estimation procedures of Bai and Perron (1998, 2003a) and 

Kejriwal and Perron (2008, 2009) will now be considered to investigate the long run 

retail-farm price relationship in the Japanese pork market, using monthly data ranging 

from April 1967 through March 2008.55 As mentioned in the introduction section, it is 

commonly believed that structural changes have occurred in the Japanese pork industry 

during the past few decades. The application will shed light on empirical 

implementations of the previously discussed methods, while offering insight into the 

structural changes on retail-farm price transmission in the Japanese pork market.  

                                                 
54

 Note that the consistency of AK’s break date estimates is elaborated on the case of one structural 
break (Arai and Kurozumi 2007). It will not necessarily be the case when the true model contains 
more than one structural break.   
55

 The retail pork price data are from Monthly Report on the Retail Price Survey by the Ministry of 
Internal Affairs and Communications, and the farm hog price data are from Statistics on Commodity 

Prices in Agriculture by the Ministry of Agriculture, Forestry and Fisheries. The retail pork price is a 
loin price in the 23 wards of Tokyo and is measured in yens per hundred grams, while the farm hog 
price is a national average and is on yens per ten kilograms live-weight bases. The farm price is 
converted to a retail equivalent weight basis using the commonly used yield rate of 49 percent.   
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5.5.1. Japanese Pork Market: Consumption, Production and Imports 

Pork consumption in Japan has had the largest share in total meat consumption as shown 

in figure 5.8 and increased constantly over 50 years (figure 5.9). In spite of such 

popularity, domestic pork production has decreased since the early 1990s, being filled the 

gap by imports. Japanese hog farmers are handicapped to compete against pork imports 

by 1) the cost of imported feedstuffs; 2) high labor costs; and 3) restricted land use. Many 

of smaller-scale farmers thus exit from their hog business, while lager-scale farmers 

maintain their business trying to achieve economies of scale (see figure 5.10). Although 

the Japanese government has set border measures, such as tariffs and safeguards, in order 

to control the inflow of pork imports, and hence to support domestic hog farmers, the 

amounts of pork imports have steadily increased after liberalization of pork imports in 

1971 (see figure 5.9) and Japan has become the world’s largest pork import country. The 

main sources of pork imports in recent 15 years are shown in figure 5.11. The United 

States and Demark have been Japan’s leading foreign sources after the sudden 

withdrawal of Taiwan due to a serious outbreak of foot-and-mouth disease in 1997.  

 

5.5.2. Results of Unit Root, Stationarity and Cointegration Tests 

Given that the appropriate estimation procedure for structural change depends on whether 

the variables involved are stationary or not, empirical results on unit root, stationarity and 

cointegration tests are first reported. The test results for a unit root and stationarity are 

reported in tables 5.6 and 5.7, respectively. The price variables are in logarithmic form 

and are first regressed on 12 monthly dummy variables to remove seasonality from the 

data before proceeding with the unit root analysis. See Appendix 5.A for details of test 

specifications. 

     As indicated by the test statistics under No Break columns in the panel (a) table 5.6, 

the ADF test fails to reject the null that the retail and farm prices are nonstationary. 

However, the unit root conclusion is overturned under the methods allowing for a 

breaking trend. Specifically, the hypothesis that the retail pork price contains a unit root 

is rejected at the one percent significance level, regardless of the number of the breaks 

considered and whether the structural break is specified only in the null model (PR and 
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LP) or in both the null and alternative models (KP). One can thus clearly conclude that 

the retail pork price is stationary with a breaking trend.  

     The hypothesis that the farm hog price is nonstationary is also rejected at the one 

percent level under KP, but the rejection under Perron is only at the ten percent level and 

the test statistics of LP is a little off from the ten percent significance level of -6.48. 

Similarly, with the LM-type unit root tests reported in the panel (b) table 5.6, the no-

rejection result of the SP unit root test on the retail pork price overturns at the one percent 

level with both LS1 and LS2. The rejection of the null of unit root in the farm hog price 

is, however, is not as strong as the retail pork price, obtaining marginal significance with 

the two-break model (LS2) only. Based on the Monte Carlos simulation results, we now 

know that KP, LS1 and LS2 perform well when there is one break in the trend function. 

Because two out of three tests reject the null hypothesis that the farm price series has a 

unit root, it is safe to conclude that the farm hog price is also stationary with a breaking 

trend.  

     The estimated break dates are somewhat similar under the same family of the tests. 

For the Dickey-Fuller type tests, the break date for the retail price is February 1974 under 

PR and February 1975 under KP, while the estimates of April 1972 and May 1975 under 

LP, with the second break date being similar to the one obtained under the one-break 

models. As to the farm hog price, February 1974 under PR, March 1974 under KP and 

June 1974 and July 1986 under LP, again with the first break date being similar to the 

ones under the one-break models. As for the LM-type tests, similarly, one of the break 

dates estimates under the two-break model (LS2) is somewhat close the ones under the 

one-break model (LS1). Note that PR, LP, LS1, and LS2 methods need not yield 

consistent break date estimates because the selection criteria there maximize the power of 

the test rather than minimizing the sum of squared residual of the regression as in KP. 

     As to the stationarity tests reported in table 5.7, the null hypothesis that the retail pork 

and farm hog prices are stationary is rejected under the conventional stationarity test 

(KPSS) at the one percent significance level. Similar to the unit root tests discussed 

above, the results are overturned under the tests that allow for structural breaks, except 

for the farm hog price with KR. The hypothesis that the farm hog price is trend stationary 
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is still rejected at the one percent level under KR, but it cannot be rejected under the two-

break model of CS. As our simulation study shows, while KR suffers from size distortion 

(over-reject), CS tends to under-reject the null when one break in the trend function is 

suspected. Thus, the stationarity test results alone may not be conclusive; however, to 

consider the results of above unit root tests together, we again take a stand for the 

conclusion that the farm hog price series is stationary with a breaking trend. One of the 

break date estimates of CS and the one of KR is close for both the retail and farm price 

estimations. For example, the estimates of break dates of the farm price series are August 

1974 under KR and the first estimated break date of CS being September 1974. 

Moreover, these estimates are also close to the one estimated in the unit root test under 

KP. Note that the break date estimates under these three methods (KR, CS, and KP) are 

consistent. 

     In sum, while the traditional tests of both unit root and stationarity suggest that the 

retail pork and farm hog prices in Japan are nonstationary, results from the more recent 

methods of allowing for structural breaks of unknown timing in the trend function 

support the viewpoint that the two prices are trend stationary. Thus, if one is to embrace 

the breaking trend perspective, the method of Bai and Perron (1998, 2003a) is appropriate 

for the subsequent structural change analysis of the retail-farm price relationship. Yet, if 

one is hesitant to hold that stance, it is prudent to ensure that the presumably 

nonstationary prices are cointegrated before employing the method of Kejriwal and 

Perron (2008, 2009). Although it is the author’s opinion that the two prices are trend 

stationary, the study will proceed with the cointegration tests for illustration purposes. 

     The cointegration results are based on an equation that regresses the logarithm of retail 

pork price on the logarithm of farm hog price, a time trend, 12 monthly dummy variables, 

and an endogenously identified structural dummy variable (as needed). Table 5.8 reports 

the results under the no-break methods of Engle and Granger (1987) and Shin (1994), and 

the one-break models of Gregory and Hansen (1996b) and Arai and Kurozumi (2007). 

The conventional EG and SH cointegration tests with no structural break conclude that 

there is no cointegration between the retail and farm prices. The result is overturned by 

the one-break models, however. Specifically, GH test rejects at the one percent 
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significance level that there is no cointegration, and based on AK test statistic of 0.050, 

one fails to reject the null hypothesis that the retail and farm prices are cointegrated (see 

footnote 53 for critical values of AK). The estimated break date for the cointegration 

parameters is February 1983 and September 1976, under GH and AK, respectively. Note 

that the estimate using GH does not need to be consistent because it is selected to 

maximize the power of the test rather than minimize the sum of squared residuals of the 

equation as in AK that provides consistent estimates. Still, both break date estimates are 

in congruence with the multiple break results to be discussed shortly.56   

 

5.5.3. Estimated long-run Retail-Farm Price Relationship 

Bai and Perron’s (1998, 2003a) procedure is used to estimate break dates for the retail-

farm price linkage equation, expressing the logarithm of retail price as a function of the 

logarithm of farm price, a time trend, 12 monthly dummy variables, and endogenously 

identified structural dummy variables.57,58 A maximum of five breaks for the study period 

is specified, and the minimum length of each segment of the regression is restricted to be 

no less than 15 percent of the total number of observations. Andrews’ (1991) procedure 

for obtaining a heteroskedasticity and autocorrelation consistent covariance matrix is 

employed in the estimation. Table 5.9 reports the test statistics for the number of breaks 

using the sup-Wald tests denoted by supF(·). Judging from the supF(m|0) statistics, for m 

= 1, … 5, in the table, one clearly rejects the null of no structural break. In addition, the 
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 As discussed in the footnote 54, the consistency of the AK’s break date estimate is based on the 
assumption of one break in the model. As we show later, we believe that there are four breaks in the 
relationship between pork retail and farm hog prices. Thus, the consistent break date estimates based 
on the multiple break model of Bai and Perron (1998, 2003a) and the AK’s break date estimate may 
not necessarily be coincide with each other. But presumably, they may be close.  
57

 A statistical test for the direction of causality when structural changes are anticipated has not yet 
been well established. Therefore, the upward causal relationship between farm hog price and pork 
retail price is assumed. This direction of causal relationship is observed in a pork market in other 
countries (e.g., Goodwin and Harper 2000). In addition, although wholesale markets exist in Japan, 
our analysis does not include the wholesale price as a part of explanatory variables. This is because: 1) 
in 2000, only 14% of the total quantity of hogs slaughtered was transacted at the wholesale markets; 
and 2) wholesale prices evolve with farm hog prices very closely (sample correlation is 0.97) and, 
thus, the regression analysis suffers from a multicollinearity problem. 
58

 The coefficients of the monthly dummy variables are treated as regime independent in the 
estimation to conserve degrees of freedom. Following Bai and Perron (1998, 2003a), the time trend 
variable is defined by t/T where T is the total number of the observation and t = 1, …, T. 
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sequential tests of supF(m|m-1) suggest four breaks.  

     Also reported in table 5.9 are the break date estimates and their 95 percent confidence 

intervals. The estimated break dates are June 1975, June 1982, September 1990, and 

January 1997, and the confidence intervals for the break date estimates are tight. The 

1975 break may be a reflection of a period of relatively cheap feed imports caused by a 

strong yen, manifested by declining hog prices without a commensurate reduction in the 

retail pork price. The 1982 break may be capturing the effect of market disturbances 

caused by the foot-and-mouth disease outbreak in Denmark in March 1982, temporarily 

shifting up the declining farm hog prices. The 1990 break may reflect the beginning of a 

protracted recession (arising from the burst of the asset price bubble), driving down 

domestic hog inventories for more than half a decade in response to a tightened credit 

market.59 Finally, the 1997 break may have to do with a shift in the import source from 

Taiwan to the United States and Canada due to a permanent change in the foot-and-

mouth disease status of the island nation as well as gradual reductions in pork import 

levies made effective by the Uruguay Round GATT treaty signed in 1994.   

     The 1975 and 1990 breaks can be readily identified by examining the time series plots 

in figure 5.12. Prior to the 1975 break, the retail and farm prices appear to move in 

tandem, trending up. In the second and third regimes, however, the two prices deviate 

from each other, with the retail price trending up slightly while the farm price trends 

down. Since the third break in 1990, retail price still follows a slight upward trend, while 

farm price appears to fluctuate seasonally around a constant mean. Contrary to the 1975 

and 1990 breaks, the 1982 and 1997 breaks are more difficult to see, demonstrating the 

utility of the break date estimation procedures used in this analysis. 

     The estimated farm price transmission coefficient is reported in table 5.10 for each of 

the five regimes defined by the four break dates, where asymmetry in the coefficient is 

allowed by decomposing the farm price into two series based on the sign of the first-

                                                 
59

 In studies of the Japanese economies, the recession is often identified as a structural break point. For 
example, Bec and Bastien (2007) identify a break point in the relationship between real output and 
inflation rate using a multivariate extension of the structural break procedure proposed by Bai, 
Lumsdain, and Stock (1998). 
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difference of the variable.60 Judging from the p-values of the symmetry tests, the price 

transmission coefficient is found to be asymmetrical in all regimes, even though the 

estimates are actually quite close to each other. This may be a relief if one interprets the 

result as retailers not being overly manipulative by raising pork prices significantly when 

the farm price is increasing, but lowering the price only very slightly when the farm price 

is decreasing. The estimated farm price transmission elasticities in all the five regimes are 

significantly different from zero at the one percent level, but their magnitudes decrease 

gradually from 0.56 to 0.05 as the regime progresses, suggesting a weakening linkage 

between retail pork and farm hog prices over the study period. 

