
ABSTRACT

TASTAN, HUSEYIN. SIMULATION-BASED ESTIMATION OF SPATIAL PRICE

EQUILIBRIUM MODELS AND MARKET INTEGRATION. (Under the direction

of Paul Fackler and Nicholas Piggott).

This dissertation explores the applicability of recently developed simulation-based

econometric methods to the analysis of spatial price determination and integration

of markets. As such a measure of market integration is developed within the context

of well-known point-location competitive price equilibrium model. Two markets are

said to be integrated to the extent that an excess demand shock arising in one region

is transmitted to the other region. This model imposes the market efficiency (i.e., the

law of one price) and explicitly accounts for the nonlinear relationship between prices

and underlying variables. A critical distinction from most of the current literature

is that market integration is defined and estimated as a degree rather than a binary

outcome. Simulation-based estimation approach to spatial market integration can be

outlined as follows: summarize the information contained in prices in an auxiliary

(reduced) model and match the parameters of the auxiliary model obtained from

observed data to the parameters of the same model obtained from simulated data. The

particular estimation framework used is known as the indirect inference methodology.

The auxiliary model is chosen as a finite order Gaussian vector auto-regression for

prices. The underlying variables, autarky prices and transaction costs, are modelled

as low-order vector auto-regression. Transaction costs on each link is modelled as

a function of a small number of common factors. After the structural parameter

estimates are obtained the measure of market integration is approximated by simple

Monte Carlo integration methods. The results from a set of controlled experiments

indicate that the estimation strategy works reasonably well. It is also shown that

simulation-based estimation methods can be useful for the two-location switching

regime models with serially correlated underlying variables.
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Chapter 1

Introduction

This dissertation is concerned with the proper measurement of market integra-

tion concept in the context of a competitive spatial price equilibrium model using

price data alone. Many industrial and agricultural commodities are produced over

geographically disperse areas and in most cases the consumption regions do not coin-

cide with the production regions. This phenomenon naturally creates a complex set

of transportation links and distribution channels among deficit and surplus regions.

Without impediments to trade, theory predicts allowing for transaction costs, that

prices at distinct locations will be equalized through trade. This is commonly referred

to as the Law of One Price (LOP). The LOP says that if spatially separate markets

are linked by trade then, in the absence of transactions costs, one unique price will

prevail over a geographic area. The price adjustment mechanism behind the LOP

is the arbitrage activity by competitive market participants. The spatial arbitrage

condition can simply be written as p2 − p1 ≤ r12 where p2 and p1 are prices at loca-

tion 2 and 1, respectively and r12 is the total cost of moving one unit of commodity

from location 1 to location 2. Transaction costs include transportation and handling

charges, insurance premium, tariff, quotas and other trade barriers, search and in-
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formation costs, trader’s profit margin, etc.1 Although there may be information on

some components of arbitrage costs, in most cases researchers (even market partici-

pants) do not have access to these data. This is the main (if not the only) motivation

for using price data in studies of market analysis. Spatial arbitrage and the LOP are

closely related to the concept of market integration. In this dissertation the concept

of market integration is distinguished from spatial arbitrage and the LOP. Following

Fackler and Goodwin (2001) and Fackler (1997) market integration is defined as fol-

lows: two markets are said to be mutually integrated if an excess demand shock arising

in one region is transmitted to the other region. Shocks can only be transmitted if the

two regions are direct trade partners (i.e., physical movement of commodities takes

place) or they are a part of a common trade network. A trade network consists of

spatially separate locations (markets) and transportation links connecting them. If

regions are not connected by trade then there is no mechanism that would facilitate

the transmission of shocks.

There are many reasons why we should be concerned about spatial market integra-

tion. The extent of spatial market integration in developing countries has important

policy implications. As mentioned by Goletti, Ahmed, and Farid (1995) the knowl-

edge of market integration in developing economies is essential for the success of

market liberalization and price stabilization policies. If markets are integrated then

the allocation of resources from abundant regions to scarce regions will be more effi-

cient and gains from trade and price liberalization will be realized more quickly. The

correct price signals will be transmitted through the marketing channels enabling

producers to specialize according to comparative advantage (Baulch 1997a). In de-

veloped countries the concept of market integration can be useful in defining market

boundaries in antitrust law and international trade conflicts. The US antitrust regu-

lation defines two kinds of markets: an economic market is that set of agents whose

prices are uniform2, and an antitrust market which is defined by the US Department

1Transaction costs, arbitrage costs and transport rates are used interchangeably throughout this
dissertation.

2This definition is closely related to Stigler’s definition of a market. Stigler (1942, p.92) defines
a market for a commodity, following Marshall (1920), as the area “within which the price tends to
uniformity, allowance being made for transportation costs (in which tariffs and other obstacles are
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of Justice’s Merger Guidelines as “that set of producers such that if they could fully

coordinate their actions they would be able, profitably, to raise price by a given min-

imum percentage” (Horowitz (1981); Slade (1986); Spiller and Huang (1986); Kleit

(2001b)). If markets are integrated then they can be considered to be in the same

economic market.

Spatial market integration is essentially an empirical issue. Given that prices are

often the only available data, economists commonly test the market integration by

analyzing co-movement of prices. Whether it is the simple correlation coefficients

or more sophisticated time series methods such as cointegration, co-movement of

prices is generally used as evidence for spatial market integration. In commonly used

vector auto-regression (VAR) methodology the researcher starts with a set of unit root

tests to determine if the price series are integrated of order one (I(1)) individually.

If prices are found to be I(1) then they are subjected to cointegration tests. The

existence of a cointegrating relationship among a set of prices is used as evidence

for spatially integrated markets. As discussed in length by Barrett (1996), Baulch

(1997a) and McNew and Fackler (1997), cointegration of prices is neither necessary

nor sufficient for spatial market integration. Prices may be cointegrated due to other

reasons without necessarily implying that there exists trade links among regions.

These tests, and many other linear tests such as short and long run market integration

criteria of Ravallion (1986) and Granger-causlity tests ignore the nonlinearities created

by transaction costs and discontinuous trade. Since the underlying economic model

is inherently nonlinear, linear time series tests are not appropriate for testing market

integration.

This dissertation challenges the common practice of market integration analysis

in the existing empirical literature. The main motivation behind this research was

that statistical tests/measures do not in general lead to straightforward economic

interpretation. This study contends that there is a need to approach the market

integration issue in an economic model of price determination in the current empirical

literature. The principal purpose of this dissertation is, therefore, to explore the

included)”.
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estimability of the degree of market integration among a set of spatial markets using

price data alone in a simple but intuitive economic model of price determination.

In other areas of applied economics researchers usually start with an economic

model which is believed to describe the problem under study well. Given available

data researchers then choose an econometric technique best suited to estimate the

model parameters and to test the propositions. Spatial price determination models

are no different. We have a structural model describing the behavior of a set of prices

and we only observe prices. The economic model is familiar Takayama-Judge point-

location model of price determination in which each region is characterized by its own

supply and demand conditions. The link between the economic model and statistical

methodology employed seems to be either missing or not explicitly stated in most

empirical studies. There are several important implications of the model which need

to be considered in an empirical analysis of spatial market integration:

• All prices and trade patterns are endogenously determined;

• Trade patterns may change from one period to another due to large excess

demand or transport rate shocks;

• Locations may not be continuously linked leading to non-linear relationships

between prices and underlying variables;

• The law of one price does not necessarily means that markets are integrated;

and;

• Market integration should be measured as a degree with perfect integration on

one extreme and perfect segmentation on the other.

This dissertation makes several contributions to the existing literature. First, it

provides a new methodology to analyze the spatial price linkages. It focuses on esti-

mating the degree of market integration rather than testing it. The strategy of this

study is radically different from the bulk of the current empirical literature which

mainly focuses on statistical rather than economic criteria to analyze market integra-

tion. The estimation strategy can be summarized as follows: estimate the parameters
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of the underlying model in a simulation framework and approximate the measure of

market integration using Monte Carlo integration method evaluated at the structural

parameter estimates. The economic model is the competitive point-location price

determination model in the tradition of Takayama and Judge. This model imposes

market efficiency (LOP) and stresses the fact that prices are determined by the level

of autarky prices and transaction costs. The estimation strategy recognizes that the

extent of the transmission of excess demand shocks is determined by the complex

interaction of excess demand and transaction cost shocks in a trade network. The

estimation strategy is indirect in its use of the information contained in prices: use an

auxiliary model to summarize the dynamics of prices and match the parameters of the

auxiliary model using observed data to the parameters using the simulated data in

a GMM-type criterion function. The auxiliary model is a finite order Gaussian VAR

process on prices. The underlying variables are treated as latent variables (which

may in fact be partially observable) and follow a finite order Gaussian VAR process.

For a given structural parameter vector and initial conditions we can simulate values

for latent variables and solve the point-location model for prices using complemen-

tarity algorithms (or quadratic programming methods). Then the auxiliary model

for prices is fit to simulated prices and parameters from that model are matched to

their observed counterparts using a minimum distance criterion function. The algo-

rithm is repeated until a pre-specified convergence criteria is met. This estimation

strategy is known as the indirect inference methodology (Gourieroux, Monfort, and

Renault (1993);Gourieroux and Monfort (1996);Smith (1993)). This estimation strat-

egy pushes the structural estimation to its very limit: if prices are determined in a

competitive environment by the interaction of autarky prices at different locations

and transaction costs then there must be a mapping from the underlying parameters

describing the behavior of latent variables to the VAR parameters of prices. The

purpose is to reveal this mapping by defining it as an inverse problem. Simulation

based estimation methodology is chosen to accomplish this.

The strategy developed in this dissertation is more akin to switching regime models

of market integration (e.g. Spiller and Wood (1988b)). These models are developed

within a structural model and regimes are triggered endogenously. Although the use
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of these models have not become widespread, they may be useful if the assumptions of

the model are valid. There must be only two regions and transaction costs and autarky

prices should be independent of each other and serially uncorrelated. As a second

contribution to the literature this dissertation extends the applicability of switching

regime models to the cases in which underlying variables are serially correlated. When

underlying variables are serially correlated maximum likelihood is not feasible since

log-likelihood function will not be tractable. The simulation estimation strategy,

in this case, involves (1) simulating serially-correlated underlying variables and (2)

matching the simulated price differential to the observed price differential using a

simulated method of moments framework. Sample moments and autocovariances can

be used as moment calibration conditions. As it is also valid for the existing switching

regime models this approach can only be used if it is known that the locations are

direct trade partners and that there are time periods in which regimes change. This

may happen, for example, if there is two-way trade or one-way but discontinuous

trade. If the two locations are in fact part of a larger trade network then this approach

may lead to erroneous results. In this case the indirect inference approach to market

integration is more appropriate.

1.1 Outline of the Study

Chapter 2 develops an economic model of spatial price equilibrium As already

mentioned this is a well-known competitive point-location model in the tradition

of Takayama-Judge. Implications of this model will be discussed. A measure of

market integration, the expected price transmission ratio, will be developed. This

measure (and other related measures such as regime frequencies) will be the goal

of the estimation effort in the following chapters. In this chapter we consider two

versions of the model: (1) the constant transaction cost case and (2) the increasing

transactions cost case. The latter recognizes the possibility that transaction costs

may be an increasing function of the amount shipped on a given link. The solution

of this model for three locations will be discussed.
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Chapter 3 provides a review of the current empirical literature. It focuses on the

methodology employed rather than the application details. Chapter 4 reviews the

simulation-based estimation literature. Only three simulation estimation frameworks

will be discussed: simulated method of moments (SMM), indirect inference (II) and

efficient method of moments (EMM). These estimation methods have become very

popular recently and have been applied to various time-series as well as panel data

models. Common feature of all simulation estimators is that a set of moment con-

ditions is approximated using simulations from the structural model in a GMM-type

minimum distance criterion function framework. These estimators differ only in their

choice of moments.

Chapter 5 extends the switching regime model to the case with serially correlated

underlying variables. The model may be useful if (1) there are only two regions en-

gaging in arbitrage activity (2) transaction costs and autarky price differentials are

believed to be serially correlated and (3) there are regime changes and/or discontin-

uous trade triggered by transaction cost and excess demand shocks. A set of Monte

Carlo experiments will be carried out to assess the performance of this methodology.

The estimation methodology will be applied to selected North Carolina and US local

markets for soybeans.

Chapter 6 provides an estimation methodology for n-location spatial market equi-

librium model. Only the model with perfectly elastic transaction costs will be ana-

lyzed in this context. The details of the indirect inference estimation strategy will

be discussed. This chapter also presents the results from a Monte Carlo experiment

with three locations (including more locations proved to be computationally expen-

sive in a Monte Carlo experiment framework). The purpose of this experiment is to

understand the properties of the methodology in a controlled setting. The indirect

inference methodology will also be applied to the world soybean markets. Chapter 7

provides summary and conclusions and directions for future research.
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Chapter 2

Competitive Spatial Price

Equilibrium Models

This chapter develops a framework for analyzing the relationship among a set of

spatially separated markets. The model presented here can be classified in the point-

location tradition pioneered by Takayama and Judge (1971) and utilized more recently

by Fackler (1997), Fackler and Goodwin (2001) and McNew and Fackler (1997). In

this approach geographically separated regions are represented by points (or nodes)

in the space. Flow directions or shipment routes are represented by transportation

links. A set of locations and links connecting points constitute a trade network.1 Each

point or market is characterized by its own excess demand function and each link has

a nonzero transportation cost. It is shown that the way markets are connected by

each other (trade pattern or regime) as well as the solution for prices and shipment

quantities is determined endogenously. The model, albeit simple, emphasizes the

importance of transactions costs that create nonlinear relationships between prices

and underlying forcing variables.

1These concepts are analogous to nodes (markets) and edges (links) used in the network flow
models in graph theory.
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The chapter is organized as follows: the section following the introduction provides

the general format of the model. This is followed by a section on an n-location price

determination model with linear excess demand functions and constant (perfectly-

elastic) transport costs. Section 2.4 provides a model of spatial price equilibrium with

imperfectly-elastic transaction costs. The measure of market integration is defined in

section 2.5. In section 2.6 the effects of aggregating a subset of markets are discussed.

Section 2.7 provides summary and conclusions.

2.1 Introduction

The general point-location model consists of n geographically separate regions

with perfectly competitive markets for a homogeneous commodity.2 Commodities

are considered to be differentiated only with respect to location. Although they have

the same characteristics in the quality (and other measurable attributes) dimension,

one unit of commodity in location A is not the same as one unit of commodity in

location B. Economic agents have to incur a positive amount of transaction cost

to transform the commodity in the location dimension. These transformation costs

include transportation charge, insurance premium, dealer’s profit margin, loading

and unloading charges and other transactions and search costs. It turns out that

the nature of these transformation costs have very important role in the process of

market integration and efficiency.

Economists have studied spatial equilibrium models extensively. Cournot (1838) is

recognized as being the first to explicitly state that a competitive price is determined

by the intersection of supply and demand curves in the context of two spatially sepa-

rated markets with positive amounts of costs of transferring goods from one location

to the other. Marshall (1920) and Pigou (1920) also studied spatial equilibrium in a

transportation network consisting of two routes. Enke (1951) and Samuelson (1952)

used electronic circuit analog to solve spatial price equilibrium problems. Samuelson

2By homogeneity of commodity we refer to the quality and other measurable attributes such as
type, color, usage, etc.
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(1952) formulated the spatial equilibrium as a maximization problem in which the

net social payoff, defined as the area under the excess demand curves in each re-

gion minus the total transport costs, is maximized. Takayama and Judge (1971) are

credited as the modern pioneers of spatial equilibrium models in which commodity

flows and prices are formulated and solved in a mathematical programming frame-

work. The models developed in this study can be classified as Takayama-Judge type

spatial price equilibrium models in which regions have their own demand and supply

functions (and associated autarky prices) and hence can be represented by an excess

demand function.

2.2 General Model

In its most general form spatial price equilibrium (henceforth, SPE) models recog-

nize spatial differentiation of commodities and transformation costs associated with

shipping one unit of commodity from a surplus region to a deficit region. Each region

or market can be characterized by its own supply and demand functions. In particular

let the inverse excess demand at location i at time t be

pit = f−1(qit; ait, θ), (2.1)

where pit is the equilibrium price, qit is the excess demand and ait is the autarky

price at location i and θ is the vector of excess demand parameters. Excess demand

is given by

qit = f(ait − pit; θ). (2.2)

If qit > 0 then location i is a net importer and if qit < 0 then location i is a net

exporter. Let transfer costs associated with shipping one unit of the commodity from

location i to location j be

rij =

{
g(sij), if sij ≤ s̄ij, ∀i 6= j;

∞, if sij > s̄ij,
(2.3)
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where sij is the amount shipped from location i to j and s̄ij denotes shipment capacity

levels. Transfer costs need not be symmetric across locations. Equation (2.3) reflects

the possibility that transfer costs may be a function of shipment amounts up to a

shipment capacity level. In other words transfer costs may not be perfectly elastic

(being the largest portion of transfer costs, transportation prices might exhibit this

kind of behavior). These will be discussed in the following subsections.

Spatial arbitrage profit from moving one unit of commodity from location i to

location j is defined as πij = pj − pi − rij. A risk-free profit opportunity arises when

πij is positive. In a well-functioning competitive market we would expect spatial

arbitrage profits to be zero. The weak version of the LOP implies that pj ≤ pi + rij

if there are no impediments to arbitrage activity. This will hold as an equality if

location i ships to location j.

The spatial price equilibrium model can easily be solved by formulating it as a

complementarity problem which has the following generic form:

f(x) ≥ 0

x ≥ 0 (2.4)

x′f(x) = 0.

Excess demand can be written in terms of shipment quantities as follows:

qi =
n∑

j=1

sji − sij. (2.5)

Equation (2.5) defines the excess demand in each location as the sum of in-shipments

and out-shipments.3 Using equation (2.5) we can formulate the equilibrium conditions

in terms of shipment amounts alone and write them as a complementarity problem

(see also equation (2.4)):

z = f−1
i

(
n∑

j=1

sji − sij

)
− f−1

j

(
n∑

j=1

sji − sij

)
+ rij ≥ 0, (2.6)

3For example suppose that there are three locations. Excess demand for location 1 will be given by
(s21+s31)−(s12+s13). Notice that location 1 will be an excess supply region if (s12+s13) > (s21+s31).
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sij ≥ 0, (2.7)

sijzij = 0. (2.8)

The first expression (equation 2.6) says that no arbitrage opportunities exist: any

given price difference cannot be greater than the transfer costs. The next expression

(2.7) reflects that the shipments amounts can only be nonnegative. The last expres-

sion (equation (2.8)) is the complementarity condition: either the arbitrage condition

or the shipment amount has to be zero ensuring a spatial competitive equilibrium is

achieved. When the first expression is negative, i.e., when there is a risk-free profit

opportunity, the amount shipped from location i to location j will be positive and in-

creasing until the arbitrage condition is satisfied with equality (the complementarity

condition will also be satisfied). Competition among spatial arbitrageurs will ensure

that this equality always holds at each time period.

In the following section excess demand functions are assumed to be a linear func-

tion of prices.

2.3 Linear Model with Constant Transactions Costs

Let the excess demand for a homogenous commodity in location i at period t given

by

qit = bi(ait − pit), ait, bi > 0, i = 1, ..., n (2.9)

where ait represents the autarky price in location i at time t and bi is the excess

demand slope parameter. Also let rijt be transaction costs of moving one unit of the

commodity from location i to location j at time t. Transaction costs remain constant

with respect to the amount shipped on a given link, implying that the supply of trans-

port services has perfect (infinite) price elasticity. As defined before qit represents net

imports to location i. Recall when qit > 0(< 0) location i is net importer (net ex-

porter). When net imports are zero autarky price will prevail as the equilibrium price.

Regional supply and demand shocks will be represented by parallel shifts in excess

demand function (shifts in ait). The solution for prices and shipment quantities can
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be found numerically using equation (2.5) and complementarity conditions (equations

(2.6)-(2.8)) for the n location general linear model. To do this it is convenient to write

the model in matrix form as

q = B(a− p), (2.10)

where q, a and p are n-vectors of excess demand quantities, autarky prices and

equilibrium prices respectively (time subscript is suppressed for convenience). B is

n×n diagonal matrix with bi, i = 1, ..., n on the main diagonal. Also let n×n matrices

S and R denote shipment amounts and transport rates, respectively. Entries of the

shipment matrix, Sij, represent the amount shipped from location i to j and entries of

the transport cost matrix, Rij, represent the cost of shipping one unit of commodity

from location i to j (notice that the main diagonal entries of both matrices will all

be zeros: Sii = Rii = 0, i = 1, ..., n). Also let us define an n2 × n matrix such that

H = In ⊗ 1n − 1n ⊗ In, (2.11)

where In is n × n identity matrix and 1n is n-vector of ones (⊗ denotes Kronecker

product). The matrix H can be used to represent arbitrage conditions and shipment

quantities, i.e.,

Hp ≤ vec(R), (2.12)

and

H′vec(S) = q =
∑

j

Sij − Sji, (2.13)

where vec is the vectorization operator defined on columns. In equation (2.12) the

term Hp represents the vector of price differentials in a given trade network. More

conveniently let us write r = vec(R) and s = vec(S)). Equation (2.13) implies that

q = B(a− p) = H′s, or in terms of prices,

p = a−B−1H′s. (2.14)

Substituting equation (2.14) into equation (2.12) results in the arbitrage conditions

of

Ha−HB−1H′s ≤ r.