 

5.5.4. Estimated Short-Run Retail-Farm Price Relationship 

Using an error correction specification, the short-run price relationship between the retail 

pork price and the farm hog price is examined in each of the five regimes identified in the 

long-run analysis. Error correction models have been extensively applied for the 

estimation of the short-run price dynamics when the price series are found to be 

nonstationary but cointegrated (von Cramon-Taubadel 1998, Goodwin and Holt 1999, 

Goodwin and Harper 2000, Boetel and Liu 2008, among others). In addition, given that 

the error correction models can be formulated as a special case of the autoregressive 

distributed lag model and is desirable to incorporate long-run information into short-run 

behavior (Davidson et al. 1978, Hendry 1995), the error correction models are also found 

as a useful specification for stationary price series (Boetel and Liu 2008).  

     The specification of the error correction model in each regime is that the 

contemporaneous change in the retail pork price is a function of lagged changes of the 

retail price, contemporaneous and lagged changes of the farm price, and one period 

lagged error correction term. The error correction term accounts for deviation from the 

equilibrium relationship and is the residuals from the long-run price transmission 

equation with multiple structural changes reported in the previous subsection. In order to 

                                                 
60

 While not reported in table 5.10, monthly dummy variables are found to be important: the 
hypothesis that the dummy variable coefficients are jointly zero is rejected at a p-value very close to 
zero.  
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examine whether the adjustment processes to price increases and decreases are 

asymmetric, the lagged changes in retail and farm price variables are divided into positive 

and negative components.61 Following Granger and Lee (1989) and von Cramon-

Taubadel (1998), the error correction term was also divided into positive and negative 

components in the preliminary estimation in order to examine asymmetry in the 

adjustment speed to the long-run equilibrium (i.e., the coefficients of the error correction 

terms).62 Because the test results on asymmetry in the adjustment speed turned out to be 

insignificant in all the five regimes, the final specification presented in this section 

imposes symmetry in the error correction term. The lengths of the lagged retail and farm 

price changes are determined based on Akaike information criterion as well as the 

condition that residuals are free from autocorrelation up to 12th order using the Breusch-

Godfrey Lagrange Multiplier test.  

     Estimation results in each regime are presented in table 5.11. An important result of 

the regression estimates is that the dynamic relationships between the price variables vary 

among regimes. While the change in retail prices is affected by immediate and lagged 

changes in farm prices in the earlier regimes (1 and 2), the significance of the farm price 

change variables has weakened and lagged changes in retail prices have become 

influential in the latter regimes (4 and 5). In the first two regimes, the response of retail 

price to an increase in the contemporaneous farm price change, i.e., the coefficient of 

+∆ tFarm , is greater than the response to a decrease in the contemporaneous farm price 

change ( −∆ tFarm ). This is consistent with findings in previous studies of asymmetric 

price transmission of various commodity prices (e.g., Borenstein, Cameron, and Gilbert 

1997, Peltzman 2000). The magnitude of the coefficient of +∆ tFarm  decreases gradually 

                                                 
61 The decomposed farm price change variables are defined as:  

+∆
t

Farm  = max{∆Farmt, 0} and 
−∆
t

Farm = min{∆Farmt, 0},  where ∆Farmt = Farmt – Farmt-1. So are 

the retail price change variables, 
+∆
t

Retail  and 
−∆
t

Retail . 
62

 Setting the threshold that delineates the error correction term to be zero has been questioned and 
examined with the so-called threshold error correction models (e.g., Goodwin and Holt 1999, 
Goodwin and Harper 2000). However the estimation of thresholds and structural breaks altogether 
makes the empirical analysis intangible. Given that our focus is to identify structural breaks in the 
price relationships, we fix the threshold as the conventional value of zero. 
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from 0.396 to -0.008 as the regime progresses and becomes not statistically different 

from zero in regimes 3 through 5. The decrease in relative importance of farm hog prices 

as a determinant of retail pork prices, in long-run and short-run, may be an indication of 

the emerging influence of a large amount of pork imports as well as changes in market 

conditions, such as vertical integration, which have thought to occur in Japanese pork 

markets. Finally, the negative sign of the estimated adjustment speed suggests that the 

prices are mean reverting.   

     To further analyze the dynamics between retail and farm prices, following Borenstein, 

Cameron, and Gilbert (1997), cumulative adjustment responses to a one-time, one-unit 

change (either positive or negative) in the farm hog price is estimated. See Appendix 5.B 

for details of the calculation of cumulative adjustments. The estimated cumulative 

adjustment functions, as well as the 95 percent confidence intervals, in each of five 

regimes are shown in figures 5.13.1-5.13.363 In the first regime, presented in figure 5.13.1 

panel (a), one unit positive (negative) shock in the farm hog price leads to 0.40 (0.08) and 

0.55 (0.41) units increase (decrease) in the retail price in the first and second months and 

eventually converges to the long-run adjustment speed of 0.49. Although the shapes of 

positive and negative cumulative adjustment responses in each regime are similar, the 

magnitudes of the response are quite different across regimes, suggesting the importance 

of considering structural changes in analyzing retail pork and farm hog price relationship. 

In all, the implications of the cumulative adjustments are: 1) the response of retail pork 

prices to positive shocks in farm hog prices is more rapid than the case of negative 

shocks; 2) positive (negative) shocks elicit positive (negative) responses; and 3) the 

adjustments appear to be reasonably symmetric after three to four months in each regime. 

These findings are similar to those found in Boyd and Brorsen (1988) for U.S. pork 

markets and in Goodwin and Holt (1999) for U.S. beef markets. 

 

 

                                                 
63 The 95 percent confidence intervals are calculated based on the standard errors of the point estimates of 
the cumulative adjustments obtained by the delta method. The dashed lines are the intervals for a unit 
increase and the dotted lines are the ones for a unit decrease. 
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5.6. Summary and Conclusion 

The importance of incorporating structural breaks of unknown timing in modeling long-

run agricultural price relationship is amply demonstrated by the results from the 

simulation analysis and the empirical application of the Japanese pork data. As Hansen 

(2001) argues, structural changes are “quite perilous to ignore (p.127).” Given that an 

appropriate estimation procedure for a structural change depends on the time series 

properties of the variables, various test procedures for unit root, stationarity and 

cointegration are discussed and their finite sample properties are compared by Monte 

Carlo simulation. The Monte Carlo simulation results show that while conventional test 

procedures that do not allow for structural breaks perform very poorly when the true 

model contains a structural break, recently developed test procedures that allow for 

structural breaks perform well even if the true model contains no break. It would thus be 

difficult for one to justify continuous use of only the conventional tests of no structural 

break when analyzing long-run relationship among economic time series. The simulation 

results further reveal two important facts: 1) unit root tests allowing for a structural break 

under both the null and alternative hypotheses perform better than those admit a break 

only under the null; and 2) cointegration tests with superior finite sample properties do 

not necessarily produce more accurate break date estimates. 

     As to the empirical application of those tests that account for unknown structural 

changes, this study investigates the long-run retail-farm price relationship in the Japanese 

pork market. Once one allows for structural changes of unknown timing in the tests of 

unit root, stationarity, and cointegration, results from the conventional test procedures of 

no structural change are overturned. The results demonstrate that without appropriately 

accounting for structural changes, analysts may face the risk of reaching a totally 

opposite conclusion.  

     Upon confirming that the retail pork and farm hog prices are stationary with a 

breaking trend, Bai and Perron’s (1998, 2003a) procedure was used to estimate the break 

dates for the retail-farm price linkage equation. Four breaks (i.e., five regimes) were 

identified for the period of 1967 - 2008, reflecting changes in production costs, the state 

of the economy and trade regime. Two of the four breaks could be readily identified by 
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examining the time series plots but the other two breaks are more difficult to detect 

visually, demonstrating the utility of the break date estimation procedures adopted in this 

analysis. The price transmission coefficient was found to be asymmetrical in all five 

regimes, even though the estimates are actually quite close to each other. This may be a 

relief if one interprets the result as retailers not being overly manipulative by raising pork 

prices significantly when the farm price is increasing, but lowering the price only very 

slightly when the farm price is decreasing. Furthermore, gradually decreasing magnitudes 

of the estimated farm price transmission elasticities suggest a weakening linkage between 

retail pork and farm hog prices over the 40 years of study period. 

     The residuals from the estimated long-run retail-farm price equation were used to 

construct an error-correction model to analyze short-run price dynamics in each regime. 

First, test results on symmetry in adjustment speed to the long-run equilibrium cannot be 

rejected in all five regimes. In addition, the negative sign associated with the estimated 

adjustment speeds suggest that the prices are mean reverting. Second, the results indicate 

that the price dynamics vary among regimes. The decrease in relative importance of farm 

hog prices as a determinant of retail pork prices has been observed over the sample 

period. This result may be explainable by changes in Japanese pork retailing, such as the 

emergence of mega retail chain stores. Third, results from the cumulative adjustment 

response analysis indicate that retail pork price responds more rapidly to positive shocks 

in farm hog prices than the case of negative shock, though the adjustment to shocks 

becomes reasonably symmetric after three to four months 
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Table 5.1. Summary of Tests for Unit Root and Stationarity 

Test         The number of breaks 
considered in the test 

Hypothesis that allows break(s) in the trend function 

Unit Root Tests   
   1) Dickey-Fuller Type   

Augmented Dickey-Fuller (ADF, 1984) 0 --- 
Perron (PR, 1997) 1 Alternative 

Lumsdaine and Papell (LP, 1997) 2 Alternative 
Kim and Perron (KP, 2009) 1 Null and Alternative 

   2) LM Type   
Schmidt and Phillips (SP, 1992) 0 --- 
Lee and Strazicich (LS1, 2004) 1 Null and Alternative 
Lee and Strazicich (LS2, 2003) 2 Null and Alternative 

   

Stationarity Tests   
Kwiatkowski et al. (KPSS, 1992) 0 --- 

Kurozumi (KR, 2002) 1 Null and Alternative 
Carrion-i-Silvestre and Sansó (CS, 2007) 2 Null and Alternative 
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Table 5.2. Summary of Single-equation Residual-based Cointegration Tests 

Test The number of breaks 
considered in the test 

Hypothesis of the test 

   

Engle and Granger (EG, 1987) 0 Null: No cointegration 
Alt:   Cointegration 

   

Gregory and Hansen (GH, 1996b) 1 Null: No cointegration with a structural break 
Alt:   Cointegration 

   

Shin (SH, 1994) 0 Null: Cointegration 
Alt:   No cointegration 

   

Arai and Kurozumi (AK, 2005) 1 Null: Cointegration with a structural break 
Alt:   No cointegration 
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Table 5.3.1 Rejection Frequencies of the Tests for a Unit Root and Stationarity (One Break, ρ = 1.0, T = 100) 

DGP: yt = θDt(τ) + δ(t–τ)Dt(τ) + ut, ut = ρut-1 + et,  et ~ i.i.d. N(0,1); 1,000 replications; 5% nominal size 

ρ = 1.0
a
 T = 100 Unit Root: Dickey-Fuller type   Unit Root: LM type   Stationarity test 

τ/T θ, δ ADF [0]b PR [1] KP [1] LP [2]   SP [0] LS1 [1] LS2 [2]   KPSS [0] KR [1] CS [2] 

 0, 0c 0.051 0.017 0.074 0.065  0.047 0.105 0.127  0.414 0.293 0.082 
              

0.2 5, 0 0.042 0.055 0.063 0.200  0.051 0.103 0.133  0.455 0.266 0.081 

      10, 0 0.021 0.419 0.027 0.848  0.030 0.087 0.197  0.554 0.340 0.104 

 0, 1 0.242 0.022 0.027 0.041  0.000 0.047 0.074  0.607 0.488 0.950 

 0, 2 0.907 0.446 0.018 0.223  0.000 0.060 0.114  0.812 0.528 0.110 

 5, 1 0.262 0.056 0.026 0.166  0.002 0.071 0.122  0.396 0.409 0.103 

 5, 2 0.892 0.261 0.017 0.255  0.000 0.080 0.186  0.640 0.472 0.117 

      10, 1 0.236 0.419 0.016 0.798  0.005 0.080 0.204  0.194 0.409 0.117 

      10, 2 0.803 0.436 0.013 0.758  0.000 0.113 0.273  0.411 0.473 0.117 
              

0.5 5, 0 0.042 0.077 0.070 0.208  0.062 0.094 0.146  0.350 0.367 0.099 

      10, 0 0.022 0.566 0.035 0.830  0.034 0.056 0.241  0.217 0.484 0.165 

 0, 1 0.000 0.037 0.033 0.071  0.000 0.064 0.087  1.000 0.311 0.110 

 0, 2 0.000 0.317 0.033 0.232  0.000 0.060 0.163  1.000 0.366 0.152 

 5, 1 0.000 0.089 0.041 0.186  0.000 0.083 0.151  1.000 0.406 0.144 

 5, 2 0.000 0.260 0.053 0.292  0.000 0.087 0.239  1.000 0.451 0.159 

      10, 1 0.022 0.566 0.035 0.830  0.034 0.056 0.241  0.999 0.487 0.177 

      10, 2 0.000 0.569 0.034 0.778  0.000 0.090 0.280  1.000 0.499 0.188 
              

0.8 5, 0 0.052 0.035 0.085 0.155  0.054 0.107 0.139  0.448 0.275 0.102 
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      10, 0 0.022 0.354 0.059 0.755  0.035 0.137 0.199  0.579 0.321 0.142 

 0, 1 0.000 0.008 0.041 0.044  0.000 0.047 0.076  0.644 0.321 0.123 

 0, 2 0.214 0.031 0.044 0.121  0.000 0.127 0.105  0.858 0.381 0.140 

 5, 1 0.000 0.028 0.048 0.153  0.000 0.066 0.137  0.798 0.352 0.124 

 5, 2 0.049 0.054 0.065 0.242  0.000 0.092 0.171  0.926 0.425 0.139 

      10, 1 0.000 0.353 0.059 0.707  0.000 0.136 0.230  0.880 0.421 0.143 

       10, 2 0.001 0.356 0.059 0.673   0.000 0.150 0.293   0.972 0.451 0.146 
 
a
 With ρ = 1.0, numbers for the unit root tests represents empirical size, while numbers for the stationarity tests express empirical power. 

b
 The number in square brackets, [.], indicates the number of breaks assigned in each test.  

c
 (θ, δ) = (0, 0) corresponds with the case of no break in the DGP. 

Note: See Appendix 5.A for details of each test specification 
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Table 5.3.2 Rejection Frequencies of the Tests for a Unit Root and Stationarity (One Break, ρ = 0.8, T = 100) 

DGP: yt = θDt(τ) + δ(t–τ)Dt(τ) + ut, ut = ρut-1 + et,  et ~ i.i.d. N(0,1); 1,000 replications; 5% nominal size 

ρ = 0.8
a
 T = 100 Unit Root: Dickey-Fuller type   Unit Root: LM type   Stationarity test 

τ/T θ, δ ADF [0]b PR [1] KP [1] LP [2]   SP [0] LS1 [1] LS2 [2]   KPSS [0] KR [1] CS [2] 

 0, 0c 0.636 0.147 0.644 0.194  0.755 0.536 0.416  0.095 0.094 0.057 
              

0.2 5, 0 0.169 0.324 0.330 0.489  0.315 0.435 0.413  0.519 0.161 0.060 

      10, 0 0.002 0.948 0.283 0.986  0.015 0.343 0.614  0.845 0.218 0.059 

 0, 1 0.320 0.140 0.323 0.148  0.000 0.316 0.286  0.876 0.281 0.064 

 0, 2 0.993 0.772 0.304 0.416  0.000 0.301 0.367  0.998 0.258 0.067 

 5, 1 0.610 0.317 0.302 0.429  0.000 0.394 0.428  0.314 0.237 0.063 

 5, 2 0.993 0.660 0.317 0.570  0.000 0.456 0.551  0.899 0.233 0.062 

      10, 1 0.657 0.948 0.282 0.975  0.000 0.352 0.638  0.004 0.224 0.059 

      10, 2 0.985 0.950 0.282 0.958  0.000 0.499 0.708  0.308 0.224 0.059 
              

0.5 5, 0 0.266 0.345 0.285 0.470  0.034 0.346 0.409  0.024 0.202 0.082 

      10, 0 0.017 0.951 0.257 0.985  0.023 0.185 0.626  0.000 0.206 0.093 

 0, 1 0.000 0.142 0.250 0.169  0.000 0.326 0.328  1.000 0.128 0.071 

 0, 2 0.000 0.585 0.230 0.438  0.000 0.303 0.439  1.000 0.161 0.083 

 5, 1 0.000 0.368 0.274 0.454  0.000 0.409 0.450  1.000 0.184 0.090 

 5, 2 0.000 0.596 0.280 0.631  0.000 0.435 0.596  1.000 0.190 0.096 

      10, 1 0.000 0.951 0.257 0.976  0.000 0.276 0.664  1.000 0.205 0.094 

      10, 2 0.000 0.953 0.257 0.965  0.000 0.463 0.763  1.000 0.205 0.094 
              

0.8 5, 0 0.163 0.276 0.363 0.400  0.309 0.473 0.394  0.532 0.149 0.058 
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      10, 0 0.001 0.915 0.316 0.948  0.013 0.538 0.563  0.840 0.200 0.060 

 0, 1 0.000 0.081 0.306 0.152  0.000 0.346 0.299  0.912 0.132 0.060 

 0, 2 0.097 0.195 0.303 0.292  0.000 0.435 0.382  1.000 0.161 0.066 

 5, 1 0.000 0.278 0.354 0.416  0.000 0.467 0.445  0.997 0.169 0.056 

 5, 2 0.009 0.373 0.352 0.565  0.000 0.504 0.548  1.000 0.198 0.058 

      10, 1 0.000 0.914 0.316 0.928  0.000 0.609 0.612  1.000 0.196 0.060 

       10, 2 0.000 0.916 0.316 0.927   0.000 0.700 0.731   1.000 0.205 0.060 
 
a
 With ρ = 0.8, numbers for the unit root tests represents empirical power, while numbers for the stationarity tests express empirical size. 

b
 The number in square brackets, [.], indicates the number of breaks assigned in each test.  

c
 (θ, δ) = (0, 0) corresponds with the case of no break in the DGP. 

Note: See Appendix 5.A for details of each test specification 
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Table 5.3.3 Rejection Frequencies of the Tests for a Unit Root and Stationarity (One Break, ρ = 1.0, T = 200) 

DGP: yt = θDt(τ) + δ(t–τ)Dt(τ) + ut, ut = ρut-1 + et,  et ~ i.i.d. N(0,1); 1,000 replications; 5% nominal size 

ρ = 1.0
a
 T = 200 Unit Root: Dickey-Fuller type   Unit Root: LM type   Stationarity test 

τ/T θ, δ ADF [0]b PR [1] KP [1] LP [2]   SP [0] LS1 [1] LS2 [2]   KPSS [0] KR [1] CS [2] 

 0, 0c 0.044 0.058 0.068 0.025  0.056 0.067 0.053  0.670 0.306 0.081 
              

0.2 5, 0 0.043 0.066 0.076 0.073  0.048 0.059 0.055  0.714 0.286 0.083 

      10, 0 0.032 0.273 0.052 0.491  0.039 0.049 0.073  0.752 0.324 0.178 

 0, 1 0.571 0.243 0.017 0.043  0.000 0.022 0.027  0.920 0.635 0.219 

 0, 2 0.998 0.987 0.019 0.487  0.000 0.023 0.048  0.998 0.669 0.237 

 5, 1 0.575 0.192 0.025 0.070  0.000 0.031 0.045  0.829 0.598 0.225 

 5, 2 0.998 0.976 0.025 0.429  0.000 0.033 0.065  0.994 0.627 0.241 

      10, 1 0.514 0.304 0.022 0.433  0.000 0.043 0.085  0.653 0.581 0.252 

      10, 2 0.996 0.907 0.023 0.501  0.000 0.056 0.129  0.977 0.608 0.251 
              

0.5 5, 0 0.041 0.084 0.082 0.071  0.043 0.063 0.067  0.667 0.313 0.102 

      10, 0 0.030 0.384 0.044 0.512  0.040 0.048 0.074  0.667 0.392 0.217 

 0, 1 0.001 0.219 0.028 0.052  0.000 0.032 0.035  1.000 0.346 0.237 

 0, 2 0.000 0.934 0.031 0.458  0.000 0.031 0.069  1.000 0.416 0.287 

 5, 1 0.001 0.225 0.035 0.086  0.000 0.049 0.060  1.000 0.403 0.240 

 5, 2 0.000 0.905 0.039 0.419  0.000 0.053 0.087  1.000 0.454 0.280 

      10, 1 0.000 0.435 0.035 0.449  0.000 0.071 0.101  1.000 0.459 0.279 

      10, 2 0.000 0.866 0.036 0.527  0.000 0.093 0.172  1.000 0.484 0.307 
              

0.8 5, 0 0.043 0.057 0.085 0.064  0.061 0.066 0.069  0.692 0.275 0.095 
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      10, 0 0.030 0.218 0.057 0.444  0.049 0.069 0.077  0.729 0.322 0.175 

 0, 1 0.022 0.029 0.042 0.039  0.000 0.027 0.043  0.938 0.467 0.205 

 0, 2 0.954 0.226 0.040 0.220  0.000 0.033 0.061  1.000 0.528 0.233 

 5, 1 0.008 0.060 0.052 0.085  0.000 0.043 0.062  0.983 0.482 0.170 

 5, 2 0.884 0.266 0.052 0.254  0.000 0.044 0.090  1.000 0.530 0.217 

      10, 1 0.000 0.221 0.041 0.387  0.000 0.062 0.092  0.991 0.494 0.199 

       10, 2 0.565 0.343 0.052 0.429   0.000 0.075 0.138   1.000 0.548 0.229 
 
a
 With ρ = 1.0, numbers for the unit root tests represents empirical size, while numbers for the stationarity tests express empirical power. 

b
 The number in square brackets, [.], indicates the number of breaks assigned in each test.  

c
 (θ, δ) = (0, 0) corresponds with the case of no break in the DGP. 

Note: See Appendix 5.A for details of each test specification 
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Table 5.3.4 Rejection Frequencies of the Tests for a Unit Root and Stationarity (One Break, ρ = 0.8, T = 200) 

DGP: yt = θDt(τ) + δ(t–τ)Dt(τ) + ut, ut = ρut-1 + et,  et ~ i.i.d. N(0,1); 1,000 replications; 5% nominal size 

ρ = 0.8
a
 T = 200 Unit Root: Dickey-Fuller type   Unit Root: LM type   Stationarity test 

τ/T θ, δ ADF [0]b PR [1] KP [1] LP [2]   SP [0] LS1 [1] LS2 [2]   KPSS [0] KR [1] CS [2] 

 0, 0c 0.998 0.907 0.997 0.507  0.998 0.926 0.804  0.111 0.074 0.009 
              

0.2 5, 0 0.772 0.934 0.944 0.685  0.997 0.872 0.749  0.861 0.128 0.029 

      10, 0 0.033 1.000 0.945 0.997  0.138 0.794 0.866  0.998 0.164 0.033 

 0, 1 0.850 0.971 0.931 0.526  0.000 0.794 0.687  1.000 0.211 0.031 

 0, 2 1.000 1.000 0.935 0.970  0.000 0.781 0.770  1.000 0.192 0.028 

 5, 1 0.928 0.983 0.937 0.711  0.000 0.889 0.801  1.000 0.170 0.034 

 5, 2 1.000 1.000 0.944 0.968  0.000 0.888 0.885  1.000 0.165 0.034 

      10, 1 0.951 1.000 0.945 0.987  0.000 0.860 0.901  0.993 0.165 0.033 

      10, 2 1.000 1.000 0.946 0.994  0.000 0.937 0.966  1.000 0.165 0.033 
              

0.5 5, 0 0.885 0.919 0.836 0.688  0.888 0.788 0.748  0.164 0.140 0.022 

      10, 0 0.167 1.000 0.787 0.993  0.224 0.616 0.852  0.204 0.137 0.030 

 0, 1 0.000 0.953 0.759 0.555  0.000 0.772 0.682  1.000 0.104 0.033 

 0, 2 0.000 1.000 0.760 0.958  0.000 0.740 0.780  1.000 0.116 0.035 

 5, 1 0.000 0.972 0.802 0.744  0.000 0.873 0.794  1.000 0.133 0.033 

 5, 2 0.000 1.000 0.797 0.970  0.000 0.871 0.886  1.000 0.133 0.034 

      10, 1 0.000 1.000 0.788 0.988  0.000 0.862 0.876  1.000 0.137 0.031 

      10, 2 0.000 1.000 0.786 0.993  0.000 0.937 0.951  1.000 0.137 0.031 
              

0.8 5, 0 0.746 0.919 0.911 0.630  0.922 0.878 0.722  0.856 0.116 0.018 
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      10, 0 0.015 0.999 0.897 0.988  0.140 0.807 0.802  0.999 0.149 0.023 

 0, 1 0.000 0.862 0.913 0.455  0.000 0.810 0.689  1.000 0.115 0.028 

 0, 2 0.999 0.991 0.892 0.798  0.000 0.801 0.766  1.000 0.132 0.026 

 5, 1 0.000 0.949 0.896 0.675  0.000 0.883 0.790  1.000 0.138 0.024 

 5, 2 0.969 0.996 0.899 0.889  0.000 0.883 0.856  1.000 0.144 0.027 

      10, 1 0.000 1.000 0.896 0.975  0.000 0.930 0.866  1.000 0.149 0.023 

       10, 2 0.534 1.000 0.898 0.987   0.000 0.963 0.942   1.000 0.148 0.023 
 
a
 With ρ = 0.8, numbers for the unit root tests represents empirical power, while numbers for the stationarity tests express empirical size. 

b
 The number in square brackets, [.], indicates the number of breaks assigned in each test.  

c
 (θ, δ) = (0, 0) corresponds with the case of no break in the DGP. 