14

Now the complementarity conditions for the perfectly competitive commodity

markets can be written as,

r−Ha + HB−1H′s ≥ 0, (2.15)

s ≥ 0, (2.16)

s′[r−Ha + HB−1H′s] = 0. (2.17)

Notice that this has a standard linear complementarity problem of the following

form,

Mx + k ≥ 0, (2.18)

k ≥ 0, (2.19)

x′[Mx + k] = 0, (2.20)

where, in our case, M = HB−1H′, k = r−Ha and x = s. This type of complemen-

tarity problems can efficiently be solved by Lemke’s pivoting algorithm (see Ch. 3 in

Miranda and Fackler, 2002).4

As mentioned before the resulting shipment pattern as well as prices and shipment

quantities are endogenous in this model. If the number of locations is small (i.e.,

n ≤ 3) parametric conditions for each shipment pattern can be found explicitly.5

However, if the number of locations is greater than three it is extremely difficult to

write down parametric conditions explicitly. Thus numerical methods, such as linear

complementarity techniques outlined above, need to be employed.

Furthermore, if we know the shipment pattern in a trade network the solution for

equilibrium prices and quantities can be found easily. In fact the solution for prices

is written as a simple linear function of underlying variables. If this relationship is

known to be stable over time it can be used in (structural) VAR based tests of market

4They show that multivariate complementarity problems will have a solution if f(x) (e.g., see
equation (2.4)) is strictly negative monotone, i.e., if (x−y)′(f(x)−f(y)) < 0 for x 6= y and x, y ∈ [a, b]
(see Miranda and Fackler (2002, p. 45)).

5See McNew(1996) and McNew and Fackler (1997) for these parametric conditions in 3 location
network.
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integration. To understand the mechanics of the model let the shipment pattern be

given by the matrix Q with (n−1) rows and n columns. If all locations are connected

then there will be (n − 1) links represented by the rows of Q. If the location j is

receiving on link i then Qij = 1, if the location j is shipping on link i then Qij = −1,

and if the location j is not connected on link i then Qij = 0. Using the shipment

matrix Q we can write the arbitrage conditions as Qp = r. Recognizing that the sum

of excess demand quantities must be zero we can write

n∑
i=1

qi =
n∑

i=1

n∑
j=1

(sji − sij) =
n∑

i=1

bi(ai − pi) = 0.

We define n-vector ω whose ith entry is defined as ωi = bi
nP

i=1
bi

. Now using the rela-

tionship above we can write ω′p = ω′a. For any given shipment pattern we can write

the equilibrium conditions more compactly as

(
ω′

Q

)
p =

(
ω′a

r

)
. (2.21)

Fackler (2002) shows that equation (2.21) can be inverted to obtain an expression

for prices in terms of underlying economic parameters. The following example illus-

trates comparative static behavior of the model with respect to changes in autarky

prices and transport rates.

Example: Suppose that there are 3 locations with excess demand functions given

by equation (2.9) and the shipping pattern is such that location 2 and 3 are surplus

regions and location 1 is deficit region. The shipment matrix associated with this

trade pattern is Q =

(
1 −1 0

1 0 −1

)
and equilibrium conditions are given by




ω1 ω2 ω3

1 −1 0

1 0 −1







p1t

p2t

p3t


 =




ω1a1t + ω2a2t + ω3a3t

r21t

r31t


 .
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Inverting this system we have




p1t

p2t

p3t


 =




1 ω2 ω3

1 −(ω1 + ω3) ω3

1 ω2 −(ω1 + ω2)







ω′at

r21t

r31t


 .

Notice that the ω′at term appears in each price equation. A unit increase in excess

demand in location i will induce ωi amount of increase in all prices, i.e.,

∂pjt

∂ait

= ωi, ∀j.

However, the effects of transport rate changes will not be the same across all loca-

tions. In particular, the resulting price change will depend on whether the location

is upstream or downstream. In the above example, an increase in r21t will lead to an

increase in p1t and p3t by ω2 but location-2 price will decrease by (ω1 + ω3), i.e.,

∂p1t

∂r21t

= ω2, and
∂p2t

∂r21t

= −(ω1 + ω3).

Similarly an increase in transactions cost on the link connecting location 3 to 1 will

lead to an increase in p1t and p2t by ω3 and a decrease in location 3 price by (ω1 +ω3).

In a perfectly competitive environment prices at each location are determined

endogenously and they respond to underlying economic factors. The most important

implication of this model is that, as shown by the example above, an excess demand

shock (changes in ait) arising in one of the markets results in the same amount of

change in all other locations. Therefore the only requirement for excess demand

shocks to be transmitted across locations is that locations have to be a part of a

common trade network. Otherwise there are no explicit mechanism for excess demand

shocks to be transmitted in this model. Also transport rate shocks will have different

effects across locations depending on whether location is downstream or upstream.

The simple linear price determination model can be modified in a couple of ways.

For example there may be positive capacity constraints on the links connecting each

location. So far we assumed that the shipment amount is not bounded. When there is

a finite shipment capacity on a given link, Sij, then the equilibrium complementarity
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conditions can be modified by introducing a new variable, u such that u > 0 when

Sij = Sij. Now the complementarity conditions become

r−Ha + HB−1H′s + u ≥ 0,

s− s ≥ 0,

s ≥ 0,

u ≥ 0,

s′[r−Ha + HB−1H′s + u] = 0,

[s− s]′u = 0,

where s = vec(S). In this case we have

M =

(
HB−1H′ In2

−In2 0n2×n2

)
,

and

k =

(
r−Ha

s

)
.

Another modification involves the possible situation in which total transport costs

tend to increase as the shipment level on a given link increases. The following section

develops the model with quantity-responsive transaction costs.

2.4 Linear Model with Increasing Transactions Costs

In the linear model with perfectly elastic transport rates we assumed that trans-

port rates do not respond to the shipment amount on a given link. Now suppose that

the excess demand is given by the equation (2.9) but the transport rate is a linear

function of the amount shipped:

rijt = ρij + φijsijt, (2.22)
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where ρij is the fixed transport cost that must be incurred with every shipment and

φijsijt is the fraction of the shipped amount (which may be different across shipment

routes, i.e., we may have φij 6= φik).
6 Arbitrage conditions now become,

pjt − pit ≤ ρij + φijsijt, (2.23)

or in matrix form,

Hp ≤ ρ + Φs

where H is defined by equation (2.11), ρ is n2-vector of fixed transfer costs, and Φ

is n2 × n2 diagonal matrix with φij on the main diagonal. This problem can also be

written as a complementarity problem similar to equations (2.18)-(2.20),

ρ + Φs−Ha + HB−1H′s ≥ 0 (2.24)

s ≥ 0 (2.25)

s′[ρ + Φs−Ha + HB−1H′s] = 0. (2.26)

Using the standard linear complementarity problem representation we can write

M = Φ + HB−1H′, k = ρ−Ha and x = s.

Above representation of the problem will enable us to solve for both shipment

pattern and prices. If the shipment pattern is known then we can obtain an explicit

solution for prices. Specifically, if the shipment matrix Q is known prices are solution

to the following linear system

(
b′

Q

)
pt =

(
b′at

ρ + Φs

)

In this case the shipment matrix may have more than n− 1 links and it may not be

of full row rank. To gain more insight into the mechanics of the model we will solve

the model in which there are 2 and 3 locations in the following subsections.

6Equation (2.22) can be interpreted as the inverse supply of transport services.
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2.4.1 The Model with Two Locations

In this case there can be three shipment patterns: either i ships to j, j ships to i

or autarky. The following example demonstrates the regime in which i is the shipping

location and j is the receiving location. Since there are two locations the condition

that the sum of all excess demands must be zero implies that,

sijt = bj(ajt − pjt) = −bi(ait − pit).

Now the arbitrage condition becomes,

pjt(1 + φbj)− pit = ρij + φbjaj.

Now equilibrium conditions can be written as
(

bi bj

−1 1 + φbj

)(
pit

pjt

)
=

(
b′at

ρij + φbjaj

)
,

which has the following solution,

(
pit

pjt

)
=

(
ωi 1− ωi ωi − 1

1− ωj ωj 1− ωj

)



ait

ajt

ρij


 , (2.27)

where ωi =
bi+φbibj

bi+bj+φbibj
. The shipment amount and the total transport cost will be

given by,

sijt =
bibj

bi + bj + φbibj

(ajt − ait − ρij),

rijt = λρij + (1− λ)(ajt − ait),

where λ =
bi+bj

bi+bj+φbibj
. The effects of excess demand shocks on prices will be different

at each location. In particular the impact of an excess demand shock on the orig-

inating location will be greater than the impact on the price in the other location.

Differentiating with respect to autarky prices we have

∂pit

∂ait

= ωi >
∂pjt

∂ait

= 1− ωj.

In this case, unlike the previous model, the shipping location price will increase more

than the receiving location price.
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2.4.2 The Model with Three Locations

Now we will consider the same model with three locations denoted i, j, and k. For

a given shipment pattern it is possible to find a solution for equilibrium prices and

shipment amounts. As in the constant transport rate model the shipment pattern

is endogenous. In addition to 19 different shipment patterns7 that can result in the

perfectly-elastic transport rate model, 6 shipment patterns of the form i ⇒ k, i ⇒
j, j ⇒ k, can emerge in equilibrium. The location k is supplied by locations i and j

through two links: one direct link from location i and one indirect route from location

i through location j. The intuition behind this additional shipment pattern is that

as one of the routes (either direct or indirect) gets used more heavily the cost of

transport on that link will increase. The cost on the route with low fixed costs may

rise until it is as expensive as a route with higher fixed costs. In other words two

least-cost links can emerge in an equilibrium depending on the model parameters.

The solution for prices and shipment quantities as well as the total transport

costs at the equilibrium can be found by taking the trade pattern as given. Derivation

details and solutions are provided in Appendix A for the following shipment patterns:

1. One separated market, i ⇒ j, k separated (6 cases),

2. One Location ships to both, i ⇒ j, i ⇒k (3 cases),

3. Two Sources, One Destination, i ⇒ k, j ⇒ k (3 cases),

4. Transshipment, i ⇒ j, j ⇒ k (6 cases),

5. Transshipment and direct shipment, i ⇒ j, j ⇒ k and i ⇒ j (6 cases).

To see the effects of excess demand shocks let us consider an example. Suppose

that location i supplies to both locations j and k. The solution for this specific

7See McNew and Fackler (1997) for the parametric conditions for each trade regime in three-
location model.
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shipment pattern can be written in terms of exogenous variables as follows:




p∗i
p∗j
p∗k


 =

1

D1




bicjck bjck bkcj −bjck −bkcj

bick (bjci + α) bk (bick + bk) −bk

bicj bj (bkci + α) −bj (bicj + bj)







ai

aj

ak

ρij

ρik




,

(2.28)

where cj = 1 + φbj, ck = 1 + φbk, ci = 1 + φbi, D1 = bicjck + bjck + bkcj and

α = φbjbk(1 + ci). The impact of excess demand shocks on prices can be analyzed

by differentiating the solution for prices with respect to autarky prices. Suppose that

there was a positive excess demand shock in the net exporter market, location i. In

this case pi will increase by
bicjck

D1
. The prices in locations j and k will go up by

bick

D1
and

bicj

D1
, respectively. By direct inspection it is seen that that bicjck > bick and

bicjck > bicj. The impact of the excess demand shock in the originating location will

be greater than the impact on the other locations (as in the two location case). Unlike

the constant transactions cost model, excess demand shocks are not fully transmitted

to the other locations even if they are all connected to the same common trade network

(Fackler and Goodwin 2001). Also notice that the magnitude of the price increase in

the receiving locations will be determined by the excess demand and transport cost

parameters (φ, bj and bk).

Shipment quantities associated with this equilibrium will be

(
s∗ij
s∗ik

)
=

1

D1

(
−λ1 (λ1 + λ2) −λ2 −(λ1 + λ2) λ2

−λ3 −λ2 (λ2 + λ3) λ2 −(λ2 + λ3)

)




ai

aj

ak

ρij

ρik




,

where λ1 = bibjck, λ2 = bjbk, and λ3 = bibkcj. In this specific shipment pattern

a positive excess demand shock in one of the receiving locations will have opposite

effects on shipment amounts. For example an increase in ak, other things being equal,

will lead to a decrease in the amount shipped from location i to location j, i.e., sij will
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decrease by λ2

D1
. On the other hand, the amount shipped from location i to location

k, sik, will go up by (λ2+λ3)
D1

. More transportation resources will be devoted to the link

connecting locations i and k. An increase in ai will lead to a decrease in shipment

quantities. The decrease in sij will be greater than the decrease in sik when bj > bk

implying λ1 > λ2. If it becomes more costly to ship to location k, as reflected in an

increase in ρik, shipments from i to j will go up by λ2

D1
and sik will go down by (λ2+λ3)

D1
.

Total transport costs can also be found using r∗ij = ρij + φs∗ij and r∗ik = ρik + φs∗ik,

(
r∗ij
r∗ik

)
=

φ

D1

(
−λ1 (λ1 + λ2) −λ2 φ−1d1 −λ2

−λ3 −λ2 (λ2 + λ3) −λ2 φ−1d2

)




ai

aj

ak

ρij

ρik




,

where d1 = [(bi + bj)ck + bk] and d2 = [(bi + bk)cj + bj]. Differentiating with respect to

autarky prices (excess demand shocks) we see that the effects of autarky price changes

on total transport costs will depend on whether originating location is receiving or

shipping. For example a positive excess demand shock in location i (i.e., shipping

location) will induce a decrease in transport costs by φλ1

D1
and φλ3

D1
, respectively. An

increase in the receiving locations’ autarky prices, however, will cause an increase in

the transport costs by φ(λ1+λ2)
D1

and φ(λ2+λ3)
D1

. An increase in autarky prices in one of

the receiving locations, either j or k, will lead to a decrease in total transport costs

associated with the other link, i.e.,

∂r∗ij
∂(ak)

=
∂r∗ik
∂(aj)

= −φλ2

D1

.

2.5 Measure of Market Integration

The model developed so far provides a measure of market integration. Recall

that the market integration is defined as the degree to which a shock arising in

one location is transmitted to the other location. Therefore the integration measure
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should be able to tell us the degree to which different regions are mutually integrated.

Relative effects of excess demand shocks can be measured by the price transmission

ratio (PTR) which is defined as

PTRijt =
∂pjt/∂ait

∂pit/∂ait

, (2.29)

where PTRijt = PTRjit. In the model with constant transaction costs it was shown

that the effects of an excess demand shock arising in one region on prices in other

regions will be the same. Specifically, if the two locations are connected then the price

transmission ratio will be 1. In this case markets are said to be perfectly integrated.

Notice that perfect market integration does not require the two locations (i and j) to

be direct trading partners. The PTR will still be 1 if the two locations are connected

by a third location. If locations are not part of a common trading network then the

price transmission ratio will be 0. In this case the transmission mechanism of excess

demand shocks breaks down. The price transmission ratio is either 1 or 0 for small

changes in excess demand. However, if there are discrete shifts in excess demand that

leads to changes in the trade pattern such that locations are isolated from the trade

network then the expected price transmission ratio can be used (McNew and Fackler

1997). Thus, the measure of market integration is defined as

Iij = E[PTRijt] = E

[
∂pjt/∂ait

∂pit/∂ait

]
. (2.30)

As discussed in previous sections the spatial integration of markets is determined

by the underlying variables, at and rt which are not observed or unobservable. The

distribution of the market integration measure, as defined in (2.30), is a complicated

function of these underlying variables. Since the explicit calculation of this expec-

tation is not possible we will resort to simulation techniques to approximate the

integration measure.

Various additional measures of market integration similar to (2.30) can also be

defined. For example if the number of locations is small (i.e., 2 or 3) total number of

trade patterns can be written as possible regimes. If there is a total of G regimes in

a trade network then the expected frequency of each regime in a given sample can be
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found by solving the model and counting the number of times each regime prevails.

Specifically let the hit(at, rt) represent the indicator function such that

hit(.) =

{
1, if regime i is observed at time t;

0, of otherwise.
(2.31)

for i = 1, . . . , G. Then the expected regime frequencies can be found by approximating

φ(at, rt) = E[hit(at, rt)]. The difficulty with this approach is the curse of dimensional-

ity: as the number of markets increase the number of total possible regimes increases

rapidly.

In the case of imperfectly elastic transport costs the price transmission ratios may

not equal 1. To see this let us consider the same example from the previous section:

location i supplies to both j and k. We have

PTRij =
1

cj

=
1

1 + φbj

and PTRji =
bjck

bjci + α
.

As easily seen PTRij 6= PTRji. The reason for this is that changes in at are not

fully transmitted to the other locations. As a result location j appears to be more

integrated to the location i than vice versa.

2.6 Effects of Aggregation

In the competitive spatial equilibrium model presented above it is implicitly as-

sumed that the trade network under analysis contains all regions (markets). In prac-

tice, however, some markets may not be observed or not included in the analysis. This

issue is closely related to the market delineation problem encountered in the merger

analysis. Spatial integration approach to the merger analysis says that if markets

are spatially integrated then they might be thought of as one single market. The

question, then, is how do we choose markets if we do not have the information about

the markets to include in the analysis. There may be some arbitrariness in the choice

of locations included in the trade network.

Under certain conditions it is possible to aggregate a set of markets in the network

into a single market. Fackler (1997) considers this situation and shows that if the
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relationship of the unobserved regions to the trade network does not change then

excess demand functions for these markets can be aggregated. The model implications

will remain the same. The conditions are that aggregated sub-markets should be

continuously integrated with each other and the pattern of connection of the sub-

markets to the rest of the network should not change. We can show this by a simple

example. Suppose that there are 3 locations and the trade pattern is such that

location 1 ships to 2 and location 2 ships to 3. Suppose also that location 1 is not

observed and only 2 and 3 are included in the analysis. Excess demand functions for

location 2 and 1 can be aggregated into one market. Let us call it q̄2 which is given

by

q̄2 = b̄2(ā2 − p2), (2.32)

where ā2 = b1
b1+b2

(a1+r12)+
b2

b1+b2
a2 and b̄2 = b1+b2. As long as the arbitrage condition

(LOP) is satisfied with equality between location 1 and 2 the excess demand functions

can be aggregated. Solving the model in the usual way we obtain

p2 =
b̄2

b̄2 + b3

ā2 +
b3

b̄2 + b3

a3 − b3

b̄2 + b3

r23 (2.33)

p3 =
b̄2

b̄2 + b3

ā2 +
b3

b̄2 + b3

a3 +
b̄2

b̄2 + b3

r23 (2.34)

Substituting b̄2 and ā2 into the solution for p2 and p3 it can be seen that the price so-

lutions derived above is the same as the price solutions that would be obtained in the

full model. Thus even if the location 1 is not observed directly it can be aggregated

into the location 2 and the analysis is not changed. If, however, unobserved markets

were not connected to each other to form a fully-integrated sub-market within the

trade network then the analysis above will not hold. Specifically, the aggregation of

a certain set of sub-markets require them to be connected with each other continu-

ously. To see this suppose that location 1 is sometimes connected to 2 and sometimes

segmented. Then the coefficients in the price solution will also change: location 2

price will be given by p2 = ω2a2 + ω3a3 − ω3r23, where

ω2 =

{
b̄2

b̄2+b3
, if 1 and 2 are integrated;

b2
b2+b3

, if 1 is segmented,
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and

a2 =

{
b1

b1+b2
(a1 + r12) + b2

b1+b2
a2, if 1 and 2 are integrated;

a2, if 1 is segmented.