Note: See Appendix 5.A for details of each test specification 
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Table 5.4.1 Rejection Frequencies of the Tests for a Unit Root and Stationarity (Two Breaks, ρ = 1.0, T = 100) 

DGP: yt = θ1Dt(τ1) + θ2Dt(τ2) + δ1(t–τ1)Dt(τ1) + δ2(t–τ2) Dt(τ2) + ut, ut = ρut-1 + et,  et ~ i.i.d. N(0,1); 1,000 replications; 5% nominal size 

ρ = 1.0
a
 T = 100 Unit Root: Dickey-Fuller type   Unit Root: LM type   Stationarity test 

τ1/T, τ2/T θ1, θ2, δ1, δ2 ADF [0]b PR [1] KP [1] LP [2]   SP [0] LS1 [1] LS2 [2]   KPSS [0] KR [1] CS [2] 

              

0.2, 0.5 5, 5, 0, 0 0.043 0.063 0.058 0.258  0.063 0.108 0.120  0.429 0.228 0.081 

     10, 10, 0, 0 0.020 0.216 0.032 0.879  0.034 0.045 0.068  0.572 0.167 0.286 

 0, 0, 1, 1 0.121 0.008 0.003 0.033  0.000 0.005 0.265  1.000 0.341 0.216 

 0, 0, 2, 2 0.662 0.149 0.000 0.204  0.000 0.003 0.225  1.000 0.171 0.309 

 5, 5, 1, 1 0.116 0.007 0.007 0.163  0.000 0.010 0.119  1.000 0.330 0.288 

 5, 5, 2, 2 0.568 0.014 0.000 0.271  0.000 0.000 0.124  1.000 0.135 0.354 

     10, 10, 1, 1 0.051 0.068 0.005 0.802  0.000 0.002 0.219  0.974 0.364 0.360 

     10, 10, 2, 2 0.266 0.001 0.000 0.758  0.000 0.000 0.050  1.000 0.252 0.373 
              

0.5, 0.8 5, 5, 0, 0 0.042 0.045 0.072 0.226  0.062 0.111 0.132  0.432 0.236 0.096 

     10, 10, 0, 0 0.029 0.119 0.019 0.861  0.040 0.097 0.087  0.587 0.165 0.309 

 0, 0, 1, 1 0.007 0.002 0.001 0.038  0.000 0.002 0.579  1.000 0.220 0.249 

 0, 0, 2, 2 0.291 0.000 0.000 0.180  0.000 0.002 0.942  1.000 0.022 0.339 

 5, 5, 1, 1 0.000 0.001 0.001 0.194  0.000 0.000 0.479  1.000 0.501 0.226 

 5, 5, 2, 2 0.013 0.000 0.000 0.305  0.000 0.000 0.925  1.000 0.133 0.304 

     10, 10, 1, 1 0.000 0.000 0.000 0.816  0.000 0.000 0.476  1.000 0.761 0.337 

     10, 10, 2, 2 0.000 0.000 0.000 0.771  0.000 0.000 0.883  1.000 0.399 0.354 
              

0.2, 0.8 5, 5, 0, 0 0.047 0.036 0.074 0.220  0.058 0.111 0.116  0.327 0.277 0.084 

     10, 10, 0, 0 0.028 0.083 0.021 0.812  0.054 0.043 0.057  0.148 0.385 0.279 
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 0, 0, 1, 1 0.007 0.004 0.007 0.024  0.000 0.000 0.955  0.914 0.618 0.237 

 0, 0, 2, 2 0.002 0.027 0.042 0.183  0.000 0.000 1.000  1.000 0.895 0.402 

 5, 5, 1, 1 0.003 0.003 0.023 0.133  0.000 0.000 0.929  0.901 0.422 0.271 

 5, 5, 2, 2 0.000 0.012 0.066 0.236  0.000 0.000 1.000  1.000 0.771 0.410 

     10, 10, 1, 1 0.001 0.026 0.016 0.742  0.000 0.002 0.871  0.851 0.205 0.406 

     10, 10, 2, 2 0.000 0.001 0.053 0.699  0.000 0.000 1.000  1.000 0.603 0.459 
              

0.4, 0.6 5, 5, 0, 0 0.045 0.062 0.059 0.297  0.055 0.110 0.151  0.331 0.397 0.072 

     10, 10, 0, 0 0.022 0.212 0.022 0.908  0.024 0.060 0.210  0.182 0.508 0.226 

 0, 0, 1, 1 0.000 0.019 0.007 0.053  0.000 0.010 0.048  1.000 0.311 0.135 

 0, 0, 2, 2 0.000 0.264 0.000 0.216  0.000 0.000 0.016  1.000 0.127 0.213 

 5, 5, 1, 1 0.000 0.004 0.010 0.199  0.000 0.003 0.081  1.000 0.350 0.140 

 5, 5, 2, 2 0.000 0.055 0.003 0.326  0.000 0.000 0.021  1.000 0.154 0.222 

     10, 10, 1, 1 0.000 0.015 0.003 0.855  0.000 0.015 0.306  1.000 0.331 0.262 

      10, 10, 2, 2 0.000 0.000 0.001 0.827   0.000 0.000 0.200   1.000 0.230 0.273 
 
a
 With ρ = 1.0, numbers for the unit root tests represents empirical size, while numbers for the stationarity tests express empirical power. 

b
 The number in square brackets, [.], indicates the number of breaks assigned in each test.  

Note: See Appendix 5.A for details of each test specification 
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Table 5.4.2 Rejection Frequencies of the Tests for a Unit Root and Stationarity (Two Breaks, ρ = 0.8, T = 100) 

DGP: yt = θ1Dt(τ1) + θ2Dt(τ2) + δ1(t–τ1)Dt(τ1) + δ2(t–τ2) Dt(τ2) + ut, ut = ρut-1 + et,  et ~ i.i.d. N(0,1); 1,000 replications; 5% nominal size 

ρ = 0.8
a
 T = 100 Unit Root: Dickey-Fuller type  Unit Root: LM type  Stationarity test 

τ1/T, τ2/T θ1, θ2, δ1, δ2 ADF [0]b PR [1] KP [1] LP [2]   SP [0] LS1 [1] LS2 [2]   KPSS [0] KR [1] CS [2] 

              

0.2, 0.5 5, 5, 0, 0 0.142 0.153 0.232 0.537  0.270 0.349 0.246  0.429 0.122 0.074 

     10, 10, 0, 0 0.001 0.238 0.053 0.996  0.015 0.084 0.052  0.682 0.100 0.093 

 0, 0, 1, 1 0.006 0.000 0.009 0.101  0.000 0.000 0.266  1.000 0.207 0.094 

 0, 0, 2, 2 0.698 0.011 0.000 0.439  0.000 0.000 0.150  1.000 0.031 0.108 

 5, 5, 1, 1 0.006 0.002 0.023 0.437  0.000 0.001 0.097  1.000 0.302 0.104 

 5, 5, 2, 2 0.545 0.000 0.000 0.615  0.000 0.000 0.085  1.000 0.029 0.100 

     10, 10, 1, 1 0.001 0.094 0.009 0.979  0.000 0.001 0.449  1.000 0.367 0.094 

     10, 10, 2, 2 0.079 0.000 0.000 0.979  0.000 0.000 0.056  1.000 0.228 0.095 
              

0.5, 0.8 5, 5, 0, 0 0.236 0.127 0.208 0.482  0.279 0.339 0.249  0.424 0.142 0.092 

     10, 10, 0, 0 0.014 0.114 0.015 0.988  0.011 0.122 0.173  0.685 0.132 0.122 

 0, 0, 1, 1 0.000 0.000 0.001 0.100  0.000 0.000 0.769  1.000 0.059 0.114 

 0, 0, 2, 2 0.094 0.000 0.000 0.340  0.000 0.000 0.987  1.000 0.000 0.130 

 5, 5, 1, 1 0.000 0.000 0.000 0.472  0.000 0.000 0.685  1.000 0.389 0.117 

 5, 5, 2, 2 0.000 0.000 0.000 0.642  0.000 0.000 0.982  1.000 0.019 0.126 

     10, 10, 1, 1 0.000 0.000 0.000 0.976  0.000 0.000 0.757  1.000 0.932 0.125 

     10, 10, 2, 2 0.000 0.000 0.000 0.969  0.000 0.000 0.962  1.000 0.243 0.124 
              

0.2, 0.8 5, 5, 0, 0 0.239 0.049 0.170 0.505  0.430 0.153 0.237  0.009 0.327 0.084 

     10, 10, 0, 0 0.010 0.005 0.005 0.993  0.102 0.002 0.112  0.000 0.637 0.128 
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 0, 0, 1, 1 0.000 0.000 0.005 0.085  0.000 0.000 0.998  1.000 0.896 0.132 

 0, 0, 2, 2 0.000 0.001 0.023 0.393  0.000 0.000 1.000  1.000 0.980 0.133 

 5, 5, 1, 1 0.000 0.002 0.030 0.410  0.000 0.000 0.995  1.000 0.577 0.115 

 5, 5, 2, 2 0.000 0.001 0.048 0.564  0.000 0.000 1.000  1.000 0.968 0.131 

     10, 10, 1, 1 0.000 0.072 0.039 0.973  0.000 0.000 0.982  1.000 0.048 0.136 

     10, 10, 2, 2 0.000 0.001 0.039 0.971  0.000 0.000 1.000  1.000 0.793 0.141 
              

0.4, 0.6 5, 5, 0, 0 0.146 0.161 0.135 0.545  0.122 0.242 0.342  0.014 0.398 0.073 

     10, 10, 0, 0 0.006 0.195 0.006 0.998  0.001 0.018 0.280  0.000 0.765 0.071 

 0, 0, 1, 1 0.000 0.001 0.027 0.105  0.000 0.001 0.078  1.000 0.181 0.057 

 0, 0, 2, 2 0.000 0.088 0.000 0.363  0.000 0.001 0.043  1.000 0.018 0.066 

 5, 5, 1, 1 0.000 0.001 0.006 0.480  0.000 0.004 0.218  1.000 0.284 0.069 

 5, 5, 2, 2 0.000 0.006 0.001 0.628  0.000 0.000 0.077  1.000 0.038 0.066 

     10, 10, 1, 1 0.000 0.001 0.002 0.986  0.000 0.002 0.638  1.000 0.379 0.071 

      10, 10, 2, 2 0.000 0.000 0.000 0.979   0.000 0.000 0.455   1.000 0.102 0.070 
 
a
 With ρ = 0.8, numbers for the unit root tests represents empirical power, while numbers for the stationarity tests express empirical size. 

b
 The number in square brackets, [.], indicates the number of breaks assigned in each test.  