The aggregation of excess demand functions for unobserved regions is also possible

for the model with increasing transport costs. Let us continue the same example

with increasing transaction costs. Arbitrage condition between 1 and 2 is given by

p2 − p1 = ρ12 + φs12 where s12 = q1 = b1(a1 − p1). Total excess demand for location

1 and 2 will be given by

q̄2 = b1(a1 − p1) + b2(a2 − p2)

= b1(a1 + ρ12) + b2c1a2 − (b1 + b2c1)p2

= b̄2(ā2 − p2)

where b̄2 = b1 + b2c1, a2 = b1
b1+b2c1

+ b2c1
b1+b2c1

, and c1 = 1 + φb1. Using (2.27) the price

solution is
(

p2

p3

)
=

(
ω̄2 1− ω̄2 ω̄2 − 1

1− ω̄3 ω̄3 1− ω̄3

)



ā2

a3

ρ23


 ,

where ω̄2 = b̄2+φb̄2b3
b̄2+b3+φb̄2b3

. If we replace b̄2 and ā2 into the expression above we obtain the

same price solution that we would get in the 3 location model. Thus, the aggregation

of sub-markets are still possible under certain conditions.

2.7 Summary and Conclusion

This chapter presents a Takayama-Judge type competitive point-location price

determination model commonly used in international trade and spatial market inte-

gration literature. In this model each location has its own excess demand functions

and demand and supply shocks are reflected in autarky (no trade) prices. A set of

spatially separate markets connected by transportation links constitutes a trade net-

work. The equilibrium in the network is determined by the level of autarky prices

and transaction costs. An equilibrium consists of prices, shipment quantities and a
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specific shipment pattern (or trade regime) which are all endogenous in the model.

The model can easily be solved by using either quadratic programming or linear com-

plementarity methods. If the number of locations in the trade network is two or three

then it is possible to find the parametric conditions for each trade pattern.

A measure of market integration is also defined in this chapter. The market

integration concept used in this chapter (and throughout this dissertation) sharply

distinguishes between the LOP and spatial market integration. Two markets are

said to be mutually integrated if an excess demand shock arising in one region is

transmitted to the other region. In the simple model with linear excess demand

functions and constant transaction costs this is only possible if locations are connected

by trade (either directly or indirectly). When regions are connected by trade an excess

demand shock arising in one region will be completely transmitted to prices in other

regions. Hence, in the constant transaction cost case the price transmission ratio

between two locations will be 1 if they are integrated and 0 if they are not. For discrete

changes in excess demand the price transmission ratio can lie anywhere between

[0, 1] interval (McNew and Fackler 1997). Regions may be connected to the network

at some time periods and segmented at others.8 The expected price transmission

ratio (EPTR) between two locations can be used to measure the degree of market

integration. In the increasing transaction costs case, however, the transmission of

excess demand shocks will not be perfect. Some portion of excess demand shocks will

be absorbed by the shipping location. This situation complicates the aggregation of

shocks across locations.

It is also shown that under certain assumptions two or more markets can be

aggregated into a single sub-market and model implications will remain the same.

The first requirement is that locations in the sub-market must be continuously linked

(perfectly integrated) at all times. The second requirement is that the way a sub-

market is connected to the rest of the network should not change.

This chapter laid out the ground work for the estimation of the measure of market

integration. As defined in this chapter, the measure of market integration is a non-

8Discontinuous trade may arise (among other things), for example, due to the seasonality in the
production of commodities.
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linear function of underlying variables (autarky prices and transaction costs) which

are not directly observable (or partially observable). In most cases prices are the

only available data. Furthermore, prices contain valuable information about under-

lying variables. Most empirical tests of market integration utilize the information

contained in the co-movement of prices. However, most of these test rely mostly

on statistical criteria, rather than economic criteria to measure (or test) the spatial

market integration. Before getting into the details of the simulation-based estimation

strategy for the estimation of market integration measure it is useful to assess the

existing methods. To this end the next chapter provides a condensed discussion of

empirical literature.
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Chapter 3

Review of Empirical Literature

3.1 Introduction

A vast literature is concerned with the empirical testing of the spatial market in-

tegration. Given data limitations most studies have used price data alone (except the

parity bounds model of Baulch (1997b), Barrett and Li (2002) and Park, Jin, Rozelle,

and Huang (2002)). The empirical analyses of market integration can be divided into

two main groups based on econometric methodology employed: regression (or re-

duced form) approach and switching regime approach (structural).1 The regression

approach includes several static or dynamic models designed to analyze a set of prices.

Over the years dynamic time series methods, such as vector auto-regressions (VAR),

have become the most commonly employed framework in the empirical literature.

Univariate or multivariate cointegration analysis, Granger-causality, error correction

models, and impulse response analysis have been employed in a VAR framework.

1It is also possible to use another taxonomy of empirical studies based on the purpose of study.
The question of how integrated spatial markets are arises in several contexts including market
delineation problem in merger analysis and international trade conflicts, liberalization of agricultural
markets in developing countries, welfare effects of deregulation in transportation sector in developed
countries etc. However, since this dissertation is mainly concerned with econometric methodology
we will focus specifically on methods employed in the empirical market integration literature.
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Switching regime models, on the other hand, are based on a structural model of price

determination. These models emphasize and explicitly deal with transaction costs

and regime probabilities. Major limitations of these models are that it is extremely

difficult to extend the model to trade networks with more than two locations and

that the underlying distributional assumptions may be too strong. Switching regime

models attempt to provide a measure (regime probabilities) for market integration

while conventional time series test provide either “yes” or “no” answer to market

integration.

This chapter reviews commonly used econometric methods designed to test spatial

market integration. Main points of these methods will be highlighted rather than giv-

ing technical details. This chapter is organized as follows. Section 3.2 discusses static

regression and correlation coefficient approach followed by the dynamic approach

(VAR methodology) in the next section. Section 3.4 is devoted to the cointegra-

tion methodology. Sections 3.5 and 3.6 discuss the switching regime framework and

directed acyclic graphs, respectively. Section 3.7 provides summary and conclusions.

3.2 OLS/Correlation Coefficients

Early studies of spatial price linkages used the correlation coefficient as the mea-

sure of market integration. High correlation coefficients are considered to be evidence

of spatially integrated markets. In a fully integrated, perfectly competitive market

framework we would expect that the correlation coefficient between two price series

to be one and the price differentials to equal transport costs exactly. In her early

critique of this literature Harriss (1979) argued that correlation coefficients, even in

well-functioning local markets of the developed world, will be less than one due to

spatial frictions in these markets. Harriss notes that high correlation coefficient may

indicate neither integrated markets nor perfect competition. Prices may be correlated

due to common factors such as macroeconomic policy changes, or common harvest

shocks other than spatial trade linkages. Two locations may have high price corre-

lation coefficients even if they are not trade partners or vice versa. The correlations
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of prices in first differences and first differences of log prices were also proposed as a

measure of market integration (Stigler and Sherwin 1985). However, as pointed out

by Werden and Froeb (1993), prices can also be highly correlated because demand

and cost variables may be highly correlated. Even though they analyzed and criti-

cized the same approach from different perspectives Harriss, and Werden and Froeb

conclude that price correlations and simple price regressions cannot provide all the

information that the market analyst is looking for. Harriss criticized food marketing

studies in developing countries while Werden and Froeb criticized price correlation

coefficients and price-based methods in anti-trust market delineation. Price corre-

lations do not explain much about the correlation at the demand and cost level in

markets in a developing economy. Likewise it cannot provide evidence on market

power and geographic market boundaries. Prices can be correlated due to the factors

other than spatial arbitrage, creating spurious correlations and parameter estimates.

These criticisms also extend to the OLS regressions of the following form:

log(p1t) = α + β log(p2t) + εt, (3.1)

where p1t and p2t are price series in location 1 and 2, respectively. The following joint

hypothesis is used to test the short-run market integration,

H0 : α = 0, β = 1.

Failing to reject this hypothesis is used as evidence in favor of market integration. In

equation (3.1) the analyst needs to assume that one of the prices is exogenous. How-

ever, in the Takayama-Judge type spatial equilibrium models prices are determined

endogenously. Thus, the regression (3.1) will suffer from simultaneity bias (Good-

win 1992). Also, transactions costs create a natural band in which local prices can

vary non-synchronously making the null hypothesis of market integration meaning-

less (Goodwin, Grennes, and Wohlgenant 1990). In this case any value of β could be

consistent with adherence to the LOP.

In the simple price regression test and price correlations (in levels, differences or

in log-differences) the price adjustment is assumed to be instantaneous. If the price

in location j adjusts to price changes in location i with time then dynamic regression
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specifications may be more appropriate. An example of using dynamic regressions to

test for market delineation was proposed by Horowitz (1981). Horowitz (1981) used

a first-order partial adjustment process on price differentials that gives an estimate

of the speed of adjustment parameter λ:

yt = γ + λyt−1 + εt, (3.2)

where yt = p1t−p2t and λ is the speed of adjustment parameter. A value of λ close to

zero would indicate a faster price adjustment process hence providing evidence that

two prices belong to the same market. These price tests are also flawed: the price

differentials have to be stationary which may not be true in practice. Prices may also

be different due to physical attributes even though they are close substitutes. The

speed of adjustment parameter does not tell us that two prices belong to the same

market.

Several other tests in a dynamic framework have been proposed including Granger-

causality and Ravallion tests. These tests have been developed within the vector

auto-regression (VAR) methodology and will be discussed in the next section.

3.3 Vector Auto-regressions

A kth order vector auto-regression is a summary of dynamic relationships among

a set of variables.

pt = A0 + A1pt−1 + A2pt−2 + . . . + Akpt−k + εt, (3.3)

where pt is n-vector of prices, Aj, j = 1, . . . k, is n × n matrix of coefficients and

εt is a Gaussian error vector. Over the years several tests, concepts and tools have

been proposed to study spatial market integration in a VAR framework including

Granger-causality tests, impulse response and variance decomposition analyses.

A common approach to market integration in time series framework starts with

applying a set of unit root tests to prices (either in natural logarithms or levels). If

the prices are found to be integrated of order one (i.e., non-stationary in levels) then
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they are tested for cointegration using either a bivariate (Engle and Granger 1987)

or a multivariate (Johansen and Juselius 1990) framework. If prices are cointegrated

then a vector error correction representation (ECM) exists. An error correction model

is essentially a VAR in first differences of prices plus a short run error correction term

which tends to zero in the long run. The error correction mechanism is the arbitrage

activity. The Granger representation theorem states that if two variables are coin-

tegrated then one of them must Granger-cause the other. If the variables are not

cointegrated and they are stationary then Granger-causality tests can be carried out

in a VAR framework. Otherwise Granger-causality tests must be carried out using

an error correction representation. The Granger-causality approach to market inte-

gration ((Alexander and Wyeth 1994), (Gupta and Mueller 1982), (Granger 1969))

either uses a VAR or ECM to assess if current and past changes in prices in one

market help explain the changes in prices in other markets.2 In a VAR context this

amounts to testing whether off-diagonal elements of the coefficient matrices are all

zero at all lags. If two locations are mutually integrated then prices should indicate

bidirectional Granger-causality implying that the lagged prices of one location have

predictive power on the prices in the other location.

Ravallion (1986) models the dynamics of prices in a specific spatial market struc-

ture. There are N markets one of which is central (urban) market and others are

rural (hinterland) markets. The central market price is a function of its own lags

and contemporaneous and lagged rural market prices. General form of the dynamic

equation system can be written as

p1t =
n∑

j=1

a1jp1t−j +
N∑

k=2

n∑
j=0

bk
1jpkt−j + X1tc1 + e1t, (3.4)

pit =
n∑

j=1

aijpit−j +
n∑

j=0

bijp1t−j + Xitci + eit, i = 2, ..., N. (3.5)

where p1t is the central market price; pit, i = 2, ..., N , are rural market prices; and

Xit are other exogenous factors affecting prices (e.g. seasonality). Various hypothesis

tests can be formulated in this dynamic framework. The hypothesis of short run

2Other tests using causality concepts include Blank and Schmiesing (1988) and Slade (1986).
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market integration is

H0 : bi0 = 1 and aij = bij = 0.

A weaker form of market integration can be tested using

H0 :
n∑

j=1

aij + bij = 0.

Also the hypothesis of long run market integration is

H0 :
n∑

j=1

aij +
n∑

j=0

bij = 1,

which simply says that a unit increase in central price is passed on fully to local

prices.

Fackler and Goodwin (2001) reformulated Ravallion’s market integration tests in

terms of the structural point-location model reviewed in detail in Chapter 2. They

showed that when interpreted in terms of the structural model Ravallion’s short run

market integration criteria is only valid if transport rates do not exhibit persistence.

However, transport rates, like many other prices, may be subject to serial correlation.

They also argued that the weak form of market integration test is actually too weak

and suggested that if excess demand shocks do not Granger-cause the transport rate

then strong-form short run criterion only requires that bi0 = 1 and aij + bij = 0 for

all j.

3.4 Cointegration Analysis

Long-run market integration has also been tested using cointegration analysis.

Cointegration implies long run stable relationship among a set of variables. If data

series xt and yt are both I(1), i.e., each has unit roots, then there may exist a linear

combination of xt and yt which is I(0), i.e., stationary. In other words there may be a

β such that yt−βxt is stationary. This can also be extended to multivariate context.

Such cointegration relationship, if it exists, is then called long-run equilibria since it
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can be proved that they act as attractors toward which convergence occurs (Hendry

and Juselius 2001). A number of studies have tested the LOP and spatial market in-

tegration using cointegration techniques (e.g., Asche, Bremnes, and Wessells (1999);

Ardeni (1989); Goodwin (1992); DeVany and Walls (1993), Baffes (1991), Gulen

(1999), among others). It has been argued that although individual price series can

wander stochastically spatial arbitrage relationships will imply that there will be a

stable linear long-run relationship. Thus, the existence of a cointegrating relationship

among a set of prices is used as evidence for long-run market integration. However

as shown by McNew and Fackler (1997) and Fackler and Goodwin (2001), cointegra-

tion is neither necessary nor sufficient for spatial market integration. Transport rates

also have to be stationary for spatial arbitrage conditions to represent cointegrating

relationship. Regions may not be always linked by trade hence there may not be

a cointegrating relationship although arbitrage conditions are not violated. McNew

and Fackler (1997) also argued that if autarky prices are themselves cointegrated

then their price differentials will also be cointegrated although there may not be any

trade links between them. Cointegration tests are also very widely used in intertem-

poral market integration and futures market efficiency (e.g. Beck (1994); Chowdhury

(1991); Schroeder and Goodwin (1991), among many others).3 Cointegration of spot

and futures prices are used as an evidence for futures market efficiency. Similar crit-

icisms can also be raised here: the spread between futures and cash prices consist

of interest, storage, insurance and other transactions costs. Thus cointegration rela-

tionship between cash and futures prices depend on time series properties of cost of

carry. For example interest cost is the largest portion of the cost of carry and if it is

nonstationary then the resulting inference will be incorrect. Hence, time-series prop-

erties of cost carry should also be incorporated in the analysis (Brenner and Kroner

(1995); Yang, Bessler, and Leatham (2001)).

Cointegration of prices, by itself, is neither necessary nor sufficient for spatial mar-

ket integration as mentioned by Barrett (1996), Baulch (1997b), Baulch (1997a) and

especially McNew and Fackler (1997). Recognizing the shortcomings of the cointe-

3For a recent review of this literature see Carter (1999).
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gration approach many authors proposed other techniques (such as threshold cointe-

gration, parity bounds and switching regression models) or they continued to employ

cointegration methodology with much more care. For example Gonzalez-Rivera and

Helfand (2001) and Kuiper, Lutz, and van Tilburg (1999) recognize endogenous na-

ture of spatial price determination and apply multivariate cointegration techniques.

Their definition of market integration relies on two interrelated factors: first, markets

have to be connected by trade either directly or indirectly, ensuring that arbitrage

occurs, and second, markets have to share the same long-run market information.

In their empirical section Gonzalez-Rivera and Helfand estimate interregional trade

flows and confirm that Brazilian rice markets were continuously connected by trade.

Their market analysis starts with the determination of which locations belong to the

same market. To this end, they employ a sequential procedure in which a core set

of m,m < n, locations is chosen and tested for the number of cointegrating vectors.

The existence of one common trend implies that there must be m − 1 cointegrating

vectors. If this is the case then another location is added to the system, otherwise the

location needs to be excluded. This sequential approach to find the market network

structure can be sensitive to the ordering of locations. After n− 1 cointegrating vec-

tors are found the cointegrating factor is estimated using the methodology proposed

by Gonzalo and Granger (1995). A vector of n I(1) prices can be decomposed as

pt = Aft + p̃t,

where A is n × s matrix, ft is s × 1 vector of common unit root factors and p̃t is

n × 1 vector of transitory (short-run) components. This is known as the common

factor representation and its existence is guaranteed by the Granger representation

theorem4 if there are n − s cointegrating vectors. Gonzalez-Rivera and Helfand’s

market integration criteria requires s to be 1 which is equivalent to searching for n−1

cointegrating vectors implying that all locations share the same long run information.

Gonzalo and Granger (1995) methodology to find f1t requires the following conditions:

1. f1t must be a linear combination of the elements of the vector of prices, and

4See Engle and Granger (1987).
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2. the transitory component, p̃t should not Granger-cause the permanent compo-

nent Af1t in the long run.

Gonzalez-Rivera and Helfand (2001) proposed using the persistence profile approach

of Pesaran and Shin (1996) to measure the degree of market integration. The persis-

tence profiles measure the response (measured in units of variance) of the cointegrating

relation to a system-wide shock rather than to an individual shock. Unlike impulse-

response analysis persistence profiles are unique and orthogonalization of the error

covariance matrix is not needed. After calculating the persistence profiles, markets

can be ranked based on their reaction times.

A recent study by Asche, Bremnes, and Wessells (1999) employed cointegration

methodology to address a market delineation problem in world salmon market.5 In

a following comment Miljkovic and Paul (2001) mentioned the dangers of using coin-

tegration methodology for testing spatial market integration. They pointed out that

Asche, Bremnes, and Wessells (1999) do not distinguish between market efficiency

and market integration (also mentioned by Barrett (1996) and McNew and Fackler

(1997)). In Takayama-Judge type spatial equilibrium models trade is neither nec-

essary nor sufficient for market equilibrium. Even if cointegration is found between

prices this may not be sufficient to conclude that markets are in equilibrium (Miljkovic

and Paul 2001). Prices may also be cointegrated if supply and demand shocks are

cointegrated across regions (McNew and Fackler 1997). Furthermore, the evidence of

cointegration, although useful to see the long-run relationship among a set of prices,

cannot be used to decide whether markets are integrated (or they belong to same

market). In their reply Asche, Bremnes, and Wessels (2001) argued that if relative

prices are constant then the aggregation of products is possible by the composite com-

modity theorem. They stressed that criticisms raised in the literature do not apply

to world salmon markets. Supply and demand shocks in world salmon markets are

unlikely to be cointegrated and the transactions costs in this industry are relatively

5This study attempts to answer important policy questions in world salmon trade. The United
States filed two anti-dumping suits against foreign exporters of farmed salmon. The question to
be answered is whether different species of salmons are substitutes of each other, in other words,
whether they belong to the same market? If markets are found to be spatially integrated then they
compete in the same market.
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small and constant.6

Thompson, Sul, and Bohl (2002) tested spatial market efficiency using seemingly

unrelated regression-augmented Dickey-Fuller (SURADF) and error correction models

(SURECM) in three European wheat markets, France, Germany and the UK. They

claimed that the SUR methodology using a panel data set improves the efficiency of

the estimates since it explicitly accounts for cross-equations correlations. After finding

that prices are I(1) variables in a SURADF testing environment they analyzed the

short-run dynamics of prices in SURECM framework. They found strong evidence

for the LOP and concluded that EU wheat markets are in spatial equilibrium.

3.5 Switching Regime, Parity Bounds and Thresh-

old Time Series Models

Other empirical tests of spatial market integration include switching regression

models (Spiller and Huang (1986); Spiller and Wood (1988b); Spiller and Wood

(1988a); Kleit (2001a); Kleit (2001b); Kleit and Palsson (1999); Sexton, Kling, and

Carman (1991)), parity bound models (Baulch (1997b), Baulch (1997a); Barrett and

Li (2002)) and threshold autoregression analysis (e.g., Goodwin and Piggott (2001)).

The switching regression models are based on point-space type spatial equilibrium

models in which each region can be identified by its own autarky prices. The switch-

ing regime methodology relies on certain distributional assumptions about the under-

lying variables in the spatial price model. The unobservable autarky price differential

is assumed to have the following distribution,

dt = a1t − a2t = α + εt, (3.6)

where a1t and a2t are autarky prices in locations 1 and 2 and εt is a random variable

with zero mean. Arbitrage costs, rijt, i, j = 1, 2, i 6= j, are assumed to be a positive

6It seems that the large part of the conflict arises from the definition of the market integration.
The adherence to the LOP alone does not guarantee that markets are integrated. Hence, using LOP
as if it is the same as market integration may lead to incorrect inferences.
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truncated random variable derived from a normal distribution with mean r∗ij and

variance σ2
ij with lower bound truncation given by rk

ij.
7 Total transactions costs are

given by

rijt = r∗ij + εijt > rk
ij ≥ 0, i, j = 1, 2 i 6= j. (3.7)

In this framework three trade regimes can arise. If the autarky price differential is

greater than the relevant transactions costs then the shipments will take place in that

direction and the observed price differential will exactly equal the transactions costs.