Note: See Appendix 5.A for details of each test specification 
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Table 5.4.3 Rejection Frequencies of the Tests for a Unit Root and Stationarity (Two Breaks, ρ = 1.0, T = 200) 

DGP: yt = θ1Dt(τ1) + θ2Dt(τ2) + δ1(t–τ1)Dt(τ1) + δ2(t–τ2) Dt(τ2) + ut, ut = ρut-1 + et,  et ~ i.i.d. N(0,1); 1,000 replications; 5% nominal size 

ρ = 1.0
a
 T = 200 Unit Root: Dickey-Fuller type  Unit Root: LM type  Stationarity test 

τ1/T, τ2/T θ1, θ2, δ1, δ2 ADF [0]b PR [1] KP [1] LP [2]   SP [0] LS1 [1] LS2 [2]   KPSS [0] KR [1] CS [2] 

              

0.2, 0.5 5, 5, 0, 0 0.049 0.085 0.083 0.087  0.050 0.064 0.058  0.677 0.245 0.102 

     10, 10, 0, 0 0.034 0.237 0.039 0.619  0.055 0.042 0.038  0.682 0.214 0.307 

 0, 0, 1, 1 0.000 1.000 0.001 0.041  0.000 0.000 0.013  1.000 0.663 0.498 

 0, 0, 2, 2 0.000 1.000 0.000 0.524  0.000 0.000 0.038  1.000 0.691 0.551 

 5, 5, 1, 1 0.000 1.000 0.003 0.090  0.000 0.000 0.028  1.000 0.534 0.499 

 5, 5, 2, 2 0.000 1.000 0.000 0.502  0.000 0.000 0.068  1.000 0.616 0.550 

     10, 10, 1, 1 0.000 1.000 0.001 0.506  0.000 0.001 0.042  1.000 0.438 0.561 

     10, 10, 2, 2 0.000 1.000 0.001 0.616  0.000 0.000 0.111  1.000 0.527 0.575 
              

0.5, 0.8 5, 5, 0, 0 0.047 0.068 0.067 0.078  0.058 0.072 0.065  0.662 0.268 0.100 

     10, 10, 0, 0 0.040 0.174 0.039 0.597  0.049 0.053 0.040  0.669 0.212 0.306 

 0, 0, 1, 1 0.000 0.647 0.000 0.039  0.000 0.000 0.028  1.000 0.478 0.477 

 0, 0, 2, 2 0.000 0.825 0.000 0.374  0.000 0.000 0.056  1.000 0.427 0.520 

 5, 5, 1, 1 0.000 0.377 0.000 0.096  0.000 0.000 0.061  1.000 0.579 0.414 

 5, 5, 2, 2 0.000 0.604 0.000 0.402  0.000 0.000 0.103  1.000 0.500 0.491 

     10, 10, 1, 1 0.000 0.139 0.000 0.506  0.000 0.000 0.086  1.000 0.677 0.461 

     10, 10, 2, 2 0.000 0.336 0.000 0.600  0.000 0.000 0.174  1.000 0.567 0.525 
              

0.2, 0.8 5, 5, 0, 0 0.044 0.053 0.067 0.079  0.059 0.046 0.052  0.648 0.299 0.098 

     10, 10, 0, 0 0.032 0.133 0.042 0.510  0.048 0.032 0.042  0.592 0.366 0.280 
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 0, 0, 1, 1 0.000 1.000 0.041 0.036  0.000 0.000 0.016  0.998 0.941 0.565 

 0, 0, 2, 2 0.000 1.000 0.326 0.450  0.000 0.000 0.033  1.000 1.000 0.655 

 5, 5, 1, 1 0.000 1.000 0.057 0.061  0.000 0.000 0.038  0.998 0.855 0.546 

 5, 5, 2, 2 0.000 1.000 0.450 0.431  0.000 0.000 0.059  1.000 0.999 0.633 

     10, 10, 1, 1 0.000 1.000 0.050 0.397  0.000 0.000 0.046  0.998 0.695 0.593 

     10, 10, 2, 2 0.000 1.000 0.343 0.513  0.000 0.000 0.110  1.000 0.994 0.661 
              

0.4, 0.6 5, 5, 0, 0 0.045 0.093 0.069 0.093  0.061 0.077 0.071  0.679 0.358 0.079 

     10, 10, 0, 0 0.035 0.261 0.035 0.614  0.050 0.051 0.053  0.717 0.484 0.277 

 0, 0, 1, 1 0.000 0.730 0.002 0.039  0.000 0.000 0.015  1.000 0.380 0.398 

 0, 0, 2, 2 0.000 0.926 0.000 0.480  0.000 0.000 0.038  1.000 0.255 0.482 

 5, 5, 1, 1 0.000 0.357 0.002 0.092  0.000 0.000 0.044  1.000 0.382 0.388 

 5, 5, 2, 2 0.000 0.711 0.000 0.454  0.000 0.000 0.089  1.000 0.252 0.469 

     10, 10, 1, 1 0.000 0.072 0.004 0.535  0.000 0.000 0.077  1.000 0.320 0.469 

      10, 10, 2, 2 0.000 0.327 0.000 0.601   0.000 0.000 0.173   1.000 0.215 0.495 
 
a
 With ρ = 1.0, numbers for the unit root tests represents empirical size, while numbers for the stationarity tests express empirical power. 

b
 The number in square brackets, [.], indicates the number of breaks assigned in each test.  

Note: See Appendix 5.A for details of each test specification 
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Table 5.4.4 Rejection Frequencies of the Tests for a Unit Root and Stationarity (Two Breaks, ρ = 0.8, T = 200) 

DGP: yt = θ1Dt(τ1) + θ2Dt(τ2) + δ1(t–τ1)Dt(τ1) + δ2(t–τ2) Dt(τ2) + ut, ut = ρut-1 + et,  et ~ i.i.d. N(0,1); 1,000 replications; 5% nominal size 

ρ = 0.8
a
 T = 200 Unit Root: Dickey-Fuller type  Unit Root: LM type  Stationarity test 

τ1/T, τ2/T θ1, θ2, δ1, δ2 ADF [0]b PR [1] KP [1] LP [2]   SP [0] LS1 [1] LS2 [2]   KPSS [0] KR [1] CS [2] 

              

0.2, 0.5 5, 5, 0, 0 0.664 0.726 0.734 0.690  0.854 0.699 0.462  0.752 0.126 0.044 

     10, 10, 0, 0 0.009 0.686 0.163 1.000  0.110 0.205 0.165  0.980 0.176 0.052 

 0, 0, 1, 1 0.000 1.000 0.000 0.462  0.000 0.000 0.384  1.000 0.811 0.054 

 0, 0, 2, 2 0.000 1.000 0.000 0.990  0.000 0.000 0.467  1.000 0.957 0.057 

 5, 5, 1, 1 0.000 1.000 0.000 0.724  0.000 0.000 0.615  1.000 0.525 0.059 

 5, 5, 2, 2 0.000 1.000 0.000 0.992  0.000 0.000 0.737  1.000 0.841 0.057 

     10, 10, 1, 1 0.000 1.000 0.000 0.997  0.000 0.000 0.434  1.000 0.248 0.052 

     10, 10, 2, 2 0.000 1.000 0.000 1.000  0.000 0.000 0.852  1.000 0.598 0.052 
              

0.5, 0.8 5, 5, 0, 0 0.815 0.694 0.698 0.687  0.855 0.688 0.536  0.747 0.151 0.055 

     10, 10, 0, 0 0.098 0.501 0.095 1.000  0.112 0.227 0.261  0.984 0.197 0.058 

 0, 0, 1, 1 0.000 0.985 0.000 0.391  0.000 0.000 0.484  1.000 0.330 0.054 

 0, 0, 2, 2 0.000 1.000 0.000 0.937  0.000 0.000 0.571  1.000 0.239 0.058 

 5, 5, 1, 1 0.000 0.143 0.000 0.730  0.000 0.000 0.702  1.000 0.573 0.066 

 5, 5, 2, 2 0.000 1.000 0.000 0.971  0.000 0.000 0.826  1.000 0.443 0.068 

     10, 10, 1, 1 0.000 0.000 0.000 0.998  0.000 0.000 0.616  1.000 0.857 0.057 

     10, 10, 2, 2 0.000 0.031 0.000 1.000  0.000 0.000 0.912  1.000 0.677 0.057 
              

0.2, 0.8 5, 5, 0, 0 0.815 0.480 0.631 0.708  0.949 0.394 0.509  0.081 0.405 0.030 

     10, 10, 0, 0 0.093 0.059 0.014 1.000  0.415 0.004 0.230  0.032 0.661 0.068 
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 0, 0, 1, 1 0.000 1.000 0.001 0.445  0.000 0.000 0.435  1.000 1.000 0.069 

 0, 0, 2, 2 0.000 1.000 0.538 0.989  0.000 0.000 0.508  1.000 1.000 0.073 

 5, 5, 1, 1 0.000 1.000 0.009 0.725  0.000 0.000 0.638  1.000 1.000 0.067 

 5, 5, 2, 2 0.000 1.000 0.758 0.989  0.000 0.000 0.777  1.000 1.000 0.074 

     10, 10, 1, 1 0.000 1.000 0.032 0.993  0.000 0.000 0.451  1.000 0.997 0.068 

     10, 10, 2, 2 0.000 1.000 0.334 0.999  0.000 0.000 0.840  1.000 1.000 0.068 
              

0.4, 0.6 5, 5, 0, 0 0.730 0.742 0.601 0.718  0.641 0.607 0.558  0.268 0.447 0.027 

     10, 10, 0, 0 0.032 0.662 0.043 1.000  0.005 0.035 0.274  0.549 0.987 0.031 

 0, 0, 1, 1 0.000 0.998 0.000 0.396  0.000 0.000 0.436  1.000 0.172 0.027 

 0, 0, 2, 2 0.000 1.000 0.000 0.961  0.000 0.000 0.498  1.000 0.040 0.032 

 5, 5, 1, 1 0.000 0.188 0.000 0.746  0.000 0.000 0.673  1.000 0.082 0.031 

 5, 5, 2, 2 0.000 0.994 0.000 0.977  0.000 0.000 0.787  1.000 0.020 0.036 

     10, 10, 1, 1 0.000 0.000 0.000 0.999  0.000 0.000 0.665  1.000 0.044 0.031 

      10, 10, 2, 2 0.000 0.079 0.000 1.000   0.000 0.000 0.900   1.000 0.003 0.031 
 
a
 With ρ = 0.8, numbers for the unit root tests represents empirical power, while numbers for the stationarity tests express empirical size. 

b
 The number in square brackets, [.], indicates the number of breaks assigned in each test.  

Note: See Appendix 5.A for details of each test specification 
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Table 5.5.1. Rejection Frequencies of Cointegration Tests (T = 100) 
DGP:     (No break) y1t = 1 + 0.2t + 2y2t + εt, 

(One break) y1t = 1 + 0.2t + 2y2t + εt  if             t ≤ τ, 
   y1t = 4 + 0.4t + 4y2t + εt   if             t > τ, 

(Two breaks) y1t = 1 + 0.2t + 2y2t + εt  if             t ≤ τ1, 
   y1t = 4 + 0.4t + 4y2t + εt   if      τ1 < t ≤ τ2,  
   y1t = 6 + 0.6t + 6y2t + εt   if    t > τ2,  

and  y1t = y2t + ηt,   ηt = ηt-1 + ωt,   ωt ~ i.i.d. N(0,1), εt = ρεt-1 + ζt,   ζt ~ i.i.d. N(0,1) 

  null of no cointegration   null of cointegration 

  ρ EG [0]a GH[1]   SH [0] AK [1] 
       

No Break 0.0b 0.287 0.970  0.093 0.104 
 0.5b 0.493 0.893  0.116 0.146 
 1.0c 0.044 0.163  0.273 0.304 

       

One Break (τ/T)      

0.25 0.0 0.027 0.978  0.308 0.398 

 0.5 0.065 0.839  0.313 0.319 

 1.0 0.029 0.194  0.315 0.427 
       

0.50 0.0 0.033 0.956  0.301 0.262 

 0.5 0.069 0.804  0.309 0.245 

 1.0 0.045 0.223  0.309 0.363 
       

0.75 0.0 0.072 0.965  0.239 0.189 

 0.5 0.122 0.814  0.223 0.217 

 1.0 0.036 0.189  0.222 0.334 
       

Two Breaks (τ1/T, τ2/T)     

0.25, 0.50 0.0 0.029 0.778  0.305 0.466 

 0.5 0.040 0.555  0.301 0.418 

 1.0 0.026 0.188  0.291 0.415 
       

0.50, 0.75 0.0 0.036 0.720  0.301 0.255 

 0.5 0.067 0.503  0.296 0.249 

 1.0 0.042 0.194  0.259 0.366 
       

0.25, 0.75 0.0 0.024 0.598  0.351 0.384 

 0.5 0.050 0.398  0.346 0.356 

  1.0 0.025 0.169   0.354 0.380 
a
 The number in square brackets, [.], indicates the number of breaks assigned in each test. 

b
 With ρ = 0 and 0.5, numbers for the EG and GH tests represents empirical power, while numbers for 

the SH and AK tests express empirical size. 
c
 With ρ = 1.0, numbers for the EG and GH tests represents empirical size, while numbers for the SH 

and AK tests express empirical power. 
Note: See Appendix 5.A for details of each test specification 



 

 120 

Table 5.5.2. Rejection Frequencies of Cointegration Tests (T = 200) 
DGP:     (No break) y1t = 1 + 0.2t + 2y2t + εt, 

(One break) y1t = 1 + 0.2t + 2y2t + εt  if             t ≤ τ, 
   y1t = 4 + 0.4t + 4y2t + εt   if             t > τ, 

(Two breaks) y1t = 1 + 0.2t + 2y2t + εt  if             t ≤ τ1, 
   y1t = 4 + 0.4t + 4y2t + εt   if      τ1 < t ≤ τ2,  
   y1t = 6 + 0.6t + 6y2t + εt   if    t > τ2,  

and  y1t = y2t + ηt,   ηt = ηt-1 + ωt,   ωt ~ i.i.d. N(0,1), εt = ρεt-1 + ζt,   ζt ~ i.i.d. N(0,1) 

 

 

a
 The number in square brackets, [.], indicates the number of breaks assigned in each test. 

b
 With ρ = 0 and 0.5, numbers for the EG and GH tests represents empirical power, while numbers for 

the SH and AK tests express empirical size. 
c
 With ρ = 1.0, numbers for the EG and GH tests represents empirical size, while numbers for the SH 

and AK tests express empirical power. 
Note: See Appendix 5.A for details of each test specification 

  null of no cointegration   null of cointegration 

  ρ EG [0] GH [1]   SH [0] AK [1] 
       

No Break 0.0b 0.895 0.968  0.100 0.107 

 0.5b 0.891 0.974  0.111 0.130 

 1.0c 0.023 0.101  0.550 0.357 
       

One Break (τ/T)      

0.25 0.0 0.031 0.984  0.602 0.532 

 0.5 0.061 0.991  0.574 0.402 

 1.0 0.031 0.135  0.602 0.447 
       

0.50 0.0 0.026 0.975  0.644 0.442 

 0.5 0.040 0.988  0.634 0.307 

 1.0 0.029 0.139  0.591 0.448 
       

0.75 0.0 0.037 0.976  0.534 0.240 

 0.5 0.063 0.991  0.523 0.209 

 1.0 0.027 0.122  0.479 0.357 
       

Two Breaks (τ1/T, τ2/T)     

0.25, 0.50 0.0 0.021 0.634  0.634 0.609 

 0.5 0.033 0.718  0.629 0.510 

 1.0 0.029 0.137  0.608 0.445 
       

0.50, 0.75 0.0 0.029 0.552  0.630 0.444 

 0.5 0.044 0.603  0.630 0.394 

 1.0 0.029 0.117  0.563 0.406 
       

0.25, 0.75 0.0 0.020 0.375  0.625 0.519 

 0.5 0.028 0.454  0.633 0.463 

  1.0 0.020 0.375   0.625 0.519 
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Table 5.6. Unit Root Test Results: Null Hypothesis of Non-stationary (Unit Root) 

(a) Dickey-Fuller type Unit Root Tests     
 No Break  One Break  Two Breaks 

 ADF  Perron (PR) Kim & Perron (KP)  Lumsdaine & Papell (LP) 

Retail Pork Price       
Test Statistic -2.21  -7.36*** -5.45***  -7.59*** 
k (kmax = 24) 24  24 24  24 
Break Dates n.a.  Feb. '74 Feb. '75  Apr. '72, May '75 

Farm Hog Price       
Test Statistic -3.08  -4.85* -4.84***  -6.41 
k (kmax = 15) 12  12 2  15 
Break Dates n.a.  Feb. '74 Mar. '74  Jun. '74, Jul. '86 

      

(b) LM-type Unit Root Tests     

 No Break  One Break  Two Breaks 

 Schmidt & Phillips (SP)  Lee & Strazicich (LS1)  Lee & Strazicich (LS2) 

Retail Pork Price      
Test Statistic -0.93  -5.97***  -6.93*** 
k (kmax = 24) 24  24  24 
Break Dates n.a.  Sep. '78  Jan. '74, Nov. '78 

Farm Hog Price      
Test Statistic -1.41  -4.04  -5.37* 
k (kmax = 15) 12  12  15 
Break Dates n.a.  Sep. '84  Jun. '74, Jun. '86 

Note: Single (*) and triple (***) asterisks denote statistical significance at the 10 percent and 1 percent level, respectively, and n.a. 
stands for not applicable. See Appendix 5.A for the methods used in determining the lag length (k) of the lagged first difference terms 
and for other details. 
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Table 5.7. Stationarity Test Results: Null Hypothesis of Trend Stationary 

 No Break  One Break  Two Breaks 

 Kwiatkowski et al. (KPSS)  Kurozumi (KR)  Carrion-i-Silvestre and Sansó (CS) 

Retail Pork Price      
Test Statistic 0.365***  0.0544  0.0586 
Break Dates n.a.  Mar. '75  Nov. '69, May. '75 

Farm Hog Price      
Test Statistic 0.468***  0.166***  0.0284 
Break Dates n.a.  Aug. '74  Sep. '74, Aug. '85 

Note: Triple (***) asterisk denotes statistical significance at the 1 percent level and n.a. stands for not applicable. See Appendix 5.A 
for details of each test specification. 

 

 

 

Table 5.8. Cointegration Test Results 

 

 Null of No Cointegration  Null of Cointegration 

 
Engle & Granger 
(EG: No Break) 

Gregory & Hansen 
(GH: One Break) 

 
Shin 

(SH: No Break) 
Arai & Kurozumi 
(AK: One Break) 

      

Test Statistic -2.56 -6.35***  0.29*** 0.050 
Break Dates n.a. Feb. '83  n.a. Sep. '76 

Note: Triple (***) asterisk denotes statistical significance at the 1 percent level and n.a. stands for not applicable. See Appendix 5.A 
for details of each test specification. 
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Table 5.9. Structural Break Tests and Estimated Break Dates 

 

SupF(1|0) SupF(2|0) SupF(3|0) SupF(4|0) SupF(5|0) 

455.13*** 782.33*** 590.94*** 582.58*** 668.62*** 

SupF(1|0) SupF(2|1) SupF(3|2) SupF(4|3) SupF(5|4) 

455.13*** 113.29*** 46.70*** 46.70*** 0 

     

Break Dates  95% Lower Bound  95% Upper Bound 

Jun. 1975  May. 1975  Jul. 1975 

Jun. 1982  May. 1982  Jul. 1982 

Sep. 1990  Apr. 1990  Feb. 1991 

Jan. 1997  May. 1996  Sep. 1997 

Note: Triple (***) asterisk denotes statistical significance at the 1 percent level.
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Table 5.10. Long-Run Retail Pork-Farm Hog Price Equation 

 

Variable Regime 1 

[1967:4-

1975:6] 

Regime 2 

[1975:7-

1982:6] 

Regime 3 

[1982:7-

1990:9] 

Regime 4 

[1990:10-

1997:1] 

Regime 5 

[1997:2-

2008:3] 

Farm price 
(increase) 

0.489*** 

(0.049) 

0.326*** 

(0.022) 

0.195*** 

(0.028) 

0.091*** 

(0.014) 

0.047*** 

(0.017) 

Farm price 
(decrease) 

0.492*** 

(0.049) 

0.329*** 

(0.022) 

0.196*** 

(0.028) 

0.092*** 

(0.014) 

0.048*** 

(0.018) 

Time trend 1.601*** 

(0.179) 

0.021 

(0.072) 

0.141 

(0.094) 

0.203*** 

(0.054) 

0.133*** 

(0.039) 

p-values for Symmetry Tests on Farm Price Coefficients (while holding break dates constant) 

 0.01 0.00 0.01 0.03 0.01 

Adjusted R2: 0.99     

Note: Triple (***) asterisk denotes statistical significance at the 1 percent level. In parentheses are the heteroskedasticity and 
autocorrelation robust estimates of the standard errors. 
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Table 5.11. Estimates of Short-Run Price Dynamic Equation in Each Regime 

Variable Regime 1 

[1967:4-

1975:6] 

Regime 2 

[1975:7-

1982:6] 

Regime 3 

[1982:7-

1990:9] 

Regime 4 

[1990:10-

1997:1] 

Regime 5 

[1997:2-

2008:3] 

++∆ 0: βtFarm  0.396  0.278  0.039  0.029  -0.008 

 (0.064)***  (0.052)***  (0.025)  (0.023)  (0.015) 
++

−∆ 11: βtFarm  0.130  0.178  0.063    0.023 

 (0.062)**  (0.047)***  (0.024)***    (0.014)* 
++

−∆ 22: βtFarm          0.032 

         (0.013)** 
−−∆ 0: βtFarm  0.080     0.055  -0.001  0.001  -0.010 

 (0.080)   (0.045)  (0.021)  (0.014)  (0.011) 
−−

−∆ 11: βtFarm  0.229  0.109  0.052    -0.006 

 (0.082)***  (0.047)**  (0.021)**    (0.011) 
−−

−∆ 22: βtFarm          0.010 

         (0.012) 
++

−∆ 11: γtRetail        0.220  -0.485 

       (0.185)  (0.151)*** 
++

−∆ 22: γtRetail          0.216 

         (0.149) 
−−

−∆ 11: γtRetail        -0.490  -0.214 

       (0.220)**  (0.145) 
−−

−∆ 22: γtRetail          -0.256 

         (0.144)* 

ECTt-1: θ -0.242  -0.128  -0.059  -0.171  -0.149 

 (0.067)***  (0.099)  (0.050)  (0.075)**  (0.054)*** 

Constant -0.0003  -0.005  -0.0007  -0.002  -0.002 

 (0.004)  (0.003)*  (0.001)  (0.001)  (0.002) 

Observations 96  83  98  75  134 

R
2
 0.59  0.50   0.23   0.13   0.27 

 
Note: Numbers in parentheses are standard errors. Triple (***), double (**), and single 
(*) asterisks denote statistical significance at the 1 percent, 5 percent and 10 percent 
level, respectively. 
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Figure 5.1. Distribution of the estimates of the break date (no break model) 

(a) T = 100 

(b) T = 200 
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Figure 5.2. Distribution of the estimates of the break date (one break model, τ/T = 0.25) 

(a) T = 100 

(b) T = 200 
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Figure 5.3. Distribution of the estimates of the break date (one break model, τ/T = 0.50) 

(a) T = 100 

(b) T = 200 
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Figure 5.4. Distribution of the estimates of the break date (one break model, τ/T = 0.75) 

(a) T = 100 

(b) T = 200 
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Figure 5.5. Distribution of the estimates of the break dates (two break model, τ1/T = 0.25 and τ2/T = 0.50) 

(a) T = 100 

(b) T = 200 
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Figure 5.6. Distribution of the estimates of the break dates (two break model, τ1/T = 0.50 and τ2/T = 0.75) 

(a) T = 100 

(b) T = 200 
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Figure 5.7. Distribution of the estimates of the break dates (two break model, τ1/T = 0.25 and τ2/T = 0.75) 

(a) T = 100 

(b) T = 200 
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Data Source: Food Balance Sheet (Ministry of Agriculture, Forestry and Fisheries) 

 

Figure 5.8. Consumption shares of meat products 
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Figure 5.9. Pork consumption, production, imports and stocks in Japan 
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Figure 5.10. The number of Japanese hog farmers and hog inventories 
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Figure 5.11. Main pork exporters to Japan 
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Figure 5.12. Nominal price series in natural logarithms 
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(a) Regime 1 

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

0 2 4 6 8 10 12

Months after Farm Price Change

C
u

m
u

la
ti

v
e 

R
es

p
o

n
se

 t
o

 S
h

o
c
k

 
(b) Regime 2 

Figure 5.13.1. Farm-to-retail cumulative adjustment (Regimes 1 and 2) 
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(a) Regime 3 
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(b) Regime 4 

Figure 5.13.2. Farm-to-retail cumulative adjustment (Regimes 3 and 4) 
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Figure 5.13.3. Farm-to-retail cumulative adjustment (Regime 5) 
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Chapter 6. Concluding Remarks 
 
 
Agricultural economists have long recognized the importance of accounting for a change 

in their estimation of economic relationships and have traditionally employed Chow-type 

tests for the analysis. Given the limitations of the traditional approach discussed in the 

first chapter, it is fruitful that we explore the utility of the newly developed parameter-

nonconstancy models to the analysis of agricultural and food markets. In this regard, this 

dissertation significantly furthers the development and the dissemination of systematic 

knowledge important to the agricultural economics profession.  