If the autarky price differential is relatively small then no shipments will occur and

the observed price differential will be equal to the autarky price differential. These

regimes can be written as:

Regime 1 (Arbitrage from region 2 to 1)

p1t − p2t = r∗21t + ε21t if dt ≥ r21t

Regime 2 (Arbitrage from region 1 to 2)

p1t − p2t = −r∗12t − ε12t if dt ≤ −r12t,

Regime 3 (No binding arbitrage)

p1t − p2t = α + εt if − r12t < dt < r21t.

Using these conditions the ex-ante probability of each regime is given by

λ1 = Prob(εt − ε21t ≥ −α + r∗21)

λ2 = Prob(εt − ε12t ≤ −α− r∗12)

λ3 = Prob(−r∗12 − ε12t < α + εt < r∗21 + ε21t).

Under the assumption of mutual independence of error terms and no autocorrelation

in the underlying variables the ex-ante regime probabilities can be estimated using

maximum likelihood method. The probability of binding arbitrage (λ1 + λ2) is then

7Spiller and Wood (1988b) also discussed alternative distributional assumptions for the arbitrage
cost variable including gamma, beta, and lognormal distributions (also see Spiller and Wood (1988a).
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used as a measure of how much the two markets are integrated. The likelihood

function of the model is given by

L =
n∏

i=1

{λ1f1t + λ2f2t + (1− λ1 − λ2)f3t}, (3.8)

where fit, i = 1, 2, and, 3, are functions of observed price differential and model param-

eters. There are eight parameters in the structural model, θ = (α, σ, r∗12, r
∗
21, r

k
12, r

k
21, σ21, σ12),

which can be estimated by maximizing the logarithm of (3.8).

Switching regime methodology of Spiller and Wood (1988b) relies heavily on the

restrictive distributional assumptions about the underlying variables. The validity of

regime probabilities and arbitrage cost estimates will depend on the validity of the

underlying distributional assumptions. For example both the autarky price differen-

tial and the arbitrage costs can be serially correlated.8 Kleit and Palsson (1999), Kleit

(2001a) and Kleit (2001b) incorporate autocorrelation in the autarky price differen-

tial into the switching regime methodology. The autarky price differential (equation

(3.6)) is modified for autocorrelation as follows:

dt = a1t − a2t = α + ρ[E(dt−1)− α] + εt, (3.9)

where εt ∼ N(0, σ2) and |ρ| < 1. The expectation needs to be taken since the autarky

price differential is not observed. The econometric analysis proceeds with writing the

log-likelihood functions similar to Spiller and Wood (1988b).

The neglect of explicit treatment of transactions costs in the empirical literature

was criticized by Baulch (1997b). Of course the correct and ideal analysis of spatial

markets requires data on transactions costs and trade flow quantities at the same

frequency as prices. However, this data is not readily available to the researcher.

Transactions costs include the cost of transportation, insurance premium, search and

handling costs, risk premium, trader’s profit margin etc. Even if we found data on

8Transport costs constitute a significant portion of arbitrage costs and like any other price series
they can exhibit significant autocorrelation. Spiller and Wood (1988b) also recognized the econo-
metric difficulties arising from the serial correlation in the switching regime framework (Spiller and
Wood 1988b, footnote 6, p.311).
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other components of transactions costs it is almost impossible to find data on profit

margins. Recognizing these difficulties Baulch contended that we can still obtain

reliable information on some components of transactions costs and incorporate them

into a switching regression model. He proposed the parity bounds model to test for

food market integration which requires explicit information on transactions costs.

He adds a third regime in which price differentials are greater than the transactions

costs which are assumed to be symmetric across regions. The probability of the third

regime, i.e., how often spatial arbitrage conditions are violated, is used as an index of

market efficiency. Inherent shortcoming of this approach are obvious: if transactions

costs do not reflect the true nature of the market that is being analyzed then the

frequency of each regime will be miscalculated. Thus, this approach necessitates the

precise estimates of transactions costs.

An extension of the parity bounds model of Baulch is provided by Barrett and Li

(2002) which incorporates binary information on trade flow into switching regression

model. They argued that trade flow data can offer indirect evidence of the effects

of unobserved transfer costs. They define six different possible regimes: 3 regimes

in PBM augmented by binary information of whether trade occurred (1 if there is a

flow, 0 otherwise).

Park, Jin, Rozelle, and Huang (2002) applied a modified version of parity bounds

model to China’s grain markets. As in Sexton, Kling, and Carman (1991) they model

the arbitrage failure explicitly which may be important for markets in transition

economies (such as China). However unlike Baulch’s PBM model in which one needs

to make an assumption about the transactions costs, Park, Jin, Rozelle, and Huang

(2002) estimates the transactions costs explicitly in a switching regime framework.

Threshold time series models are similar to regime switching models. The regime

switch is triggered when a forcing variable crosses a threshold value (Goodwin and

Piggott 2001). The implementation of threshold models are largely motivated by

unobservable transactions costs. Prices can fluctuate within a transactions cost band

and spatial arbitrage conditions can always be satisfied within this band even though

markets are linked by trade. One difficulty of this approach is that transactions costs

band can also vary through time. Piggott and Goodwin (2002) relax the assumption
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of constant threshold band. Standard times series modeling techniques have been

extended into the threshold framework. Ejrnes and Persson (2000) analyzed the

wheat market integration in the 19th century France using threshold error correction

model (TECM). Threshold analysis enables the authors to estimate the grain points

and also provides the speed of adjustment coefficient which can be used as a measure

of market integration. Unlike Prakash (1996) and Obstfeld and Taylor (1997) these

authors included transport costs in a bivariate error correction model. They found

that wheat markets in 19th century France were highly integrated. Ghoshray (2002)

used TAR methodology to analyze market integration in the world wheat markets. His

results also indicate high market integration which is partly explained by high degree

of substitutability between different types of grain. Mainardi (2001) also analyzed

international wheat markets in the context of threshold cointegration methodology.

3.6 Directed Acyclic Graphs

Directed acyclic graphs (DAGs) have also been used in estimating market inte-

gration. A directed graph is defined as an assignment of causal flow among a set

of variables based on observed correlation and partial correlation. Yang, Bessler and

Leatham (2000) analyzed the integration of developed and developing markets (north

and south) using DAGs. The methodology is an extension to innovation analysis in

VAR systems which takes into account causal flow information in innovations. In the

usual VAR analysis, impulse response functions are computed by orthogonalization

of the error covariance matrix using Cholesky decomposition. This implies that con-

temporaneous correlation among the errors is ignored and the evolution of the shocks

through the system is unidirectional (Swanson and Granger, 1997). Instead of using

Cholesky decomposition Yang, Bessler, and Leatham (2000) use DAGs to analyze the

evolution of the shocks. After finding north (UK and US) and south (Argentina and

Brazil) integration in soybean meal markets using cointegration analysis, they write

the error from the estimated ECM as Aut = vt. Then they implemented Spirtes,

Glymour, and Scheines (1993) methodology to place zeros on the matrix A and ob-
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tained innovation correlation matrix V . Partial correlation coefficients are obtained

by using the result from Whittaker (1990) which says that off-diagonal elements of

the scaled inverse of the matrix V (or any correlation matrix) are the negatives of the

partial correlation coefficients between the corresponding pair of variables given the

remaining variables in the matrix. The algorithm provided by Spirtes, Glymour, and

Scheines (1993), called PC algorithm, is then employed to remove the edges between

the markets. The procedure starts with a complete undirected graph and proceeds

with removing edges (links) sequentially based on zero correlation or partial corre-

lation (Bessler and Akleman (1998)). The Fisher’s z statistic is used to determine

which correlation coefficients are insignificant. The resulting directed graph shows

the direction of the flow of information among nodes.

3.7 Summary and Conclusion

This chapter provides a brief discussion of the empirical methods commonly used

in market integration studies. It is shown that each method has its own drawbacks

and weaknesses and none of them has risen as a preferred methodology. Early studies

of market integration have used correlation coefficients as a measure of market inte-

gration. However, a large correlation coefficient cannot be used to indicate integrated

markets of perfect competition. Tests of the LOP in a simple regression framework

are also flawed. Prices are determined endogenously and transaction costs create a

band in which prices can vary without implying any specific value for the regres-

sion parameters. Cointegration analysis seems to be the most commonly practiced

method especially in studies of food and agricultural markets integration. Moreover,

the possible dangers of such a practice have been noted by several authors most no-

tably by Barrett (1996), Baulch (1997a) and McNew and Fackler (1997). Switching

regime models are based on an explicit economic model. The purpose is to estimate

the mean level of transaction costs along with regime probabilities which can be used

as measures of market integration. These models are estimated in maximum likeli-

hood format which requires that underlying variables are serially uncorrelated and
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independent of each other. Threshold time series models also treat transaction costs

explicitly. Although the nonlinearities created by arbitrage costs are recognized by

these models they may not have clear economic interpretation. Finally, the directed

acyclic graph approach extends the innovation analysis in VAR framework to reveal

the causal flow of information among prices. The immediate criticism of this approach

is that prices are determined endogenously in a network structure, hence, innovation

accounting or the response of one price to another is not clearly defined.
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Chapter 4

Simulation-Based Estimation

Methods

This chapter discusses briefly three simulation based estimation methods, namely,

simulated method of moments, indirect inference estimation and efficient method

of moments. Although there are other econometric techniques utilizing simulations

such as simulated maximum likelihood and Markov Chain Monte Carlo (MCMC)

methods, for the purposes of this study we will only focus on three methods mentioned

above. The chapter is organized as follows: section 4.1 provides a general introduction

and lays out the basic notation; section 4.2-4.4 summarizes the simulated method of

moments, indirect inference and efficient method of moments, respectively; section

4.5 discusses relative performance and mechanics of alternative estimation methods

within the context of two illustrative examples, MA(1) and ARMA(1,1); and finally,

section 4.6 provides brief summary and conclusions.
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4.1 Introduction

Simulation based estimation techniques can provide an alternative to the con-

ventional maximum likelihood based estimation when the log-likelihood function is

intractable due to the inherent nonlinearities and/or the presence of latent variables

in the structural model. Recently simulation-based estimation methods have been

successfully applied to many diverse areas in economics.1

The general purpose of simulation based estimation methods is to estimate the

parameters of a structural model by simulating data from that model and approximat-

ing a set of moment conditions and then minimizing a GMM type criterion function.

The parameter vector of interest, θ, is estimated by finding the global optima of the

objective function which basically consists of a calibration criteria. There are two cal-

ibration criteria that we can consider: path calibration and moment calibration. Path

calibration simply measures the distance between observed path, yt and simulated

path, ỹt. The moment calibration, on the other hand, measures the distance between

a set of empirical moments computed using yt and ỹt, respectively. Gouriéroux and

Monfort (1996) show that the path calibrated estimator will not generally be consis-

tent. However, there are several consistent moment calibrated estimation methods

that can be employed. In this study we only consider moment calibration based es-

timation methods. These methods differ in their choice of the calibration moments

(hence the criterion function and the optimal weighting matrix).

In what follows we assume that yt(θ) is a vector stochastic process generated

by fully specified structural/stochastic general equilibrium model, M{yt : xt, εt, θ ∈
Θ ⊂ Rp, t = 1, ..., T}, where {xt}T

t=1 is a sequence of observed, strongly exogenous

variables and {εt}T
t=1 is a sequence of random errors with distribution G0. Under

the assumption that {xt}T
t=1 is homogenous Markov process independent of error

1Among these are stochastic volatility models (Andersen, Chung, and Sorensen (1999); Monfar-
dini (1998); Gallant, Hsieh, and Tauchen (1997)), exchange rate models (Bansal, Gallant, Hussey,
and Tauchen (1995)), commodity price and storage models (Michaelides and Ng (2000)), exchange
rate target zone models (Chung and Tauchen (2001)), ARMA models (DeLuna and Genton (2001);
Chumacero (1997), Chumacero (2001); Ghysels, Khalaf, and Vodonou (1994)), one dimensional
SDE models (Cleur and Manfredi (1999)), models with lagged latent variables (Laroque and Salanie
(1993)), real business cycle models (Smith (1993)) and discrete response models (McFadden (1989)).
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terms, and {yt}T
t=1 and {xt}T

t=1 are stationary and ergodic, it is possible to simulate

values of endogenous variable for a given value of structural parameters, θ and initial

conditions.2 The estimation is carried out by minimizing a criterion function of the

following form:

θ̂ = arg min
θ∈Θ

ψ(θ)′W ∗ψ(θ), (4.1)

where θ is p × 1 vector of structural parameters, ψ(θ) is q × 1 moment vector (with

expectation zero) and W ∗ is q× q optimal positive definite weighting matrix. As will

be explained in the following sections simulation based estimation methods differ in

their choice of ψ(θ) and W ∗.

4.2 Simulated Method of Moments

The simulated method of moments (SMM) estimator of θ tries to match the

moments from the observed data to the moments from the simulated data as closely

as possible. Thus the form of the calibration moment conditions is

ψ(θ) = E[m(yt)−m(ỹt(θ))], (4.2)

where m(yt) and m(ỹt(θ)) are moment functions from observed and simulated data

respectively. Replacing the population moment conditions with their sample coun-

terparts we have

ψ(θ) =
1

T

T∑
t=1

m(yt)− 1

N

N∑
t=1

m(ỹt(θ)), (4.3)

where N = TH is the simulation sample size and H > 1 is the simulation con-

stant. Now we can define the SMM estimator, θSMM , as the solution to the following

minimization problem:

θ̂SMM = arg min
θ∈Θ

ψ(θ)′W ∗ψ(θ). (4.4)

The simulations can be seen as approximating the population moments of the struc-

tural model by performing Monte Carlo integration as determined by N−1
∑N

t=1 m(ỹt(θ))

2For notational simplicity we assume that there are no exogenous variables in the structural
model in the following sections.
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(Michaelides and Ng 2000). Lee and Ingram (1991) shows that under certain regu-

larity conditions

1

T

T∑
t=1

m(yt) −→a.s. E[m(yt)] as T →∞,

and
1

N

N∑
t=1

m(ỹt(θ)) −→a.s. E[m(ỹt(θ))] as N →∞.

Under the null hypothesis that the economic model is correct at θ0 these expectations

will be approximately equal to each other:

E[m(yt)] = E[m(ỹt(θ0))].

This means that at the true value of θ, the simulated series, {ỹt(θ0)}N
t=1, will be

drawn from the same distribution as the observed data, {yt}T
t=1 (Lee and Ingram

1991, p.199).

Duffie and Singleton (1993) and Lee and Ingram (1991) show that under certain

regularity conditions the distribution of the SMM estimator will be asymptotically

normal: √
T (θ̂SMM − θ0) −→ N(0, Ω),

where p× p covariance matrix is given by

Ω =

(
1 +

1

H

)(
E

[
∂m(ỹN(θ))

∂θ

]′
I−1
0 E

[
∂m(ỹN(θ))

∂θ

])−1

, (4.5)

where I0 is the long run covariance matrix of m(yt) whose inverse is the optimal

weighting matrix when q ≥ p:

W ∗ = I−1
0 = lim

T→∞
V ar

(
1√
T

T∑
t=1

m(yt)

)−1

. (4.6)

Notice that the asymptotic covariance matrix of the moments is calculated using

only observed data. The optimal weighting matrix, W ∗ converges in probability to a

positive definite matrix and gives the minimum asymptotic covariance matrix for the

SMM estimator.3

3A heteroskedasticity and autocorrelation consistent estimate of the weighting matrix can be
obtained by implementing Newey and West (1987) procedure.
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The derivation of (4.5) requires that ∂m(ỹN (θ))
∂θ

must be continuous in the mean at

θ0 and q×p matrix E
[

∂m(ỹN (θ))
∂θ

]
must exist, be finite and have full column rank (Lee

and Ingram 1991).

A goodness-of-fit test statistic can be formed using the criterion function and the

optimal weighting matrix, i.e., the over-identifying test statistic which converges to a

chi-square distribution with q − p degrees of freedom:

OIDSMM =
TH

1 + H
ψ(θ̂SMM)′W ∗ψ(θ̂SMM) −→d χ2(q − p). (4.7)

4.3 Indirect Inference

In the indirect inference estimation (II) procedure, first proposed by Smith (1993),

Gourieroux, Monfort, and Renault (1993) and Gourieroux and Monfort (1996), the

initial (structural) model is replaced with an approximated, possibly misspecified

auxiliary model. The auxiliary model, denoted MA{yt : β ∈ B ⊂ Rq}, is chosen

to capture the properties of observed data adequately and its estimation is easier to

handle. The auxiliary parameter vector, β, has dimension q which must be greater

than or equal to the dimension of the structural parameter vector θ. The idea of

indirect inference (II) is to match the difference between the parameter estimates of

the auxiliary model evaluated using observed and simulated data. Thus the moment

calibration condition is

ψ(θ) = β̂T (yT )− β̃N(ỹN(θ)), (4.8)

where

β̂T = arg max
β

Q(yT ; β), (4.9)

and

β̃N = arg max
β

Q(ỹN(θ); β), (4.10)

where yT is the actual sample and ỹN is the simulated data. The objective function

Q(yT ; β) is generally taken to be the log-likelihood function of the auxiliary model

and it is assumed that it converges to a deterministic limit Q∞(β, θ) as T → ∞.

This implies that there exists a mapping from the structural model parameters to the
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auxiliary model parameters. Gourieroux, Monfort, and Renault (1993) calls this the

binding function which is defined as

b(θ) = arg max
β∈B

Q∞(β, θ). (4.11)

The binding function is one-to-one and when evaluated at the true value of the struc-

tural parameter vector it will be unique, i.e.,

b(θ0) = β0.

In the II estimation methodology the auxiliary model is presumed to be misspec-

ified and we correct for the misspecification error by simulating data from the struc-

tural model. For a given θ we obtain a sequence of simulated endogenous variables

and evaluate the objective function for the auxiliary model (using equation 4.8). This

gives us an auxiliary model parameter vector induced by a given structural parameter

vector. The structural parameter vector is then adjusted using a minimum distance

criterion (e.g. Hansen (1982)). Gourieroux, Monfort, and Renault (1993) define two

different version of the II estimator. The first one is based on the calibration of β by

averaging over H simulated paths (of size T ):

θ̂II = arg min
θ∈Θ

[
β̂T − 1

H

H∑

h=1

β̃h(θ)

]′
W ∗

[
β̂T − 1

H

H∑

h=1

β̃h(θ)

]
. (4.12)

The second version of the II estimator is based on only one simulated path:

θ̂II = arg min
θ∈Θ

[
β̂T − β̃N(θ)

]′
W ∗

[
β̂T − β̃N(θ)

]
, (4.13)

where W ∗ is the optimal weighting matrix. It is shown in the Appendix 1 of Gourier-

oux, Monfort, and Renault (1993) that the two versions are asymptotically equivalent.

Gourieroux, Monfort, and Renault (1993) show that under usual regularity conditions

the II estimator is asymptotically normal:

√
T (θ̂II − θ0) −→d N(0, Ω),

where

Ω =

(
1 +

1

H

)[
∂b(θ0)

′

∂θ
J0I

−1
0 J0

∂b(θ0)

∂θ

]−1

, (4.14)
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with

I−1
0 = limT→∞V ar

(
1√
T

T∑
t=1

∂Q(yt, β)

∂β

)−1

,

and

J0 = − 1

T

T∑
t=1

∂2Q(yt, β)

∂β∂β′
.

Gourieroux, Monfort, and Renault (1993) show that the optimal weighting matrix is

given by

W ∗ = J0I
−1
0 J0.

If the model includes observed strongly exogenous variables then the optimal weight-

ing matrix is given by

W ∗ = J0(I0 −K0)
−1J0,

where

K0 = lim
T→∞

V ar

(
E

[√
T

T∑
t=1

∂Q(yt, xt; β)

∂β
|xt

])
.

Gourieroux, Monfort, and Renault (1993, Proposition 4, p. S92) also show that the

covariance matrix for the parameter vector (equation 4.14) has another equivalent

form:

Ω =

(
1 +

1

H

)(
E

[
∂2Q(ỹN , β)′

∂θ∂β′

]
(I0 −K0)

−1E

[
∂2Q(ỹN , β)′

∂β∂θ′

])−1

. (4.15)

The expression (4.15) enables us to by-pass taking the first derivative of the binding

function.

In indirect inference the (local) identification of model parameters can be checked

by analyzing the indirect information matrix (Gourieroux and Monfort 1996, p.84):

II(θ) =
∂b(θ)′

∂θ
JI−1J

∂b(θ)

∂θ
. (4.16)

Notice that β̂(θ0) is the direct consistent estimator of b(θ0) and β̃(θ) is direct consistent

estimator of b(θ) (when H is fixed and T → ∞). If II(θ), (4.16), is invertible then

the structural model is locally indirectly identifiable from the auxiliary model. For
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this ∂b(θ)
∂θ

must have full column rank for invertibility. Recall that covariance matrix

for parameters is given by (
1 +

1

H

)
[II(θ0)]

−1.

Thus when H tends to infinity this expression will approach a lower bound (analogous

to the Cramer-Rao lower bound) (Gourieroux and Monfort 1996).

We can summarize the steps involved in the II estimation as follows (also see

Figure 4.1):

1. Setup the structural model M{yt : xt, εt, θ ∈ Θ ⊂ Rp, t = 1, ..., T}, and sum-

marize data by an instrumental auxiliary model MA{yt : β ∈ B ⊂ Rq}, q ≥ p,

2. Obtain β̂ (equation 4.9) using observed data,

3. Initialize θ(j), j = 0; simulate data {ỹt}N
t=1 using M{yt : xt, εt, θ ∈ Θ ⊂ Rp, t =

1, ..., N},

4. Obtain β̃(θ(j)), (equation 4.10), using simulated data,

5. Evaluate minimum distance criterion function, (equation 4.12 or 4.13),

6. Check convergence, terminate if convergence is achieved, otherwise update θ(j),

j = j + 1 and iterate steps (3)-(5).

4.4 Efficient Method of Moments

The efficient method of moments (EMM) estimator, θ̂EMM , chooses θ such that

the expectation of the score function from the auxiliary model is close to zero when

evaluated with the density of the structural model. The expectation under the struc-

tural model of the score function from an auxiliary model is used as the vector moment

conditions. Gallant and Tauchen (1996) proposed this method as a generic way of

choosing which moments to match in a generalized method of moments framework.

The score function is the derivative of the log-likelihood of the auxiliary model with
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Observed Data:
yt

Simulate data from
Structural Model:

M(yt; θ)
Update

θj=j+1

? ?

�

Auxiliary Model:

MA(yt;β)

?
β̂

?
β̃

? ?

Evaluate Criterion Function:

Q = (β̂ − β̃)′W ∗(β̂ − β̃)

?

Convergence Achieved?

? ?

YES NO

6

?

STOP�θ̂II

Figure 4.1: Steps in Indirect Inference
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respect to auxiliary parameters and it is a function of structural and auxiliary model

parameters. Gallant and Tauchen (1996) show that if the auxiliary model encom-

passes (nests) the structural model then the EMM estimator is as efficient as maxi-

mum likelihood estimator. However, if the auxiliary model does not encompass the

structural model but closely approximates its distribution then the EMM estimator

will be nearly fully efficient.

The EMM estimator is defined as the solution to the following optimization prob-

lem:

θ̂EMM = arg min
θ∈Θ

ψ(θ)′W ∗ψ(θ), (4.17)

where the calibration moments are specified as,

ψ(θ) = E

[
∂ log fA

∂β
(ỹt(θ); β̂)

]
=

1

N

N∑
t=1

∂ log fA

∂β
(ỹt(θ); β̂) (4.18)

where Q =
∑T

t=1 log fA(yt; β) is the likelihood function associated with the auxiliary

model (notice that scores are evaluated at the density of the simulated data using β̂,

the auxiliary model parameter vector obtained using the observed data).

The optimal weighting matrix is calculated from the observed data using

W ∗ = I−1
0 = V ar

(
1√
T

T∑
t=1

∂ log fA

∂β
(ỹt(θ); β̂)

)−1

. (4.19)

Under certain regularity conditions the EMM estimator also has a normal distri-

bution,
√

T (θ̂EMM − θ0) →d N(0, Ω), with covariance matrix:

Ω =

(
E

[
∂ψ(ỹt(θ))

∂θ′

]
I−1
0 E

[
∂ψ(ỹt(θ))

∂θ′

])−1

. (4.20)

The EMM estimation is closely related to the indirect inference estimation in

which the difference between the parameters of the auxiliary model obtained by quasi-

maximum likelihood and the parameters obtained from the structural model is min-

imized. In the indirect inference, the predicted parameters of the structural model

are found by calculating the binding function for each simulation of the structural

model. For nonlinear auxiliary models the calculation of the binding function may be

computationally demanding. EMM bypasses the computation of the binding function
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by using the expectation of the scores under the structural model and therefore may

be more computationally efficient. As mentioned by Gallant and Tauchen (2002) for

any given auxiliary model, EMM and II have the same asymptotic distribution, hence

EMM can provide computationally more efficient estimation. Additionally, the imple-

mentation of II with nonlinear auxiliary models will involve two global optimizations:

an outer optimization which involve the minimization of the minimum distance crite-

rion and an inner optimization which involves the maximization of the log-likelihood

function of the auxiliary model. Gallant and Tauchen (2002) emphasize that under

these circumstances the optimization algorithm may be too erratic and it may not

even converge to the global optimum.

4.5 Illustrative Examples

To gain more insight into the mechanics of the three simulation-based estimators

we will consider the estimation of a first order moving average model and ARMA(1,1)

model as illustrative examples. ARMA models are appropriate for this purpose in that

it is possible to compare the results with a fully efficient estimation method (Maximum

Likelihood). Since simulation based estimation methods are initially developed for the

models in which ML estimation is infeasible or very costly, it is attractive to compare

their performance with ML estimators. In the following section, we will compare the

performance of simulation-based estimators to the non-simulation based estimators

(GMM and ML) within the framework of a first-order moving average model.

4.5.1 MA(1) Model

We assume that the econometrician knows that the structural model is MA(1):

yt = µ + et + αet−1 et ∼ N(0, σ2). (4.21)

We are interested in estimating the structural parameter vector θ = (µ, α, σ2)′ by

simulation methods. In addition to three simulation-based estimation methods we
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will consider the ML and GMM estimation for the purposes of comparison.

Maximum Likelihood: The estimation is based on the maximization of the exact

log-likelihood function for MA(1) processes (for a detailed derivation of the

exact log-likelihood function and the associated algorithm see Hamilton (1994,

pp.128-130).

GMM: For the MA(1) model defined in equation 4.21 we have the following moment

conditions:

E[yt] = µ

E[(yt − µ)2] = (1 + α2)σ2

E[(yt − µ)(yt−1 − µ)] = ασ2

E[(yt − µ)(yt−2 − µ)] = 0

E[(yt − µ)(yt−3 − µ)] = 0

(4.22)

Replacing the population moment conditions with their sample counterparts we

have

fT (θ) =




T−1
∑T

t=1 yt − µ

T−1
∑T

t=1(yt − µ)2 − (1 + α2)σ2

T−1
∑T

t=1(yt − µ)(yt−1 − µ)− ασ2

T−1
∑T

t=1(yt − µ)(yt−2 − µ)

T−1
∑T

t=1(yt − µ)(yt−3 − µ)




(4.23)

SMM : For the SMM estimation the mean, variance and the first three autocovari-

ances of yt are considered. The moment conditions are given by:

m(yt) = [yt, (yt − ȳ)2, (yt − ȳ)(yt−1 − ȳ), (yt − ȳ)(yt−2 − ȳ), (yt − ȳ)(yt−3 − ȳ)]′,

where ȳ is the mean of {yt}T
t=1. We simulate a total of N = TH points and try

to match the empirical moments of the observed series with the moments of the

simulated series, m(ỹt).



57

EMM and II: For EMM and II we will consider the AR(3) model as the auxiliary

model whose (average) conditional log-likelihood function is given by:

QT = −1

2
ln(σ2)− 1

2σ2(T − 3)
(Y −Xβ∗)′(Y −Xβ∗),

where Y = (y4, y5, ..., yT )′, X = [1, yt−1, yt−2, yt−3] and β∗ = (β0, β1, β2, β3)
′. Let

β = (β0, β1, β2, β3, σ
2)′ be 5×1 vector of auxiliary model parameters. Recall that

the optimal weighting matrix is given by W ∗ = I−1
0 for EMM and W ∗ = J0I

−1
0 J0

for II. I0 is estimated using a heteroskedasticity and autocorrelation consistent

procedure using appropriate weights:

Î0 = Γ̂0 +
m∑

j=1

[Γ̂j + Γ̂′j]ω(j, m),

where ω(j,m) is the weights, m is the bandwith and

Γ̂0 =
1√

T − 3

T∑
t=4

∂qt

∂β

∂qt

∂β′
,

and

Γ̂j =
1√

T − 3

T∑
i=j+1

∂qt

∂β

∂qt

∂β′
,

where qt is the log-likelihood function in terms of individual observations. Newey

and West (1987) suggested using Bartlett weights (1− j
m+1

).4 In this experiment

the long-run covariance matrix is calculated using the Newey-West procedure

with Parzen weights:

ω(x) =

{
1− 6x2 + 6|x|3, if 0 ≤ |x| ≤ 0.5;

2(1− |x|)3, if 0.5 ≤ |x| ≤ 1,

where x = j
m+1

.

J0 is estimated from the empirical second derivative matrix as

Ĵ0 =
∂2Qt

∂β∂β′
=

(
− 1

(T−3)σ̂2 X
′X 0

0′ − 1
2σ̂4

)
.

4This procedure puts more weights to recent observations.
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The steps followed in this specific Monte Carlo experiment can be summarized as

follows:

1. Specify the true parameter vector as θ0 = (1,−0.5, 1)′ and create 1000 Monte

Carlo samples for {yt}T
t=1 using θ0. We will consider three sample sizes: T =

200, 500, 1000. Standard normal errors are obtained by the randn() command

in MATLAB using a seed value. These series are treated as ”observed” data.

2. Determine the simulation size, N . We will consider three different simulation

sizes N = 2500, 5000, 10000. In each case one simulated path is obtained for

the error series to be used in simulating the endogenous variable and moments.

The same set of error series (but with a different seed value from above) are

used within the minimization algorithm.

3. Estimate model parameters: this gives us a sample of 1000 estimators.

4. Calculate OID test statistics and associated p-values.

5. Calculate the size of the OID test in the Monte Carlo sample. In our experi-

ments the OID test statistic tests if the model is correctly specified, so the null

hypothesis is that the structural model is the true model. We calculated the

number of times OID test statistics rejects the true null hypothesis. This is

done by counting the number of times the p-value from step 4 is smaller than

0.05 (conventional significance level) and dividing the resulting number by the

number of MC replications (1000).

Results

The results from Monte Carlo experiments are summarized in Table 4.1 through

Table 4.5 for different sample and simulation sizes. Table 4.1 shows the results for

T = 200 and N = 2500 with simulation constant H = 12.5. The ML and II seems to

overestimate the MA(1) parameter, α, while SMM, GMM and EMM underestimate

it. As expected the ML estimator of MA(1) parameter is the most efficient of all five

estimators as indicated by the asymptotic standard errors (ASE) and mean squared
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errors (MSE). The ASEs of all estimators are reasonably close to the reported stan-

dard deviations in the Monte Carlo sample. The II estimator is the second most

efficient one after ML, the EMM estimator is the third, GMM is the fourth and the

SMM is the last. The results for σ2 are similar. The SMM estimator is the least

efficient with an ASE of 0.1727. The ASE of II and EMM estimators are 0.0977 and

0.0957, respectively. The GMM and II have the same MSE but the GMM estimator

has larger asymptotic standard error. The mean parameter, µ, is estimated accu-

rately by all methods but SMM again has the largest standard deviation and ASE.

The over-identifying (OID) test statistics have reasonable size properties. The OID

from II estimation has the largest size among simulation-based methods (7%).

It is desirable to see how properties of these estimators change as we keep the

simulation size constant and increase the sample size. The results for T = 500 and

N = 2500 are tabulated in Table 4.2. The ML and II overestimate the MA(1) param-

eter and the II estimator has the smallest ASE among simulation-based estimators.

The EMM estimator has the second smallest ASE but II estimator has the smaller

bias. The properties of estimators are similar for σ2 and µ. The size of OID test

statistic from the II estimation improved to 4.9% from 7%. All OID test statistics

seem to falsely reject the true model less frequently as the sample size increases. As

we further increase the sample size to T = 1000 all estimators perform better in

terms of efficiency and unbiasedness. All simulation-based estimators have the same

MSE (0.0012) but the II and EMM have the smallest ASE (0.0356) and SMM has

the largest ASE, 0.0428. The size of OID test statistics improved for all estimators:

II rejects the true model 3.9% of the time, EMM rejects the true model 3.2% of the

time and SMM rejects the true model 3.6% of the time. We also performed the Monte

Carlo experiment with different simulation sizes (Tables 4.4-4.5). It seems that, at

least for this specific example, the most crucial improvement comes from increasing

the sample size not the simulation size. Figures 4.2, 4.3, and 4.4 plot the kernel den-

sity estimates of all five estimators for different sample sizes (keeping N = 10000).

The figures visualize the accuracy and efficiency of all five estimators and help us

compare the simulation-based estimators to the ML estimator. Again the II and

EMM estimators have the smallest variance among all four estimators. Increasing
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the sample size increases the efficiency and accuracy of all estimators.

4.5.2 ARMA(1,1) Model

In this experiment the structural model is assumed to be an invertible ARMA(1,1)

process:

yt = µ + φyt−1 + et + αet−1 et ∼ N(0, σ2). (4.24)

The purpose is to estimate the structural parameter vector θ = (µ, φ, α, σ2)′ using

simulation-based estimation methods and compare it to the maximum likelihood es-

timation. We will only consider one sample size T = 500 with simulation constant 10

(i.e., N = 5000). The estimation setup is similar to that employed for the estimation

of MA(1) process. The ML estimates are obtained from the conditional log-likelihood

function. The initial value of yt is set to its long-run expected value, y0 = µ/(1− φ)

and the initial value of et is set to its expected value, 0. A finite order AR(p) process

will be used as an auxiliary model for II and EMM. For SMM we will consider first

two central moments and first j autocovariances of yt as sample moment conditions.

Results

The summary statistics from 1000 Monte Carlo samples are tabulated in Table 4.6.

The true parameter vector is θ = (1, 0.8,−0.5, 1)′. The lag length for the auxiliary

model is set to p = 4. Since this setup is similar to the MA(1) estimation methodology

that employed above we will not repeat the details here. The mean of the process, µ,

was underestimated by ML and overestimated by all simulation-based estimators. The

II estimator has the smallest ASE after ML followed by EMM and SMM. The AR(1)

parameter, φ, was overestimated by ML and underestimated by all three simulation-

based estimators. The EMM estimator has the smallest ASE after ML followed by II

and SMM. The MA(1) parameter, α, is most accurately estimated by the II estimator

which has the smallest bias and ASE among all other simulation-based estimators.
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The results for the variance, σ2, are similar. The II estimator has the smallest bias

but the EMM estimator is more efficient in terms of ASE. The OID test statistics

have reasonable size properties. It seems that the II estimation procedure rejects the

true model incorrectly 6.1% of the time in a Monte Carlo sample of 1000. The sizes

of SMM and EMM OID test statistics are 2.9% and 4.7%, respectively. Also Figures

4.5 and 4.6 show the kernel density estimates of ARMA(1,1) model parameters. All

simulation-based estimators have very close density estimates, however as compared

to the ML density they seem to be less efficient. As we have shown in the previous

section, increasing the sample and simulation size can improve the properties of the

simulation-based estimators.
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4.6 Conclusion

This chapter provides a summary of recently developed simulation-based estima-

tion methods. It has been pointed out that these methods can be extremely useful if

the structural model leads to an intractable log-likelihood function and/or the GMM

moment conditions are not available explicitly. Simulation-based estimation technol-

ogy provides applied researchers with a new set of tools that enable econometricians

to estimate parameters of interest which are otherwise not estimable by conventional

methods. Spatial price equilibrium models (Chapter 2) fall into this category.

This chapter also provided two ARMA experiments utilizing simulation methods

in order to see how these methods work in a controlled setting. These examples are

illustrative in that it was possible to compare their performance with each other as

well as with a fully efficient estimation procedure, ML. The results suggest that the

performance of II and EMM were about similar to each other and comparable to ML.

SMM seemed to be ranked behind II and EMM but its performance was comparable

to GMM. The illustrative examples also implied that the major improvement in terms

of precision and accuracy of parameter estimates comes from increasing the sample

size. Increasing the simulation size can provide some improvement but it is negligible

after a certain simulation size has been reached.

The methods reviewed in this chapter will be applied to the spatial price equilib-

rium models in the following chapters.
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Table 4.1: MA(1) Results, T=200, N=2500

Mean (A.S.E) Median Std Dev Bias MSE
α

ML -0.5124 (0.0621) -0.5107 0.0627 -0.0124 0.0041
GMM -0.4972 (0.0807) -0.4934 0.0699 0.0028 0.0049
SMM -0.4962 (0.0870) -0.4939 0.0715 0.0038 0.0051

II -0.5112 (0.0687) -0.5062 0.0715 -0.0112 0.0052
EMM -0.4942 (0.0691) -0.4914 0.0712 0.0058 0.0051

σ2

ML 0.9888 (0.0988) 0.9867 0.1007 -0.0112 0.0103
GMM 0.9675 (0.1045) 0.9604 0.1036 -0.0325 0.0118
SMM 0.9281 (0.1727) 0.9222 0.1129 -0.0719 0.0179

II 0.9798 (0.0977) 0.9746 0.1067 -0.0202 0.0118
EMM 0.9515 (0.0957) 0.9473 0.1072 -0.0485 0.0139

µ
ML 1.0004 (0.0344) 0.9990 0.0360 0.0004 0.0013

GMM 0.9998 (0.0465) 0.9995 0.0369 -0.0002 0.0014
SMM 0.9594 (0.1471) 0.9634 0.0533 -0.0406 0.0045

II 1.0006 (0.0385) 1.0006 0.0380 0.0006 0.0014
EMM 1.0006 (0.0387) 1.0008 0.0381 0.0006 0.0014

OID Mean Std Dev Size

GMM 2.0479 1.8838 0.050
SMM 2.0355 1.8519 0.043

II 2.2794 2.3375 0.070
EMM 2.0081 1.9129 0.044

Notes: Monte Carlo experiment results for yt = µ + αet−1 + et, et ∼ N(0, σ2). Sample size is 500

and the simulation size is 2500. The true parameter vector is θ = (α = −0.5, σ2 = 1, µ = 1)′. The

auxiliary model is AR(3) for II and EMM. A.S.E is the asymptotic standard errors (average over

MC sample). OID is over-identifying restrictions test statistics which is distributed as χ2(2) in all

cases. The nominal α-level used in the size calculation is 5%.
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Table 4.2: MA(1) Results, T=500, N=2500

Mean (A.S.E) Median Std Dev Bias MSE
α

ML -0.5041 (0.0389) -0.5037 0.0393 -0.0041 0.0016
GMM -0.4972 (0.0507) -0.4962 0.0430 0.0028 0.0019
SMM -0.4962 (0.0565) -0.4963 0.0460 0.0038 0.0021

II -0.5027 (0.0463) -0.5030 0.0459 -0.0027 0.0021
EMM -0.4954 (0.0465) -0.4961 0.0459 0.0046 0.0021

σ2

ML 0.9921 (0.0627) 0.9882 0.0658 -0.0079 0.0044
GMM 0.9836 (0.0671) 0.9807 0.0670 -0.0164 0.0048
SMM 0.9658 (0.1179) 0.9641 0.0758 -0.0342 0.0069

II 0.9895 (0.0673) 0.9861 0.0731 -0.0105 0.0055
EMM 0.9769 (0.0666) 0.9743 0.0737 -0.0231 0.0060

µ
ML 1.0002 (0.0221) 1.0007 0.0221 0.0002 0.0005

GMM 1.0001 (0.0296) 1.0006 0.0224 0.0001 0.0005
SMM 0.9832 (0.0994) 0.9837 0.0288 -0.0168 0.0011

II 1.0007 (0.0262) 1.0007 0.0247 0.0007 0.0006
EMM 1.0007 (0.0263) 1.0008 0.0247 0.0007 0.0006

OID Mean Std Dev Size

GMM 1.9511 1.9065 0.045
SMM 1.9328 1.8644 0.037

II 1.9890 2.0551 0.049
EMM 1.8754 1.8268 0.037

Notes: Monte Carlo experiment results for yt = µ + αet−1 + et, et ∼ N(0, σ2). Sample size is 500

and the simulation size is 2500. The true parameter vector is θ = (α = −0.5, σ2 = 1, µ = 1)′. The

auxiliary model is AR(3) for II and EMM. A.S.E is the asymptotic standard errors (average over

MC sample). OID is over-identifying restrictions test statistics which is distributed as χ2(2) in all

cases. The nominal α-level used in the size calculation is 5%.
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Table 4.3: MA(1) Results, T=1000, N=2500