     This dissertation provides an overview of recent developments in the identification 

and estimation of unknown change-points. It explores the applicability and efficacy of the 

new approaches to the analysis of economic relationships in agricultural marketing, 

agricultural production, and food markets. It demonstrates via empirical analyses how the 

methods can be implemented and the results interpreted. In particular, this dissertation 

includes three empirical essays, focusing on two families of parameter-nonconstancy 

models: threshold regression models and structural change models. In addition, given the 

breadth of the topics (generic dairy promotion program, rice production efficiency, and 

vertical price relationship) and the countries of data collected (the United States, 

Bangladesh, and Japan), the three empirical essays address a broad spectrum of important 

issues in different commodity sectors under different economic environments. 

     The first essay addresses the issues of threshold effects of generic fluid milk 

advertising in the United States, using quarterly data from 1975 to 2004. Adopting a 

spline threshold estimation procedure, the results support the existence of a minimum 

advertising threshold under which advertising has no effect on sales and beyond which 

diminishing returns dictates. The results also show that generic fluid milk advertising has 

the effect of rendering fluid milk demand less own price elastic and more income elastic. 

The results of policy simulation using a simplified dairy industry model further highlight 

the importance of accounting for threshold effects of advertising in evaluating promotion 

program effectiveness. 
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     Several caveats apply which may be addressed in future research. First, the estimates 

of thresholds depend on the specification of the construction of the goodwill stock 

variable. In earlier versions of this essay, Adachi and Liu (2006) determine the lag 

weights for advertising expenditures exogenously, while Adachi and Liu (2007) specify 

the goodwill stock variable with a two-term function of current and a weighted sum of 

lagged advertising expenditures (Nerlove and Waugh 1961) in order to explicitly assess 

the demand effect of contemporaneous advertising. Despite the differences in specifying 

a threshold variable in these two earlier versions, threshold effects of advertising on the 

fluid milk demand are evident.64 In addition, as discussed in the essay, it would be 

preferable to estimate threshold parameters together with the lag weight parameters to 

gain efficiency in the estimates, although it would significantly complicate Hansen’s 

(1999) estimation procedures. Robustness checks on the procedure used in constructing 

the goodwill stock variable may be useful for further understand the impact of the choice 

on the threshold estimates. Second, with additional data, it would be also interesting to 

investigate the differences in threshold effects across products (fluid milk and cheese), 

advertising schemes (television, radio, and printed materials), or area focused (national-

level and state-level). Third, due to the complications of the market system characterized 

by the classified milk pricing scheme and the dairy price support program, it is not a 

straightforward matter to embed the advertising threshold model in a more 

comprehensive dairy industry model involving regime switching for the realization of 

either a market equilibrium regime or a government supported regime (Liu et al. 1991). 

This line of future research, however, may prove to be fruitful in helping researchers gain 

a deeper understanding of the threshold effect of generic dairy product advertising and its 

impacts on the various components of the industry. 

     The second essay analyzes the impact of farm size on productivity of rice producers in 

Bangladesh with a particular focus on the threshold effects of farm size. Using rich 

survey data for 960 rice farm households spread over 64 villages collected in 2008, the 

estimation results confirm that: 1) there are threshold effects of farm size on productivity; 

                                                 
64 In the analyses of these two versions, however, the continuity of the fluid milk demand equation at 
thresholds is not considered.  
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2) farm size and productivity are positively related for small- and medium-size household 

farms, but negatively related for large-size household farms (which constitute only a 

small portion of the sample); and 3) the effects on rice productivity of other farm/land 

characteristics also vary across the estimated farm size categories. The results suggest 

that land consolidation policies, aiming at small farms, could have the potential of 

increasing rice production, as well as sustaining livelihood in Bangladesh. 

     There are some limitations in the second essay. First, the empirical results are solely 

based on survey data which are collected by the World Bank for the purpose of gaining 

insights into the adequacy and effectiveness of a fuel subsidy program in Bangladesh. 

Since the villages and farm households are chosen from intensive irrigated areas of the 

country, the empirical findings may not be applicable to average Bangladeshi rice 

farmers in other areas. Second, since some extent of measurement errors are always 

inevitable in survey data, the drawback of the two procedures for the estimation of 

technical efficiency scores (namely, the Data Envelopment Analysis and the Stochastic 

Frontier Analysis) has to be recognized. One should be mindful of the possibility of 

confusing measurement error with technical inefficiency.65  

     The third essay examines structural breaks of unknown timing in the long-run retail-

farm price relationships in the Japanese pork market, using monthly data ranging from 

1967 to 2008. Three major findings emerge. First, the results confirm the importance of 

allowing for structural breaks in the preliminary data analysis of the price variables. Upon 

allowing for structural breaks in the unit root and cointegration tests, the results from 

conventional methods of no structural break are all overturned. In addition, results from 

extensive Monte Carlo simulations strongly support the superiority of the finite sample 

properties of the tests with allowances for structural breaks over the conventional tests of 

no break. Since program codes for the tests with structural breaks are readily available, 

researchers who deal with time series data are well-advised to apply such tests routinely, 

as they have done so using the conventional tests. Second, four structural breaks are 

                                                 
65 Although the Stochastic Frontier Analysis includes a stochastic error component in the production 
function, it may not be enough to account for measurement errors in the right-hand-side variables (i.e., 
input variables) (Dhawan and Jochumzen 1999).  
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identified for the long-run retail-farm price linkage equation, reflecting changes in 

production costs, the state of economy and trade regimes important to the Japanese pork 

sector. Third, the results from both the long-run and short-run analyses suggest a 

weakening connection between retail and farm prices over the study period. This result 

may be explainable by changes in Japanese pork retailing, such as the emergence of mega 

retail chain stores. 

     Again, there are several limitations which provide interesting topics for future 

research. First, the study employs the logarithm of the price series. It is useful to examine 

the impacts of data transformations on the performances of the tests of unit root, 

stationarity and cointegration with structural breaks. Corradi and Swanson (2006) 

examine the issues via Monte Carlo simulations for the conventional tests with no break 

and find that the tests could be biased when data are transformed incorrectly. It would be 

an interesting and important topic to pursue in the future. In a similar vein, examining the 

impacts of the treatment of seasonality on the tests’ performance would also be 

important, especially for agricultural economists given that agricultural prices tend to 

fluctuate seasonally. Second, although the estimated break dates are found to correspond 

with significant economic events, it would be crucial for researchers to understand 

underlying structures which cause the changes more thoroughly. Answers to the question 

will assist policy makers designing effective policies for the Japanese hog-pork industry. 
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Appendices 

Appendix 3.A. Advertising Goodwill Stock Variable 

 

The advertising goodwill stock (GWt), capturing the effect of current and past 

advertising, is computed via equation (2). Following Vande Kamp and Kaiser (1999), 

Chung and Kaiser (2000), and Schmit and Kaiser (2004), a quadratic exponential 

distributed lag structure on wk is adapted, that is, wk = exp(λ0 + λ1k + λ2k
2) where λ0, λ1, 

and λ2, are parameters to be estimated. End point restrictions of w1 = 1 and wm = 0 are 

imposed and the maximum lag length m is set to be six quarters in accordance with the 

findings of previous studies (e.g., Schmit and Kaiser 2004). With the approximation that 

exp(–30) ≈ 0, the lag weight structure can be expressed as    

(A1) wk = exp[–5k +λ2(k
2–6k)]  k = 0, 1, 2, …, 6. 

The lag weight parameter, λ2, is estimated by fitting the demand equation without 

allowing for threshold effects of advertising (i.e. equations (1) and (2)), using non-linear 

least squares. The estimated weight parameter is then used to compute GWt in the 

estimation of the spline threshold demand equation in (4) using the procedures discussed 

in Section 3.2.  

     For the linear specification, the estimate of λ2 is –1.521. Upon normalizing wk’s to 

sum to one, the weights are w0 = 0.04, w1 = 0.57, w2 = 0.37, w3 = 0.01, w4 ≈ 0, w5 ≈ 0 and 

w6 ≈ 0. The estimated weights suggest a hump-shaped structure, peaking at the first-

quarter lag, consistent with previous studies (e.g., Vande Kamp and Kaiser 1999; Schmit 

and Kaiser 2004). In the case of the log specification, λ2 is estimated at –1.640, resulting 

in the normalized lag-weights of w0 = 0.02, w1 = 0.50, w2 = 0.46, w3 = 0.02, w4 ≈ 0, w5 ≈ 

0 and w6 ≈ 0. Similar to the linear specification, the estimated lag weights have a hump-

shape, peaking at the first-quarter lag. 
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Appendix 4.A. Simar and Wilson’s (1998, 2000) Bootstrapping Method and the 

Computation of Bias-corrected DEA Estimator and Confidence Intervals  

 

Bootstrapping Method 

Simar and Wilson (1998, 2000) propose a general methodology for bootstrapping in DEA 

models to estimate bias and construct confidence intervals. Their algorithm consists of 

the following six steps: 

Step 1: Estimate the DEA technical efficiency score for each farm among N farms with 

the data set of (xi, yi) for i = 1, …, N by solving the linear programming in 

equation (2). Denote the original DEA estimate as iθ̂ for the i-th farm. 

Step 2: In case there are a large number of efficient farms with iθ̂ = 1, the empirical 

distribution of θ̂ will be poorly estimated with a simple bootstrap method by 

drawing with replacement from 1θ̂ , …, Nθ̂ . To avoid this problem, Simar and 

Wilson (1998, 2000) propose constructing a new sequence of: 
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 where *

iβ denotes the i-th argument of the simple bootstrap sample from 1θ̂ , …, 

Nθ̂ , h is a smoothing parameter, and *

iε ~ i.i.d. N(0,1). Simar and Wilson (1998, 

2000) show that the empirical distribution of the sequence of *~
iθ  is a consistent 

estimator of true distribution of θ. To determine the value of h, Simar and Wilson 

(1998) use a criterion such that it maximizes the likelihood cross-validation 

function described in Silverman (1986). To overcome the shortcoming that the 

cross-validation function tends to diverge (depend on data structure) when h 

approaches to zero, Simar and Wilson (2000) propose another criterion such that 

it minimizes an approximation to the mean weighted integrated square error. In 

our estimation, we apply the one in Simar and Wilson (2000). 

Step 3: Further, in order to obtain a more asymptotically efficient sample, the authors 

propose generating another sequence as:  
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i iN . Simar and Wilson (1998) refer to this process as a 

smooth bootstrap. 

Step 4: using the original DEA estimates of iθ̂ (step 1) and *

iθ using the smooth bootstrap 

(steps 2 – 4), calculate a new (or pseudo-) date set of ( *

,bix , *

,biy ) where *

,bix = xi and 

*

,biy = ( iθ̂ / *

iθ )yi for i = 1, …, N and the subscript of b refer to the iteration of each 

bootstrap run.  

Step 5: Compute the new DEA technical efficiency estimates *

,
ˆ

biθ  using the pseudo data 

set of ( *

,bix , *

,biy ). 

Step 6: Repeat steps 2 – 5 a sufficiently large number of times, B, to obtain a set of 

bootstrap DEA estimates { *

,
ˆ

biθ , b = 1, …, B} for i = 1, …, N. We set B = 2000 in 

our empirical application. 

 

Computation of bias and confidence intervals 

Having the set of bootstrap DEA estimates, one can compute the bootstrap bias estimate 

for the original DEA estimators iθ̂  as 

  i
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where the subscript B on the left-hand side term refers to the fact that the bias estimate is 

the approximation of the bias of the original DEA estimates iθ̂  (i.e., E[ iθ̂ ] – θ, where 

E[·] is the expectation operator) through the bootstrap simulation. Then a bias-corrected 

estimator of θi can be calculated as  
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Note that the term ∑
=

−
B

b

biB
1

*

,

1 θ̂ can be negligible when B � ∞, and yet the sample variance 

of the bias-corrected estimator iθˆ̂ is four times as large as the variance of the original 

DEA estimator iθ̂ . Simar and Wilson (2000) thus suggest that one should check if the 

following condition is satisfied before the use of bias-corrected estimator: 

(A1)  3/)]ˆ(ˆ[ˆ 22
ˆ iBiasb θσ

θ
<  

where 2
ˆˆ

θ
σ  is the sample variance of the original DEA estimatorθ̂ defined in Step 3 above. 

      If the distribution ( iθ̂ – θi) is known, one can obtain values aα and bα such that  

(A2)  Prob(–bα ≤ iθ̂ – θi ≤ – aα) = 1 – α 

for some value of α, for example, 0.05 for the 95% confidence intervals. Since the 

distribution is not known, one can use the bootstrap values to find the two values, αâ and 

αb̂ , such that    

Prob(– αb̂ ≤ *ˆ
iθ – iθ̂  ≤ – αâ  | (xi, yi), i = 1, …, N) = 1 – α. 