Mean (A.S.E) Median Std Dev Bias MSE
α

ML -0.5027 (0.0274) -0.5031 0.0270 -0.0027 0.0007
GMM -0.4989 (0.0358) -0.4985 0.0448 -0.0055 0.0020
SMM -0.4980 (0.0428) -0.4970 0.0342 0.0020 0.0012

II -0.5020 (0.0356) -0.5008 0.0339 -0.0020 0.0012
EMM -0.4977 (0.0356) -0.4965 0.0341 0.0023 0.0012

σ2

ML 0.9986 (0.0446) 0.9994 0.0444 -0.0014 0.0020
GMM 0.9945 (0.0481) 0.9948 0.0448 -0.0055 0.0020
SMM 0.9836 (0.0914) 0.9853 0.0553 -0.0164 0.0033

II 0.9982 (0.0523) 0.9991 0.0537 -0.0018 0.0029
EMM 0.9906 (0.0520) 0.9911 0.0541 -0.0094 0.0030

µ
ML 1.0000 (0.0157) 1.0002 0.0156 0.0000 0.0002

GMM 1.0001 (0.0209) 1.0006 0.0156 0.0001 0.0002
SMM 0.9905 (0.0762) 0.9912 0.0212 -0.0095 0.0005

II 1.0006 (0.0202) 1.0005 0.0190 0.0006 0.0004
EMM 1.0006 (0.0202) 1.0006 0.0190 0.0006 0.0004

OID Mean Std Dev Size

GMM 1.9096 1.8730 0.040
SMM 1.9329 1.8599 0.036

II 1.9364 1.9073 0.039
EMM 1.8816 1.8070 0.032

Notes: Monte Carlo experiment results for yt = µ + αet−1 + et, et ∼ N(0, σ2). Sample size is 500

and the simulation size is 2500. The true parameter vector is θ = (α = −0.5, σ2 = 1, µ = 1)′. The

auxiliary model is AR(3) for II and EMM. A.S.E is the asymptotic standard errors (average over

MC sample). OID is over-identifying restrictions test statistics which is distributed as χ2(2) in all

cases. The nominal α-level used in the size calculation is 5%.
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Table 4.4: Effects of Increasing the Simulation Size, N = 5000

T = 200, N = 5000 T = 500, N = 5000 T = 1000, N = 5000
Mean
(a.s.e)

Std MSE Mean
(a.s.e)

Std MSE Mean
(a.s.e)

Std MSE

α
SMM -0.497

(0.085)
0.070 0.005 -0.497

(0.054)
0.045 0.002 -0.498

(0.0397)
0.032 0.001

II -0.511
(0.067)

0.070 0.005 -0.503
(0.044)

0.044 0.002 -0.502
(0.033)

0.032 0.001

EMM -0.495
(0.068)

0.070 0.005 -0.496
(0.044)

0.044 0.002 -0.498
(0.033)

0.032 0.001

σ2

SMM 0.930
(0.169)

0.112 0.017 0.968
(0.113)

0.074 0.007 0.986
(0.085)

0.051 0.003

II 0.980
(0.096)

0.105 0.011 0.990
(0.064)

0.070 0.005 0.998
(0.048)

0.049 0.002

EMM 0.952
(0.094)

0.105 0.013 0.978
(0.064)

0.071 0.005 0.992
(0.048)

0.050 0.003

µ
SMM 0.960

(0.144)
0.052 0.004 0.984

(0.095)
0.027 0.001 0.992

(0.071)
0.019 0.001

II 1.001
(0.038)

0.038 0.001 1.000
(0.025)

0.023 0.001 1.000
(0.019)

0.017 0.000

EMM 1.000
(0.038)

0.038 0.001 1.000
(0.025)

0.023 0.001 1.000
(0.019)

0.017 0.000

OID Mean Size Mean Size Mean Size
SMM 2.065 0.045 1.976 0.045 1.953 0.039
II 2.305 0.074 2.026 0.053 1.946 0.038
EMM 2.031 0.046 1.913 0.039 1.894 0.032

Notes: Monte Carlo experiment results for yt = µ + αet−1 + et, et ∼ N(0, σ2). The true parameter

vector is θ = (α = −0.5, σ2 = 1, µ = 1)′. The auxiliary model is AR(3) for II and EMM. A.S.E is

the asymptotic standard errors (average over MC sample). OID is over-identifying restrictions test

statistics which is distributed as χ2(2) in all cases. The nominal α-level used in the size calculation

is 5%.
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Table 4.5: Effects of Increasing the Simulation Size, N = 10000

T = 200, N = 10000 T = 500, N = 10000 T = 1000, N = 10000
Mean
(a.s.e)

Std MSE Mean
(a.s.e)

Std MSE Mean
(a.s.e)

Std MSE

α
SMM -0.497

(0.084)
0.069 0.004 -0.497

(0.053)
0.044 0.0019 -0.499

(0.038)
0.031 0.001

II -0.511
(0.095)

0.069 0.005 -0.503
(0.043)

0.043 0.002 -0.502
(0.032)

0.031 0.001

EMM -0.495
(0.067)

0.069 0.005 -0.496
(0.043)

0.043 0.002 -0.499
(0.031)

0.031 0.001

σ2

SMM 0.930
(0.168)

0.110 0.017 0.967
(0.110)

0.072 0.006 0.987
(0.081)

0.049 0.003

II 0.979
(0.095)

0.104 0.011 0.989
(0.063)

0.068 0.005 0.998
(0.046)

0.048 0.002

EMM 0.952
(0.093)

0.105 0.013 0.978
(0.062)

0.069 0.005 0.992
(0.046)

0.048 0.002

µ
SMM 0.960

(0.143)
0.052 0.004 0.985

(0.093)
0.026 0.001 0.992

(0.068)
0.018 0.001

II 1.000
(0.037)

0.037 0.001 1.000
(0.025)

0.023 0.001 1.000
(0.018)

0.016 0.000

EMM 1.000
(0.038)

0.037 0.001 1.000
(0.025)

0.023 0.001 1.000
(0.018)

0.016 0.000

OID Mean Size Mean Size Mean Size
SMM 2.080 0.052 1.974 0.044 1.939 0.037
II 2.324 0.073 2.024 0.055 1.931 0.046
EMM 2.045 0.047 1.910 0.042 1.877 0.034

Notes: Monte Carlo experiment results for yt = µ + αet−1 + et, et ∼ N(0, σ2). The true parameter

vector is θ = (α = −0.5, σ2 = 1, µ = 1)′. The auxiliary model is AR(3) for II and EMM. A.S.E is

the asymptotic standard errors (average over MC sample). OID is over-identifying restrictions test

statistics which is distributed as χ2(2) in all cases. The nominal α-level used in the size calculation

is 5%.
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Table 4.6: ARMA(1,1) Results, T=500, N=5000

Mean (A.S.E) Median S.D. Bias MSE
µ

ML 0.9822 (0.2568) 0.9575 0.2423 -0.0178 0.0590
SMM 1.0527 (0.3379) 1.0255 0.3104 0.0527 0.0992

II 1.0538 (0.3095) 1.0300 0.3206 0.0538 0.1057
EMM 1.0735 (0.3101) 1.0453 0.3171 0.0735 0.1060

φ
ML 0.8043 (0.0511) 0.8069 0.0484 0.0043 0.0024

SMM 0.7863 (0.0655) 0.7913 0.0630 -0.0137 0.0042
II 0.7892 (0.0617) 0.7940 0.0640 -0.0108 0.0042

EMM 0.7853 (0.0618) 0.7907 0.0633 -0.0147 0.0042
α

ML -0.5098 (0.0745) -0.5098 0.0737 -0.0098 0.0055
SMM -0.4865 (0.1042) -0.4861 0.0901 0.0135 0.0083

II -0.4935 (0.0905) -0.4949 0.0918 0.0065 0.0085
EMM -0.4828 (0.0906) -0.4826 0.0900 0.0172 0.0084

σ2

ML 0.9987 (0.0632) 0.9961 0.0670 -0.0013 0.0045
SMM -0.4865 (0.1042) -0.4861 0.0901 0.0135 0.0083

II 0.9901 (0.0644) 0.9865 0.0686 -0.0099 0.0048
EMM 0.9780 (0.0639) 0.9747 0.0695 -0.0220 0.0053

OID Mean Size
SMM 1.7553 0.029

II 2.0720 0.061
EMM 1.9530 0.047

Notes: Monte Carlo experiment results for yt = µ + φyt−1 + et + αet−1, et ∼ N(0, σ2). Sample

size is 500 and the simulation size 5000. The true parameter vector is θ = (µ = 1, φ = 0.8, α =

−0.5, σ2 = 1)′. The auxiliary model is AR(4) for II and EMM. For SMM the auto-covariance lag

length is set to 4. The ML estimates are obtained from the conditional log-likelihood function for

the ARMA(1,1) process. A.S.E is the asymptotic standard errors (average over MC sample). OID

is over-identifying restrictions test statistics which is distributed as χ2(2) in all cases. The nominal

α-level used in the size calculation is 5%.
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Figure 4.2: Kernel Density Estimates for MA(1) Model, T=200, N=10000

Notes: Vertical line represents true value. Monte Carlo sample size is 1000 in each case. Kernel type

is Epanechnikov.
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Figure 4.3: Kernel Density Estimates for MA(1) Model, T=500, N=10000

Notes: Vertical line represents true value. Monte Carlo sample size is 1000 in each case. Kernel type

is Epanechnikov.
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Figure 4.4: Kernel Density Estimates for MA(1) Model, T=1000, N=10000

Notes: Vertical line represents true value. Monte Carlo sample size is 1000 in each case. Kernel type

is Epanechnikov.
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Figure 4.5: Kernel Density Estimates for ARMA(1,1) Model, T=500, N=5000

Notes: Vertical line represents true value. Monte Carlo sample size is 1000 in each case. Kernel type

is Epanechnikov.



73

−0.8 −0.7 −0.6 −0.5 −0.4 −0.3 −0.2 −0.1 0 0.1 0.2
0

1

2

3

4

5

6
α

ML
SMM
IND
EMM

0.75 0.8 0.85 0.9 0.95 1 1.05 1.1 1.15 1.2 1.25
0

1

2

3

4

5

6
σ

ML
SMM
IND
EMM

Figure 4.6: Kernel Density Estimates for ARMA(1,1) Model, T=500, N=5000

Notes: Vertical line represents true value. Monte Carlo sample size is 1000 in each case. Kernel type

is Epanechnikov.
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Chapter 5

Simulation Approach to Switching

Regime Models

5.1 Introduction

The switching regime approach to market integration was discussed in Chapter 3.

Spiller and Wood (1988b) developed the switching regime methodology to estimate

the level of transaction costs in arbitrage models. It relies on a two-region structural

price determination model with three unknown regimes: (1) arbitrage from location 1

to location 2; (2) arbitrage from location 2 to location 1 and (3) no trade (autarky).1

In this approach the probability of arbitrage and the level of transaction costs de-

termine the degree of market integration (Spiller and Wood (1988b), p. 310). The

underlying variables are the autarky price differential and transaction costs (which

need not be symmetric) and the observed price differential is modelled as a mixture

of the assumed distributions of these latent variables. Spiller and Wood (1988b) con-

1Spiller and Huang (1986) developed a similar model with two regimes which is more appropriate
for cases in which one location’s price is always greater than the other location’s price.
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sidered normal distribution for the autarky price differential and truncated normal,

gamma, beta, and log-normal distributions for the transaction costs. The assumption

of no serial correlation and cross-correlation among the underlying variables facilitates

the maximum likelihood estimation of regime probabilities and structural parameters.

However, the autarky price differential as well as transaction costs may be subject

to serial correlation as mentioned by Spiller and Wood (1988b) (p. 311 footnote 6).

Recently Kleit (2001b) incorporated serial correlation in the autarky price differential

but he assumed that transaction costs are truncated normal variables.

This chapter provides a simulation-based estimation methodology when underly-

ing variables are serially correlated. Cross-correlation can also be incorporated into

the model using this approach. Similar to the Spiller and Wood (1988b) methodol-

ogy, the price differential is assumed to be a mixture of underlying distributions. The

autarky price differential is modelled as a serially correlated stationary process with

normal long-run distribution. Transaction costs are also serially correlated with a

log-normal ergodic distribution. Under these assumptions maximum likelihood esti-

mation is not feasible since the log-likelihood function is not tractable analytically or

using quadrature methods. There are several simulation-based estimation methods

available. We propose using simulated method of moments in which a set of sample

moments of the observed price differential is matched to its simulated counterparts

by minimizing a GMM-type criterion function. After the structural parameters are

estimated the frequency of each regime is calculated using Monte Carlo integration

or quadrature methods. The next section discusses the details of this estimation pro-

cedure. In section 5.3 three sets of Monte Carlo experiments are carried out to assess

the performance of the proposed methodology in a controlled environment. Section

3.4 provides empirical applications of the simulation estimation strategy to selected

US and NC local soybean markets. Section 3.5 provides summary and conclusions.
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5.2 Switching Regime Model with Serial Correla-

tion

There are two locations and the problem of interest is to find the extent the two

markets are integrated. The two locations are assumed to be direct trade partners and

they are not connected with each other through one or more locations. In this case the

switching regime methodology is not appropriate. We also assume that transaction

costs are not increasing as the shipments increase. Under these circumstances we can

ignore the excess demand parameters (bis) since they do not have any effect on the

measure of market integration.

Let dt = a1t−a2t be the autarky price differential at time t and let arbitrage costs

and the autarky price differential follow a first-order AR process,

dt = α0 + α1dt−1 + εt, εt ∼ N(0, σ2
ε ), (5.1)

log(r21t) = β0 + β1 log(r21t−1) + η1t, η1 ∼ N(0, σ2
η1

), (5.2)

log(r12t) = π0 + π1 log(r12t−1) + η2t, η2 ∼ N(0, σ2
η2

), (5.3)

where |α1| < 1, |β1| < 1 and |π1| < 1. Also let zt = (dt, r21t, r12t)
′ and yt = p1t −

p2t (observed price differential). Now the model has the following switching regime

structure with exogenous latent variables:

yt =





r21t, if dt − r21t > 0;

r12t, if −dt − r12t > 0;

dt, if −r12t ≤ dt ≤ r21t.

(5.4)

Or more conveniently we can just write,

yt =

{
min(dt, r21t), if dt > 0;

−min(−dt, r12t), if dt < 0.
(5.5)

To see the complexity of the log-likelihood function under these assumptions let

us introduce some notation.2 Define a regime indicator (based on equation 5.5) such

2The following analysis is based on Lee (1997b), Lee (1997a) and Laroque and Salanie (1993). The
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that

It =





1, if yt = dt;

2, if yt = r21t;

3, if yt = r12t.

(5.6)

At each time period one of three latent variables will be observed. Let z∗t be a 2× 1

vector of unobserved states at any given t, i.e.,

z∗t =





(r21t, r12t)
′, if It = 1;

(dt, r12t)
′, if It = 2;

(dt, r21t)
′, if It = 3.

(5.7)

Following the notation of Lee denote the samples as ȳt = (y1, . . . , yT ), Īt = (I1, . . . , IT )

and z̄∗t = (z∗1 , . . . , z
∗
T ). Denoting the joint density of ȳt, Īt, and z̄∗t by f(ȳt, Īt, z̄

∗
t ) the

log-likelihood function of the observed price differential ȳT is given by

f(ȳT ) =
3∑

IT =1

...

3∑
I1=1

∞∫

yT

...

∞∫

y1

f(ȳt, Īt, z̄
∗
t |It−1)dz∗1 ...dz∗T . (5.8)

This likelihood function involves T -fold integrals and 3T summations of regime paths

and therefore neither analytically nor computationally tractable. Each regime path is

unique and involves high dimensional integrals. Regimes are endogenously determined

and there are 3T different regime paths that can emerge. The econometrician (and

perhaps the market participants to some extent) does not know what the regime

at time t is. Since we do not have this information we need to integrate out the

unobserved latent variables (given a regime path) in equation (5.8). Given that

maximum likelihood is not feasible a simulation based estimation strategy seems to

be a natural alternative.

The structural parameter vector is θ = (α0, α1, σε, β0, β1, ση1 , π0, π1, ση2)
′. The es-

timation strategy involves two steps. First we need to estimate the model parameters

using an appropriate moment calibration conditions. Then using the parameter esti-

mates (which define an ergodic distribution for the underlying variables) the regime

regime switching structure here is similar to disequilibrium models of supply and demand analyzed
by Laroque and Salanie (1993). In these models the observed quantity in the market is the minimum
of supply and demand but it is not known if the market is in the excess demand or excess supply
state.
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probabilities can be calculated using simple Monte Carlo integration methods. We

now need to decide which moment calibration method to use. Notice that in this

model individual prices cannot be simulated separately, instead we simulate the price

differential. Thus it seems appropriate to use an auxiliary model or moments that

can summarize the mixture distribution nature of the observed price differential, yt.

We can use simulated method of moments3 (i.e., ψ(θ) = E[m(yt) −m(ỹt(θ))]) with

sample moment function:

m(yt) = [yt, (yt − µ)i, (yt − µ)(yt−j − µ)]′, i = 2, 3, 4; j = 1, ..., J, (5.9)

where µ is the sample mean of yt. After we estimate θ we can approximate the implied

measure of market integration φ(θ) =
∫

h(z(θ))f̃(z)dz using quadrature methods.

The indicator function will have the following form

h1(zt(θ)) =

{
1, if dt − r21t > 0;

0, if otherwise.
(5.10)

h2(zt(θ)) =

{
1, if −dt − r12t > 0;

0, if otherwise.
(5.11)

h3(zt(θ)) =

{
1, if −r12t ≤ dt ≤ r21t;

0, if otherwise.
(5.12)

where subscript under h(.) represents columns.

Under the assumption of stationarity and ergodicity dt has normal (unconditional)

distribution and rt has lognormal (unconditional) distribution. The ergodic mean and

variance of zt are given by4

E[z1t] = e
α0

1−α1
+

σ2
ε

2(1−α2
1) , V [z1t] = e

2α0
1−α1

+
σ2

ε
1−α2

1

(
e

σ2
ε

1−α2
1 − 1

)
, (5.13)

E[z2t] = e
β0

1−β1
+

σ2
η1t

2(1−β2
1) , V [z2t] = e

2β0
1−β1

+
σ2

η1t
1−β2

1

(
e

σ2
η1t

1−β2
1 − 1

)
, (5.14)

3We could also use indirect inference or efficient method of moments with an auxiliary model (
such as AR(p)) for the observed price differential. The advantage of using SMM is that all aspects
of the observed sample, including higher moments, will be matched.

4For the derivation of the moments see Shimizu and Crow (1988), p.11-13.
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E[z3t] = e
π0

1−π1
+

σ2
η2t

2(1−π2
1) , V [z3t] = e

2π0
1−π1

+
σ2

η2t
1−π2

1

(
e

σ2
η2t

1−π2
1 − 1

)
. (5.15)

5.3 Monte Carlo Experiments

In this section we perform a set of Monte Carlo experiments to evaluate the per-

formance of the estimation strategy outlined above. The purpose of these controlled

experiments is to assess the usefulness of simulation based estimation methods to

estimate the measure of market integration.

The Monte Carlo simulation analyses will be carried out for three sets of true

structural parameters that will lead to low, medium, and high market integration mea-

sures. The purpose of using three different sets of true structural parameter vectors

is that it will enable us to assess the ability of the proposed estimation methodology

in identifying the possible regimes.

The following information is common to all Monte Carlo experiments performed

below:

• Dynamic latent processes are given by equations (5.1). The structural parame-

ter vector is θ = (α0, α1, σε, β0, β1, ση1 , π0, π1, ση2)
′;

• Moment conditions are given by equation (5.9). The autocovariance lag length

is chosen as J = 8. Hence there are 12 moment conditions and 3 degrees of

freedom for the over-identifying restrictions test;

• Sample size is T = 1000;

• Simulation size is N = 5T (to be used within the minimization algorithm to

approximate the sample moment conditions);

• Total number of Monte Carlo replications is M = 500;

• φ(θ) is calculated as the expectation of equations (5.10-5.12) using quadrature

methods.
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All simulation-based estimation methods require global optimization of the crite-

rion function. In our experiments we use Nelder-Mead direct search algorithm with

true parameter values as the starting values. Since analytical expressions for the

derivatives of the criterion function with respect to structural parameters do not ex-

ist we cannot use quasi Newton methods. Using numerical derivatives as if they were

analytical derivatives within a quasi Newton algorithm can also be used with caution.

The caveat is that in addition to numerical approximation errors there will be sim-

ulation errors coming from the Monte Carlo simulation of the moment conditions.5

In our implementation we first use quasi-Newton with numerical derivatives in the

first step and then search the parameter space with Nelder-Mead algorithm using

quasi-Newton solution as the starting values.

Steps involved in the following experiments can be summarized as follows:

1. Setup θ0, initialize MC replication m=1;

2. Draw {εt}T
t=1 using seed1 + m;

3. Simulate {zt}T
t=1 and {yt}T

t=1 (to be regarded as the “true” data set);

4. Evaluate auxiliary model fA(yt; β) or moments m(yt, θ0);

5. Initialize the minimization algorithm by θ̂(j), j = 0;

6. Draw {εt}N
t=1 using seed2 + m;

7. Simulate {z̃t}N
t=1 and {ỹt}N

t=1;

8. Evaluate the auxiliary model or moments using the simulated data;

9. Evaluate criterion function;

10. Iterate steps (5)-(9) until a predetermined convergence criteria is satisfied, j =

j + 1;

11. Calculate the over-identifying restrictions test (if possible);

5For a more in depth discussion of quasi-Newton optimization methods with numerical derivatives
see Gill, Murray, and Wright (1981), Chapter 4, p.127.
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12. Replicate steps (1)-(10) M times, m = 1, ..., M .

All calculations were carried out using MATLAB. The pseudo-random error se-

quences are generated using the randn() function in MATLAB.

The summary of experiment results follows.

5.3.1 CASE 1: Low Market Integration

The true parameter vector is θ0 = (.1, .3, .2, .8, .6, .6, 1.0, .5, .4)′. The vector of

regime frequencies using the true structural parameters is

φ(θ0) =




.1756

.1079

.7165


 . (5.16)

Recall that we formulated the regime probabilities as

φ(θ) = (φ2→1, φ1→2, φautarky).

We can think of the two locations as both production and consumption regions.

However, they do not engage in arbitrage activity often, as reflected by the high

probability of autarky state.

The results from 500 Monte Carlo replications are tabulated in Table 5.1. The

simulated method of moments estimate of θ seems to be unbiased with β0 having

the largest upward bias. All other parameters have small downward biases except

α0 whose bias is .0068. The small sample properties of the proposed simulation esti-

mators are also visualized in Figures (5.1) through (5.3) which display the smoothed

density estimates for each parameter.

The root mean squared errors (RMSE) associated with the regime 3 (autarky),

i.e., (α0, α1, σε)
′ are calculated as .0374, .04 and .0608, respectively. Also asymptotic

standard errors (ASE) for the parameters of dt, the autarky price differential, are

calculated as .0332, .0366 and .0847, respectively. Recall that the sample contains

more information on dt than r21t and r12t as we deliberately chose the parameters so
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that the two locations do not trade most of the time. The ASE of α0 is .0332 which

is close to the sample standard deviation (SD), .0367. Also α1 has ASE .0366 with

corresponding S.D. .0384. Although the total number of Monte Carlo replications is

not very large (500) the ASEs and SDs seem to be comparable for these parameters.

However, the ASEs for β0 and β1 are not very close to the sample standard deviations.

Overall, the proposed simulation estimator for θ seems to be working reasonably well.

The estimates of the regime probabilities directly depends on the parameter es-

timates. Using quadrature approximation to the implied ergodic distribution of la-

tent variables the probability estimates are calculated as .1720 for regime 1, .1024 for

regime 2 and .7256 for regime 3. The autarky regime seems to be overestimated while

φ21 and φ12 are underestimated. RMSEs of all regime probabilities are remarkably

small. Figure (5.4) displays the density estimates for regime probabilities.

The approach also leads to a χ2 test statistic that can be used to test if the moment

conditions are correct. This is the SMM counterpart of the GMM over-identifying

restrictions test (OID).6 The average OID test statistic in the Monte Carlo sample is

4.5875 with 3 degrees of freedom. The size of the OID test statistic7 is calculated as

.138 using nominal α = .05. The simulation based estimation methods are known to

lead to excessive over-rejections of the true model. With α = .01 the size is .018.

Figures (5.5) and (5.6) show the density estimates of the underlying variables and

the observed price differential, respectively. The parameter estimates seem to provide

a reasonably good approximation to the ergodic distribution of the price differential.8

6See Chapter 4 for the calculation of this test statistic.
7This is calculated as the total number of times we reject the null hypothesis (pval < α) that the

structural model is correct divided by the total number of samples created, 500.
8These density estimates are based on the mean θ̂ with 10000 points in the simulated paths.
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5.3.2 CASE 2: Medium Market Integration

The true parameter vector for this experiment is θ0 = (.1, .2, .2, .8, .5, .6, 1.8, .5, .4)′.

The regime probabilities using the true structural parameters is approximated as

φ(θ0) =




.3516

.2265

.4218


 . (5.17)

The results from 500 Monte Carlo replications are tabulated in Table 5.2 and

density estimates for the parameters are shown in Figures (5.7-5.9). All parameters

are underestimated except α0 and β0. The results are similar to the low market

integration case. One important difference is that the asymptotic standard errors

associated with autarky price differential are now larger than the first case. ASEs for

the parameters associated with the autarky price differential are calculated as .0545,

.0385 and .1891 (compare to .0332, .0366 and .0847 from the low market integration

case). This is to be expected as the locations are now in autarky regime 42.18% of

the time. As compared to the low integration case (high autarky regime case) ASEs

and SDs for the parameters of regimes 1 and 2 seem to be improved. The ASEs of

β0, β1 and σeta1 are now .3549, .6853 and .2342 (compare to 1.0415, 1.1634 and .5739

in the low integration case).

The estimates for the regime probabilities are (.3408, .2278, .4314). As shown

at the bottom of the Table (5.2) the RMSEs are reasonably small. Regime 1 was

underestimated by .0108 and regime 2 and 3 are both over-estimated with biases .0013

and .0095, respectively (also see Figure (5.10) for the density estimates of φ(θ̂)).

The mean of the OID test statistic is 5.0678. At α = .05 the size of the OID test

statistic is calculated as .142 for the medium market integration case. This is also

similar to the first experiment. The size of OID is .042 when α = .01.

Figures (5.11-5.12) further visualize the simulation approximation to the latent

and observed variables. θ̂ provides a good approximation to the observed price dif-

ferential and latent variables.
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5.3.3 CASE 3: High Market Integration

The true parameter vector is θ0 = (.4, .1, .1, .8, .6, .5, 2.0, .5, .4)′. The regime prob-

abilities using the true structural parameters is

φ(θ0) =




.5505

.1568

.2927


 . (5.18)

In this experiment the two locations are connected by trade over 70% of the time.

The results from 500 Monte Carlo replications are tabulated in 5.3. Except for α0

and β0, all parameters were under-estimated. The ASEs seem to have increased for

the parameters of dt. However, comparing to the low and medium market integration

cases, ASEs for the parameters of r21t are now smaller: .1328, .2850 and .1237 for β0,

β1 and ση1 , respectively. Again this is to be expected as the sample now contains less

information on autarky price differential and more information on arbitrage costs.

This can also be seen by comparing the density estimates of the parameters (see

Figures 5.13-5.15) to the ones for the Case 1 and Case 2.

The average regime probabilities implied by θ̂ are approximated as .5404 for the

regime 1, .1602 for the regime 2 and .2993 for the regime 3. Similar to the previous

experiments the regime 1 is under-estimated while regime 2 and 3 are overestimated

slightly. The RMSEs for each probability are reasonably small. The smoothed density

estimates for the regime frequencies are displayed in Figure 5.16.

The average OID test statistic is 5.3499 with size .204 at α = 0.05 in this experi-

ment. Again the approach exhibits excessive over-rejections.

Figures (5.17-5.18) further visualize the simulation approximation to the latent

and observed variables. Similar to the previous cases, θ̂ provides a good approximation

to the observed price differential and latent variables.
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Table 5.1: Monte Carlo Simulation Results for Case 1: Low Market Integration

Parameter Mean
(ASE)

Median Min Max SD Bias RMSE

α0 .1068
(.0332)

.1056 -.0124 .2707 .0367 .0068 .0374

β0 .3154
(1.0415)

.3095 .1215 .8201 .0638 .0154 .0656

π0 .1972
(.0825)

.1969 .0752 .3636 .0351 -.0028 .0346

α1 .7872
(.0366)

.7888 .6687 .8801 .0384 -.0128 .0400

β1 .5999
(1.1634)

.6009 -.1901 .8437 .0914 -.0001 .0911

π1 .5894
(.1166)

.5923 .2660 .7240 .0440 -.0106 .0447

σε .9924
(.0847)

.9947 .7893 1.2382 .0604 -.0076 .0608

ση1 .4849
(.5739)

.4851 .2076 .7648 .0808 -.0151 .0825

ση2 .3961
(.0752)

.3976 .1820 .5463 .0452 -.0039 .0458

φ(θ̂)

Regime 1: 2 → 1 .1720 .1698 .0181 .3611 .0563 -.0036 .0566
Regime 2: 1 → 2 .1024 .1009 .0399 .1853 .0213 -.0056 .0224

Regime 3: autarky .7256 .7260 .5069 .8852 .0607 .0091 .0954

Notes: Results are based on 500 Monte Carlo replications. True parameter vector is

θ0 = (.1, .3, .2, .8, .6, .6, 1.0, .5, .4)′. φ(θ̂) is the vector regime probabilities evaluated at the

parameter estimates. Regime probabilities implied by the true structural parameter vector is

φ(θ0) = (.1756, .1079, .7165)′. ASE is the asymptotic standard error averaged over the Monte

Carlo sample, SD is the sample standard deviation, and RMSE is the root mean squared error.

Simulation size is 5000.
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Table 5.2: Monte Carlo Simulation Results for Case 2: Medium Market Integration

Parameter Mean
(ASE)

Median Min Max SD Bias RMSE

α0 .1044
(.0545)

.1034 -.0668 .2814 .0411 .0044 .0412

β0 .2115
(.3549)

.2062 .0489 .6992 .0476 .0115 .0489

π0 .1958
(.0877)

.1960 .0982 .3025 .0318 -.0042 .0316

α1 .7870
(.0385)

.7907 .6534 .8843 .0373 -.0130 .0400

β1 .4999
(.6853)

.5021 -.0757 .8448 .0761 -.0001 .0762

π1 .5830
(.1355)

.5857 .4190 .6862 .0328 -.0170 .0374

σε 1.7986
(.1891)

1.7997 1.4240 2.200 .0939 -.0014 .0938

ση1 .4934
(.2342)

.4903 .2823 .6391 .0516 -.0066 .0519

ση2 .3807
(.0803)

.3858 .2317 .5366 .0421 -.0193 .0458

φ(θ̂)

Regime 1: 2 → 1 .3408 .3413 .1814 .4662 .0414 -.0108 .0424
Regime 2: 1 → 2 .2278 .2277 .1525 .3316 .0253 .0013 .0245

Regime 3: autarky .4314 .4282 .3013 .5786 .0455 .0095 .0447

Notes: Results are based on 500 Monte Carlo replications. True parameter vector is θ0 =

(.1, .2, .2, .8, .5, .6, 1.8, .5, .4)′. φ(θ̂) is the vector regime probabilities evaluated at the parame-

ter estimates. Regime probabilities implied by the true structural parameter vector is φ(θ0) =

(.3516, .2265, .4218)′. ASE is the asymptotic standard error averaged over the Monte Carlo sample,

SD is the sample standard deviation, and RMSE is the root mean squared error. Simulation size is

5000.
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Table 5.3: Monte Carlo Simulation Results for Case 3: High Market Integration

Parameter Mean
(ASE)

Median Min Max SD Bias RMSE

α0 .4048
(.1083)

.4048 .2241 .5408 .0453 .0048 .0458

β0 .1076
(.1328)

.1026 .0125 .2771 .0365 .0076 .0374

π0 .0898
(.2028)

.0925 -.0709 .2202 .0393 -.0102 .0400

α1 .7827
(.0310)

.7865 .6320 .8776 .0383 -.0173 .0424

β1 .5970
(.2850)

.5912 .3233 .9258 .0791 -.0030 .0794

π1 .4990
(.3565)

.5007 .3585 .6057 .0318 -.0010 .0316

σε 1.9769
(.3404)

1.9910 1.5348 2.2991 .0879 -.0231 .0911

ση1 .4708
(.1237)

.4729 .2377 .6438 .0486 -.0292 .0565

ση2 .3862
(.2802)

.3895 .1157 .5373 .0431 -.0138 .0447

φ(θ̂)

Regime 1: 2 → 1 .5404 .5364 .3419 .7273 .0520 -.0101 .0529
Regime 2: 1 → 2 .1602 .1581 .0938 .2388 .0192 .0034 .0200

Regime 3: autarky .2993 .2960 .1789 .4642 .0431 .0066 .0436

Notes: Results are based on 500 Monte Carlo replications. True parameter vector is θ0 =

(.4, .1, .1, .8, .6, .5, 2.0, .5, .4)′. φ(θ̂) is the vector regime probabilities evaluated at the parame-

ter estimates. Regime probabilities implied by the true structural parameter vector is φ(θ0) =

(.5505, .1568, .2927)′. ASE is the asymptotic standard error averaged over the Monte Carlo sample,

SD is the sample standard deviation, and RMSE is the mean squared error. Simulation size is 5000.
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5.4 Empirical Applications

In this section we will apply the two-market switching regime methodology with

autocorrelated underlying variables discussed in previous sections. Recall that in this

approach the underlying variables were assumed to follow a first-order autoregressive

process with i.i.d. normal errors. Specifically, we have the following regimes:

Regime 1 (Arbitrage from region 2 to 1)

p1t − p2t = r21t if dt ≥ r21t

Regime 2 (Arbitrage from region 1 to 2)

p1t − p2t = −r12t if dt ≤ −r12t,

Regime 3 (No binding arbitrage)

p1t − p2t = dt if − r12t < dt < r21t.

Probabilities associated with these regimes will be calculated by the method out-

lined in the previous section. We will first estimate the structural parameter vector,

θ = (α0, α1, σε, β0, β1, ση1 , π0, π1, ση2)
′, and then approximate the expectation of each

regime using Monte Carlo and quadrature methods. The following applications utilize

simulated method of moments to estimate θ. The calibration moments consist of the

first moment and the second, third, and fourth central moments and the first six auto-

covariances of the observed price differential. Thus, there are 10 moment conditions

and 9 parameters in each application. The optimal weighting matrix is calculated

from the data using Parzen weights with 6 lags. As emphasized in previous sections,

the estimation procedure requires global optimization of the objective function with

respect to underlying parameters. Since the derivatives of the objective function can-

not be calculated explicitly quasi-Newton type optimization methods cannot be used.

Also we found in our experiments that using quasi-Newton methods (such as BHHH

or DFP) with finite-difference approximations to the Jacobian may not converge or

may settle in a local minima. Instead we will use Nelder-Mead direct search algorithm
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with 500 starting values randomly (uniform) chosen within an interval, (θ, θ).9 The

upper and lower limits on the interval can be chosen to include the parameters from a

preliminary AR(1) fit to the observed price differential. The purpose of using a large

number of starting values is to make sure that the algorithm does not converge to a

local minima.

The next subsection discusses the details of the data followed by the estimation

results.

5.4.1 Data

The first data set consists of soybean price quotations at selected North Car-

olina (NC) local markets and Ohio (OH). Local terminal markets are Fayetteville (in

Cumberland county), Barber (in Rowan county), Kinston (in Lenoir County) and

Elizabeth City (in Pasquatank county). Soybean processing facilities are located in

Fayetteville and Raleigh.10 Since Raleigh and Fayetteville price series are generally

the same we will take Fayetteville as the central market and take the price differen-

tials with respect to Fayetteville price. The data consist of daily bid prices collected

and published by the North Carolina Department of Agricultural and Consumer Ser-

vices. A representative price for each week (generally prices quoted on Thursdays if

available) is chosen to convert the daily prices into weekly price series covering the

period 1/1/1980-5/1/2003. The OH price quotations are from a rail market into the

southeast.11

Table 5.4 shows the summary statistics for NC (Fayetteville), OH prices and price

differentials. NC-OH price differential covers the period 1/2/1981-2/6/2003. There

are 1051 weekly observations in the NC-OH data set. The number of missing obser-

vations were 89 (7.8%) for NC-OH price differential, 101 (8.8%) for the Fayetteville-

Barber price differential, 41 (4%) for the Fayetteville-Kinston price differential and

139 (12.1%) for the Fayetteville-Elizabeth City price differential. To carry out the

9A preliminary grid search could also be tried but the number of structural parameters prohibits
doing this with a reasonably fine grid intervals within an acceptable computing time.

10Owned and operated by Cargill.
11The source is confidential.
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Table 5.4: Summary Statistics of NC and OH Data

Location Sample Size Mean Median S.D. Min. Max. Range

NC 6.1810 5.9200 1.0944 4.1800 9.8200 5.6400
OH 5.9926 5.7900 1.0861 3.9900 9.7800 5.7900

NC-OH 1051 0.1884 0.1700 0.1293 -0.2200 0.9950 1.2150
F-B 1047 0.2522 0.2500 0.1358 -0.7300 0.9500 1.6800
F-K 985 0.2088 0.1950 0.1018 -0.0175 1.000 1.0175
F-EC 1009 0.1937 0.1700 0.1519 -0.1075 1.3500 1.4575

NC-OH is the North Carolina-Ohio price differential. Local NC soybean markets are denoted as

follows: F is Fayetteville, B is Barber, K is Kinston and EC is Elizabeth City.

estimation these missing values were omitted and the continuity of prices is assumed.

Figures 5.19 through 5.22 plot the price series and price differentials.

5.4.2 Estimation Results

The estimation results are displayed in Table 5.5. A preliminary AR(1) fit to the

North Carolina-Ohio price differential gives

yt = 0.0488 + .7403yt−1 + et

where yt = PNC − POH . The starting values are chosen randomly from the interval

that includes these parameter estimates: θ = (−.1, .3, .01,−.5, .2, .01,−.5, .2, .01)′

and θ = (.9, .9, .5, .6, .9, .5, .6, .9, .5)′. North Carolina is a soybean deficit state and

it must import soybeans from other states to satisfy the local demand for soybeans.

In recent years there has been a considerable increase in the demand for soybeans in

North Carolina largely due to the expanding poultry and hog industry and a shrinking

local supply. Ohio is a primary exporter to North Carolina. North Carolina prices

tend to be over the Ohio prices by $.1884 on average. Since NC is also a soybean

producer the shipments from OH tend to be discontinuous especially during the month

following the harvest (November). Hence, there are periods in which arbitrage does
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not occur, reflecting the fact that the observed price differential during that period is

the autarky price differential. The parameter estimates (first row in Table 5.5) reflect

this relationship. The NC to OH regime is not properly identified since the parameter

estimates associated with this regime are very high (not reported). The ergodic mean

for the arbitrage costs from OH to NC implied by the parameter estimates is found

to be .2032 (3.39% of the mean OH prices) with variance .0174. This is an estimate

for the mean level of transactions costs for shipping soybeans form OH to NC.

Piggott and Goodwin (2002) applied the variable threshold autoregression model

to estimate the transactions costs for the OH-NC trade. Their results indicate that

threshold parameter estimates, which represent transactions costs in their model, is

found to be between 2.7-3.6% of the mean OH price. Although the methodology

employed here cannot be directly compared to threshold AR models results suggest

that transactions costs estimates are reasonably close to each other. In TAR models

the price differential is assumed to be white noise within a band (variable or fixed)

and the purpose is to estimate the threshold values. In our approach, however, the

threshold, or the transactions costs, is assumed to be a latent variable not a parameter.

Furthermore, since the latent process is assumed to follow a stationary AR(1) process

the ergodic mean implied by the parameter estimates can be used as an estimate for

the level of transactions costs.

The frequency of arbitrage from OH to NC implied by the parameter estimates

is approximately 87%.12 Therefore, this result indicates that NC and OH soybean

markets are integrated about 87% of the time within this sample. The over-identifying

restrictions test statistic for the NC-OH model is calculated as 3.0251 (distributed as

χ2
1) with p-value .08. Thus, we fail to reject the null hypothesis that the calibration

moments are all zero. The empirical probability and cumulative density functions of

the observed and simulated (using parameter estimates) are shown in Figure 5.23. The

simulations are based on 10000 data points for the price differential using estimated

parameters (denoted ysim in the figures). A two-sample Kolmogorov-Smirnov test

was also conducted to see if the two empirical CDFs are the same. The test statistic

12The parameter estimates also imply a 0.6% arbitrage from NC to OH but since the arbitrage
cost parameters of the NC-OH link are not identified we can safely regard these as no trade regime.
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Table 5.5: Estimation Results

Variable α0

(ASE)
α1 σε β0 β1 ση1 OID

(pval)

NC-OH .1257
(.0211)

.8071
(.0192)

.2162
(.0356)

-.2469
(.0625)

.8605
(.0339)

.3021
(.0415)

3.0251
(.0820)

F-B 1.8815
(.4646)

-.6069
(.0696)

.3586
(.0631)

-.1116
(.0267)

.9248
(.0185)

.1765
(.0246)

2.9892
(.0838)

F-K .4929
(.6470)

.5490
(.3419)

.3489
(.2924)

-.1193
(.0360)

.9262
(.0221)

.1572
(.0285)

.5866
(.4437)

F-E .6367
(.2589)

.8037
(.1774)

.7167
(.4724)

-.1363
(.0466)

.9293
(.0240)

.2554
(.0538)

.3651
(.5457)

Regime Probability, φ(θ̂)
OH→ NC .8698

B→ F .9753
K→ F .9784
E→ F .9936

Results are from the 2-location regime switch model. The simulation size is chosen as N = 5T

where T is the sample size for each price differential. The parameters associated with the second

regime, arbitrage from location 1 to location 2, are not reported since they cannot be properly

identified. ASE is the asymptotic standard error (reported in parenthesis under each parameter)

and OID is the over-identifying restrictions test (with associated p-value reported underneath).
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is 0.0389 with a p-value of 0.11 indicating that the estimated parameters provide a

reasonably good approximation to the empirical cumulative distribution function.