It can be done by 1) sorting the value of ( *ˆ
iθ – iθ̂ ) for b = 1, …, B in ascending order, 2) 

deleting ((α/2) x 100)-percent of the elements at both ends of this sorted sequence, and 3) 

setting – αb̂ and – αâ at the two endpoints, with αâ ≤ αb̂ . Simar and Wilson (2000) argue 

that since the bootstrap distribution ( *ˆ
iθ – iθ̂ ) conditioned on the original data set {(xi, yi), 

i = 1, …, N} approximates ( iθ̂ – θi) reasonably well, (A2) can be rewritten as  

  Prob(– αb̂ ≤ iθ̂ – θi ≤ – αâ | (xi, yi), i = 1, …, N) ≈ 1 – α. 

Thus an estimated (1 – α)-percent confidence intervals of the true efficiency of θi are 

obtained as   

iθ̂ + αâ ≤ θi ≤ iθ̂ + αb̂ . 
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Appendix 4.B. Variable Definitions 

 

Rice output: rice harvested (kilogram) 

 

Land: area planted to rice (hectare) 

Labor: own and hired labor for planting, weeding and harvesting (day) 

Fertilizer: amount of Urea, TSP, MOP, and DAP (kilogram) 

Draft power: own and hired draft animal and powered tiller for plowing (day) 

Irrigation: irrigation cost for Boro rice, including fuel costs (taka) 

 

Farm size: area planted to rice (hectare) 

Fragment: the number of plots cultivated by the farm household 

Education: the index taking the value of 0 if never attended or preschool or religious 

schools, 1 if reads in class 1 or class 1 passed, 2 if class 2 passed, 3 if class 3 passed, 4 if 

class 4 passed, 5 if class 5 passed, 6 if class 6 passed, 7 if class 7 passed, 8 if class 8 

passed, 9 if class 9 passed, 10 if SSC examinee or SSC passed, 12 if HSC examinee or 

HSC passed, 15 if BA/BSC passed, 16 if MA/MSC passed 

Family size: the number of people in the farm household 

Age: age of household head 

Crop variety: ratio of the area of high-yielding variety rice to total planted rice area  

Land level: weighted average level of cultivated plots in the farm with the weights being 

the size of individual plots (the index for individual plots takes the value of one if the plot 

is very low, increasing progressively to the value of five if the plot is very high 
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Appendix 5.A. Summary of Specifications of the Tests for Unit Root, Stationarity 

and Cointegration 

 

Unit Root Tests 

While the estimation of a break date is endogenized in the testing procedures introduced 

in section 5.3, the parameter remained to be unknown in practice is the lag parameter, k, 

of the autoregressive terms. Following the specification used in each original study cited 

above, a ‘general to specific’ procedure based on the two data-dependent criteria are 

applied in the empirical applications: 

� t-statistic on the coefficient associated with the last lag in the estimated 

autoregression (We denote this procedure as ‘t-sig’; terminology used in Perron 

(1997).) 

k is chosen such that 1) the coefficient on the last lag in an autoregression of order 

k is significant and that the coefficient on the autoregression of order greater than 

k is insignificant, up to some pre-specified maximum order of kmax and 2) the 

residuals from the augmented regression are white noise.  

� Bayesian information criteria (BIC)  

k is chosen such that BIC is minimized among the choice up to some pre-specified 

maximum order of kmax. 

In our empirical applications, kmax is specified as 15 for the farm hog price and 24 for 

the retail pork price. Following Kim and Perron (2009), we set kmax = 0 for all tests in 

the Monte Carlo simulation in order to compare the relative finite-sample properties of 

the tests under fewer variable factors that may affect the tests’ performance.  

     The specification and parameter setting of each test are listed below: 

1) ADF test 

� Model: equation (1) 

� Test statistic: t-statistic testing ρ = 1 

� Critical values: for ττ̂  in table 8.5.2 in Fuller (1976 p.373) 

� Choice method of k: t-sig 
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2) Perron’s test 

� Model: equation (2) 

� Test statistic: t-statistic testing ρ = 1, )2(*

αt  

� Critical values: panel (d) in table 1 in Perron (1997 p.362) 

� Choice method of k: t-sig 

� Selection criteria of the break date: the date which minimizes )2(*

αt  

3) Lumsdaine and Papell’s test 

� Model: equation (3) 

� Test statistic: t-statistic testing ρ = 1 

� Critical values: table 3 in Ben-David, Lumsdaine, and Papell (2003 p.310) 

� Choice method of k: t-sig 

� Selection criteria of the break date: the combination of two dates which 

minimizes the test statistic 

4) Kim and Perron’s test 

� Model: equation (2) 

� Test statistic: t-statistic testing ρ = 1, )ˆ( IO

tr

pt λα  

� Critical values: table VI.B in Perron (1989 p.1377) 

� Choice method of k: BIC 

� Selection criteria of the break date: the date which minimizes the sum of 

the squared residuals of the transformed equation of (2) under the null of ρ 

= 1 

5) Schmidt and Phillips’s test 

� Model: equations (4a) and (4b) 

� Test statistic: t-statistic testing ρ = 1, τ~  

� Critical values: for τ~ in table 1A in Schmidt and Phillips (1992 p.264) 

� Choice method of k: t-sig 

6) Lee and Strazicich’s LM test with one break 

� Model: equations (5) and (4b) 

� Test statistic: t-statistic testing ρ = 1, LMτ 
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� Critical values: for Model C in table 1 in Lee and Strazicich (2004 p.12) 

� Choice method of k: t-sig 

� Selection criteria of the break date: the date which minimizes the LMτ 

statistic 

7) Lee and Strazicich’s LM test with two break 

� Model: equations (5) and (4b) 

� Test statistic: t-statistic testing ρ = 1, LMτ 

� Critical values: for Model C(II) in table 2 in Lee and Strazicich (2003 

p.1084) 

� Choice method of k: t-sig 

� Selection criteria of the break date: the combination of two dates which 

minimize the LMτ statistic 

 

Stationarity Test 

The stationarity test statistic is the form of the Lagrange Multiplier (LM) test and given 

by: 
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i i1
η̂ with iη̂  being regression residuals of equation (6) in the case of no 

breaking trend or (7) for the cases allowing for one or two structural breaks.66 The key 

element in order to construct the LM statistic is the estimate of the long-run variance σ2, 

which has the form    
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where w(s, ℓ) is a weighting kernel function which guarantees the nonnegativity of the 

estimate and ℓ is the number of truncation lags. In practice, there are three factors to be 

pre-specified to obtain the LM statistic: 

                                                 
66

 Specifically, ηt = rt + µt. 
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� whether or not the residuals tη̂  are further pre-whitened67 

� the choice of w(s, ℓ) 

� the choice of ℓ 

In our empirical applications, the following specifications are used based on original 

studies: 

1) KPSS test 

� No pre-whitening on the regression residuals tη̂  from equation (6) 

� the Bartlett kernel: w(s, ℓ) = 1 – s/(ℓ + 1) 

� ℓ = [12(T/100)0.25]  

� Critical values: for ητ in table 1 in Kwiatkowski et al. (1992 p.166) 

 

2) Kurozumi’s test 

� No pre-whitening on the regression residuals tη̂  from equation (7) 

� the Bartlett kernel: w(s, ℓ) = 1 – s/(ℓ + 1) 

� ℓ =  
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where â is an estimate of the parameter of an autoregressive model of 

order 1 on tη̂  

� Critical values: for Case 3 in table 1 in Kurozumi (2002 p.71) 

� Selection criteria of the break date: the date which minimizes the sum of 

the squared residuals of equation (7) 

3) Carrion-i-Silvestre and Sansó’s test 

� Using pre-whitened residuals, tψ̂ , from an autoregressive model of order p 

AR(p): tptptt ψηϑηϑη +++= −− ˆˆˆ
11 L , to calculate the long-run variance of 

2ˆψσ  using the form of (A2). The optimal order p is determined based on 

the BIC with pre-specified maximum number of 12. 

                                                 
67

 ‘Pre-whitening’ is the procedure that filters the residuals with an autoregressive (AR) regression in 
order to make the residuals closer to white noise (Andrews and Monahan 1992). 
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� the Quadratic Spectral kernel:  

w(s, ℓ) = 







− )5/)/(6cos(

5/)/(6

)5/)/(6sin(

)/(12

25
22

l
l

l

l
s

s

s

s
π

π
π

π
 

� ℓ = 
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, where â is an estimate of the 

autoregressive parameter of AR(1) approximation on tψ̂ . 

� Further, the author impose the boundary condition to obtain the final 

estimate of the long-run variance: 
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ψT , where )1(ϑ̂  

denotes the autoregressive polynomial, p

pLLL ϑϑϑ ˆˆ1)(ˆ 1 L−−= , evaluated 

at L = 1. 

� Critical values: using the response surface function for Model CC in table 

2 in Carrion-i-Silvestre and Sansó (2007 p.111) 

� Selection criteria of the break date: the combination of two dates which 

minimizes the sum of the squared residuals of equation (7) 

 

Cointegration Test 

The four cointegration tests considered in this study are all single-equation residual-based 

tests.     The specification and parameter setting of each test are listed below: 

1) Engle and Granger’s test 

� Model: equation (8) 

� Test statistic: the ADF test (without the intercept and linear time trend 

terms) on the residual series of (8) 

� Critical values: table IIc in Phillips and Ouliaris (1990 p.190) 

� Choice method of k: t-sig 

2) Gregory and Hansen’s test 

� Model: equation (9) 

� Test statistic: the ADF test (without the intercept and linear time trend 

terms) on the residual series of (9), ADF
* 
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� Critical values: for ADF
* in table 1 in Gregory and Hansen (1996b p.559) 

� Choice method of k: t-sig 

� Selection criteria of the break date: the date which minimizes the ADF
* 

statistic 

The maximum of the lag length of the first difference term in the ADF regression, kmax 

is set to 6 and 12 in the Monte Carlo simulation and in empirical application.  

     As mentioned in Section 5.3, the SH and AK tests employ the so called ‘Dynamic 

OLS’ specification of Saikkonen (1991) in their cointegration equation in order to avoid 

asymptotic inefficiency of the estimates: 

(A3)   yt = {a0 + b0t + txc0
′ + ty~ } + (a1 + b1t + txc1

′ ) Dt(τ) + ∑
−=

−∆′
K

Ki

iti xd ,   

where di is a parameter vector for −K ≤ i ≤ K. The number of leads and lags, K, is chosen using 

BIC  

3) Shin’s test 

� No pre-whitening on the regression residuals from equation (A3) when 

Dt(τ) = 0 

� the Bartlett kernel: w(s, ℓ) = 1 – s/(ℓ + 1) 

� ℓ = [12(T/100)0.25]  

� Kmax for leads and lags: 6 in the simulation and 12 in the empirical 

analysis 

� Test statistic: LM statistic of (A1) 

� Critical values: for Cτ in table 1 in Shin (1994 pp.100-101) 

4) Arai and Kurozumi’s test 

� No pre-whitening on the regression residuals from equation (A3) 

� the Bartlett kernel: w(s, ℓ) = 1 – s/(ℓ + 1) 

� ℓ =  
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where â is an estimate of the parameter of an autoregressive model of order 

1 on 
t

y~  
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� Kmax for leads and lags: [4(T/100)0.25] in the simulation and 12 in the 

empirical analysis 

� Critical values: author’s calculation (see footnote 53) 

� Selection criteria of the break date: the date which minimizes the sum of 

the squared residuals of equation (A3) 
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Appendix 5.B. Cumulative Adjustment Function  

For each of five regimes, the cumulative adjustment responses to a one-time, one-unit 

change in the farm hog price is calculated based on the estimates of the asymmetric shot-

run price dynamic model 
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where ECTt is the error correction term, Tj is the jth break date, and n and m are the length 

of lagged changes for farm hog and retail pork prices, respectively. Following 

Borenstein, Cameron, and Gilbert (1997), the cumulative adjustment responses B+s for an 

initial hog farm price increase is then calculated by  
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where +
1φ  is the coefficient of Farm Price (increase) in the long-run retail-farm price 

equation. The cumulative adjustments for a farm price decrease (B–s) can be calculated in 

the same way by altering the coefficients which are associated with price decreases, such 

as β –s and −
1φ . The cumulative adjustment response after k periods consists of four parts: 

1) the adjustment all the way through period k-1, 2) the coefficient of contemporaneous 

changes in the farm hog price, 3) the impact of deviation from the long-run response, and 

4) cumulative lagged changes in retail prices. 

 
 