The results from the local NC markets are similar to each other.13 The price

comparisons are made with respect to Fayetteville since it is the largest market in

NC. The level of intra-state trade in NC is found to be very high as indicated by

the high probability of arbitrage from the surrounding markets (Barber, Kinston and

Elizabeth City) to Fayetteville. The parameters for the arbitrage from Fayetteville

to surrounding markets are not identified in this case as well. The probability of

arbitrage is approximated as about 97% for Fayetteville-Barber, 98% for Fayetteville-

Kinston and 99% for Fayetteville-Elizabeth City. These estimates imply the fact

the observed price differentials reflect the level of transactions costs between regions.

Another interpretation is that these markets can be considered as one market as they

appear to be almost perfectly integrated. The OID test statistics are also reported

in the last column of the Table 5.5. They are all insignificant at 5% level indicating

that moment conditions are correctly specified. The empirical CDF and PDFs are

displayed in Figures 5.24-5.26 using 20000 simulated points for the price differential

implied by the parameter estimates. The Kolmogorov-Smirnov (KS) test statistics are

calculated as .1157 for the F-B price differential,14 .0824 for the F-K price differential

and .1396 for the F-EC price differential. All KS test statistics are significant at 1%

level implying that the empirical CDFs and simulated counterparts using θ̂ are not

the same. As can be seen from these plots the CDFs of the observed price differential

is less smooth than their simulated counterparts. It seems that simulations are having

difficulty in replicating the jumps in the price differential. As a result the difference

between the two CDFs are larger. If we look at the empirical and estimated CDF

plots of the NC-OH price differential (Figure 5.23), we see that the empirical CDF is

much more smoother than the CDFs for the NC local markets. Again, this may be

the reason behind the result that the simulated CDF fits much better to empirical

CDF for the NC-OH price differential.

13The same upper and lower limits for the starting values have been used in all three estimations.
14The estimation was also carried out with just-identified moment conditions. However, the results

for KS test did not change.
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5.5 Summary and Conclusion

This chapter explored the applicability of simulation based estimation strategy

for the switching regime class of models in which underlying variables are serially

correlated. It is assumed that there are only two trading regions and trade regimes

change in a given sample. The observed price differential is a mixture of underlying

variables. Since at any given time only one of three underlying variables (either au-

tarky price differential or one of the two arbitrage costs) can be observed, unobserved

states should conveniently be integrated out. This leads to intractable log-likelihood

function.

The problem is reformulated in a simulation framework as follows: fit the sam-

ple moments of the price differential to their simulated counterparts in generalized

method of moments framework. A series of Monte Carlo experiments with varying

degrees of integration indicated that the proposed methodology works reasonably

well. Regime probabilities are approximated using Monte Carlo or quadrature inte-

gration methods using structural parameter estimates. The degree of accuracy and

precision of regime probability estimates depend on the information contained in the

observed price differential. If the sample contains more information on the autarky

price differential then the no-trade regime will be estimated more accurately.

The methodology is also applied to soybean price differentials between selected

NC and US local markets. The results indicate that NC and OH soybean markets

are integrated about 87% of the time for the period 1/1/1980-5/1/2003 using weekly

data. The application to NC local markets indicated that strong spatial integration

exists among these markets.
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Figure 5.1: Low Market Integration Case: Density Estimates for θ̂ = (α̂0, β̂0, π̂0)

Notes: Vertical lines represent true values. Parameter estimates are from the Monte Carlo experi-

ment for the low market integration case. Monte Carlo sample size is 500.
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Figure 5.2: Low Market Integration Case: Density Estimates for θ̂ = (α̂1, β̂1, π̂1)

Notes: Vertical lines represent true values. Parameter estimates are from the Monte Carlo experi-

ment for the low market integration case. Monte Carlo sample size is 500.
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Figure 5.3: Low Market Integration Case: Density Estimates for θ̂ = (σ̂ε, σ̂η1 , σ̂η2)

Notes: Vertical lines represent true values. Parameter estimates are from the Monte Carlo experi-

ment for the low market integration case. Monte Carlo sample size is 500.
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Figure 5.4: Low Market Integration Case: Density Estimates for Regime Probabili-
ties, φ̂(θ̂)

Notes: Vertical lines represent quadrature approximation of φ(θ) using true parameter values. Esti-

mates are based on the Monte Carlo experiment for the low market integration case. Monte Carlo

sample size is 500.
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Figure 5.5: Low Market Integration Case: Density Estimates of Underlying Variables

Notes: Upper panel shows the density estimates for the underlying variables implied by the “true”

structural parameter vector, θ0. Lower panel shows the density estimates for the underlying vari-

ables implied by the structural parameter estimates, θ̂. Estimates are based on the Monte Carlo

experiment for the low market integration case. Monte Carlo sample size is 500.
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Figure 5.6: Low Market Integration Case: Density Estimates of Price Differential,
yt = p1t − p2t

Notes: y is the price differential implied by θ0 and ysim is the price differential implied by the

parameter estimates, θ̂. Estimates are based on the Monte Carlo experiment for the low market

integration case. Monte Carlo sample size is 500.
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Figure 5.7: Medium Market Integration Case: Density Estimates for θ̂ = (α̂0, β̂0, π̂0)

Notes: Vertical lines represent true values. Parameter estimates are from the Monte Carlo experi-

ment for the medium market integration case. Monte Carlo sample size is 500.
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Figure 5.8: Medium Market Integration Case: Density Estimates for θ̂ = (α̂1, β̂1, π̂1)

Notes: Vertical lines represent true values. Parameter estimates are from the Monte Carlo experi-

ment for the medium market integration case. Monte Carlo sample size is 500.
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Figure 5.9: Medium Market Integration Case: Density Estimates for θ̂ = (σ̂ε, σ̂η1 , σ̂η2)

Notes: Vertical lines represent true values. Parameter estimates are from the Monte Carlo experi-

ment for the medium market integration case. Monte Carlo sample size is 500.
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Figure 5.10: Medium Market Integration Case: Density Estimates for Regime Prob-
abilities, φ̂(θ̂)

Notes: Vertical lines represent quadrature approximation of φ(θ) using true parameter values. Es-

timates are based on the Monte Carlo experiment for the medium market integration case. Monte

Carlo sample size is 500.
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Figure 5.11: Medium Market Integration Case: Density Estimates of Underlying
Variables

Notes: Upper panel shows the density estimates for the underlying variables implied by the “true”

structural parameter vector, θ0. Lower panel shows the density estimates for the underlying vari-

ables implied by the structural parameter estimates, θ̂. Estimates are based on the Monte Carlo

experiment for the medium market integration case. Monte Carlo sample size is 500.
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Figure 5.12: Medium Market Integration Case: Density Estimates of Price Differen-
tial, yt = p1t − p2t

Notes: y is the price differential implied by θ0 and ysim is the price differential implied by the

parameter estimates, θ̂. Estimates are based on the Monte Carlo experiment for the medium market

integration case. Monte Carlo sample size is 500.
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Figure 5.13: High Market Integration Case: Density Estimates for θ̂ = (α̂0, β̂0, π̂0)

Notes: Vertical lines represent true values. Parameter estimates are from the Monte Carlo experi-

ment for the high market integration case. Monte Carlo sample size is 500.
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Figure 5.14: High Market Integration Case: Density Estimates for θ̂ = (α̂1, β̂1, π̂1)

Notes: Vertical lines represent true values. Parameter estimates are from the Monte Carlo experi-

ment for the high market integration case. Monte Carlo sample size is 500.
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Figure 5.15: High Market Integration Case: Density Estimates for θ̂ = (σ̂ε, σ̂η1 , σ̂η2)

Notes: Vertical lines represent true values. Parameter estimates are from the Monte Carlo experi-

ment for the high market integration case. Monte Carlo sample size is 500.
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Figure 5.16: High Market Integration Case: Density Estimates for Regime Probabil-
ities, φ̂(θ̂)

Notes: Vertical lines represent quadrature approximation of φ(θ) using true parameter

values. Estimates are based on the Monte Carlo experiment for the high market integration

case. Monte Carlo sample size is 500.
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Figure 5.17: High Market Integration Case: Density Estimates of Underlying
Variables

Notes: Upper panel shows the density estimates for the underlying variables implied by the “true”

structural parameter vector, θ0. Lower panel shows the density estimates for the underlying vari-

ables implied by the structural parameter estimates, θ̂. Estimates are based on the Monte Carlo

experiment for the high market integration case. Monte Carlo sample size is 500.
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Figure 5.18: High Market Integration Case: Density Estimates of Price Differential,
yt = p1t − p2t

Notes: y is the price differential implied by θ0 and ysim is the price differential implied by the

parameter estimates, θ̂. Estimates are based on the Monte Carlo experiment for the medium high

integration case. Monte Carlo sample size is 500.
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Figure 5.19: Plots of North Carolina-Ohio Soybean Prices and Price Differential
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Figure 5.20: Plots of Fayetteville-Barber Soybean Prices and Price Differential
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Figure 5.21: Plots of Fayetteville-Kinston Soybean Prices and Price Differential
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Chapter 6

Indirect Inference Methodology

6.1 Introduction

This chapter introduces a new methodology for the estimation of competitive

spatial price equilibrium models and measures of market integration discussed in

Chapter 2. We will only consider the estimation of the model with constant (or

perfectly elastic) transaction costs. In this model it was shown that equilibrium

prices are determined by the level of autarky prices and transactions costs. Our

estimation purpose is to find the structural model parameters and the measure of

market integration using observed prices. In most cases, autarky prices, at, transport

costs, rt, and shipment flows are not readily available to the price analysts. The

presence of unobservable variables in the structural model rules out the possibility of

employing direct estimation methods such as ML. The shipment pattern is also likely

to change over time which introduces non-linearity in conditional price expectations.

Our econometric methodology relies on simulating data from a spatial equilibrium

model given structural parameters and minimizing a criterion function. The choice

of the simulation-based estimation method will depend on the choice of the auxiliary

model for prices. Since we will use a finite order Gaussian VAR process to summarize
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the dynamic relationship among a set of prices we can use either Indirect Inference

or Efficient Method of Moments discussed in Chapter 4.1

6.2 Econometric Model

In Chapter 2 a simple model of spatial market equilibrium and a measure of mar-

ket integration were developed. The economic model defines a mapping from the

parameters of the underlying process to the measure of market integration. The

estimation problem is to find the model parameters and then to approximate the

measure of market integration. First let us introduce some notation. In what fol-

lows at = (a1t, a2t, ..., ant)
′ is an n × 1 vector of autarky prices; rt = vecd(Rt) is

n(n − 1) × 1 vector of spatial arbitrage costs associated with each link, where vecd

is the vectorization operator defined on the columns of the n × n transactions costs

matrix Rt excluding the elements on the main diagonal which are all zeros; and

yt = (p1t, p2t, ..., pnt) is n × 1 vector of observed equilibrium prices. We assume that

all links have positive probability of being used in the trade network. Thus the di-

mension of rt is n(n − 1). If some links are known to be idle then the dimension of

arbitrage cost vector can be smaller. Let m-dimensional vector zt denote partially

observed latent variables zt = (a′t, r
′
t)
′ (notice that m = n+n(n−1)). Components of

zt are partially observed because if, for example, all locations are segmented at time

t then the price we observe is in fact autarky prices. If two locations are known to

be connected at time t then the price differential between them will be equal to the

arbitrage costs.

6.2.1 Estimation Problem

Let the conditional density function of the latent process be f(zt|It−1; θ) where

It−1 is the information set and θ is the vector of structural parameters. Also let

1The simulated method of moments can also be used to estimate the structural parameters. This
chapter focuses on the Indirect Inference estimation.
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f(yt|It−1; θ) be the conditional density function of prices. The link between these two

functions is the mapping defined by the economic model as

yt = g(zt; θ).

Using this mapping the conditional density for prices can be written as

f(g(zt; θ)|It−1).

Intractability of this pdf comes from the nonlinear link between underlying variables

and prices. The model puts a positive probability on each trade regime and each

regime is endogenously determined. If the mapping from the underlying variables

to the observed variables defined by g(zt) is known and stable over time then we

can employ structural VAR methods to estimate the model parameters and market

integration measure as in Fackler (2002).

When regimes are changing and/or trade is discontinuous, however, it is infeasible

to employ direct estimation methods such as ML since the likelihood function for the

prices will be intractable. To see the complexity of the likelihood function suppose

that there are G trade regimes that can occur in a given trade network.2 Recall that

the function g(zt; θ) defines an equilibrium mapping from the latent variables (at, rt)

to the observed variables but we do not know what the regime is. Let us denote

regimes by It = i, for i = 1, ..., G and let yt = yit be the vector of prices resulting

from regime i. Let y∗t be unobserved regimes such that y∗t = (y2t, ..., yGt) if yt = y1t,

y∗t = (y1t, y3t..., yGt) if yt = y2t and so on. Denote the sample values of observed prices

by ȳt = (y1, ..., yt), possible regimes by Īt = (I1, ..., It) and unobserved equilibrium

conditions by ȳ∗t = (y∗1, ..., y
∗
t ). Also let the information set be It−1 = (ȳt−1, Īt−1, ȳ

∗
t−1).

Joint density of prices is given by f(ȳt, Īt, ȳ
∗
t |It−1). Then the likelihood function of ȳt

will be

L(ȳT ) =
G∑

IT =1

...

G∑
I1=1

+∞∫

−∞

...

+∞∫

−∞

f(ȳt, Īt, ȳ
∗
t |It−1)dy∗1...dy∗T . (6.1)

This likelihood function involves T -fold integrals and GT summations of regime

paths and therefore it is neither analytically nor computationally tractable with con-

2The following derivation of the likelihood function is based on Lee (1997b) and Lee (1997a).
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ventional quadrature methods. The T summations sum up all the likelihood compo-

nents over the GT different regime paths that can result in a trade network.

Given that the conventional likelihood based estimation cannot be used in an en-

dogenously switching regime framework, simulation estimation seems to be a natural

alternative. The strategy for the estimation of the measure of market integration in a

simulation context involves three steps. First, we need to specify a dynamic process

for the unobserved variables. Second, we need to decide which calibration moments to

choose. In the context of indirect inference estimation or efficient method of moments

this amounts to choosing an auxiliary model that summarizes the behavior of the ob-

served endogenous variables. For example, a Gaussian vector autoregression with

some finite lag order can describe time series properties of a set of prices. And third,

after obtaining structural parameter vector, θ, the measure of market integration can

be approximated using Monte Carlo integration methods.

In our exposition the underlying variables follow an l-th order VAR process as

described in the next subsection.

6.2.2 Underlying Process

We assume that zt has a multivariate log-normal distribution with mean and

variance determined by the underlying vector-autoregressive process. We assume that

arbitrage costs in a trade network can be written as a function of a small number of

common factors such that

log(rt) = βwt, (6.2)

where β is n(n− 1)× k matrix of common factor coefficients and wt is k× 1 vector of

common factors. These common factors can be interpreted as the the driving forces

behind the transactions costs. This formulation enables us to reduce the number of

parameters to be estimated.

Let (n + k) × 1 vector xt = (log(at)
′, w′

t)
′ denote latent variables. xt follows a

stationary VAR(l) process such that

xt = A0 + A1xt−1 + A2xt−2 + ... + Akxt−l + et, (6.3)
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where the (n + k)-vector et is white noise process:

E(et) = 0,

E(ete
′
τ ) =

{
Σ for t = τ ;

0 otherwise,

where Σ is an ((n+k)× (n+k)) symmetric positive definite matrix. V AR(l) process

xt will be covariance-stationary if the eigenvalues of coefficient matrices

|I(n+k)λ
l − A1λ

l−1 − A2λ
l−2 − ...− Al| = 0

satisfy |λ| < 1. In this case the ergodic mean of xt can be found by calculating

µx = (I(n+k) − A1 − A2 − ...− Al)
−1A0.

To derive the unconditional distribution let us rewrite zt = Mxt where M is the

n2 × (n + k) matrix defined as

M =

(
In×n 0n×k

0n(n−1)×n β

)
,

where I is the identity matrix and 0 is a null matrix with indicated dimensions. zt will

have a multivariate log-normal (unconditional) distribution with mean µz = Mµx and

variance Ω = MΣM ′. The expected value and the covariance matrix for the vector

zt can also be calculated using

E[zt] = eµz+ 1
2
Ωii (6.4)

Cov[zit, zjt] = eµzi+µzj+
1
2
Ωij(eΩij − 1) (6.5)

.
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6.2.3 Indirect Inference

We assume that yt follows a k-th order VAR process with Gaussian errors:

yt = Γ0 + Γ1yt−1 + Γ2yt−2 + ... + Γkyt−k + εt, (6.6)

where E[εtε
′
τ ] = DD′, for t = τ . D is the Cholesky factor of the error covari-

ance matrix. The q × 1 vector of auxiliary model parameters is given by β =

(Γ′0, vec(Γ1)
′, ..., vec(Γk), vech(D)′). If the number of locations is n then q will be

n + n2k + 0.5(n(n + 1)). In practice the lag length for the VAR can be chosen using

some information criteria (such as Akaike or Schwarz’s Bayesian information criteria)

or by carying out sequential likelihood ratio tests for different lag specifications.

Now the auxiliary model defines a mapping from θ to β. For any given vector of

structural parameters, initial conditions, and a matrix of standard normal errors, it is

possible to simulate equilibrium prices. Indirect inference methodology, as discussed

in Chapter 4, relies on this. Specifically we want to choose θ such that the distance

between the auxiliary model parameters obtained from the observed sample and the

auxiliary model parameters obtained from the simulated sample is minimum. This is

written as

θ̂ = arg min
θ∈Θ

ψ(θ)′W ∗ψ(θ), (6.7)

where ψ(θ) = β̂(yt)− β̃(ỹt(θ)) (tilde indicates simulated values). Since the auxiliary

model is linear, the estimation of β involves only solving a linear system. Alterna-

tively, instead of estimating β at each evaluation of the objective function, we can also

use expected value of scores as our moment calibration conditions (efficient method

of moments).

There are two usual identification conditions that have to be met. First, the

order condition for identification says that the number of auxiliary model parameters

must be greater than the number of structural parameters, q > p. Second, the rank

condition of identification requires the following matrix to be invertible

II(θ) =
∂B′

∂θ
JI−1J

∂B

∂θ
, (6.8)
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where B(.) is the binding function defined as

B(θ) = arg max
β

E
[
log fA(yt|It−1; β)

]
, (6.9)

J = −Eθ[
∂2 log fA

∂β∂β′
],

and,

I = lim
T→∞

Vθ[
1√
T

T∑
t=1

∂ log fA

∂β
],

where fA(yt|.) is the log-likelihood function for the auxiliary model. The binding

function B(θ) is defined as the asymptotic limit of the mapping from θ to β and it is

one-to-one. Simulations are done to approximate this relationship. Notice that β̂(θ0)

is the direct consistent estimator of B(θ0) and β̃(θ) is direct consistent estimator of

B(θ) (if simulation size is N = TH then this is true when H is fixed and T →∞). If

II(θ) is invertible then the structural model is locally indirectly identifiable from the

auxiliary model. For this ∂B
∂θ′ must have a full column rank for invertibility. Recall

that covariance matrix for parameters is given by

(1 +
1

H
)[II(θ0)]

−1.

Thus when H tends to infinity this expression will have a limit analogous to the

Cramer-Rao lower bound.

If the sample does not contain any information about a given regime then the

structural parameters specific to that regime will not be identified. This can be

verified by checking the rank of the matrix ∂B
∂θ′ . For example, suppose that there

are three locations and location 1 is a net exporter and location 3 is a net importer.

Suppose also 1 can ship directly to 3 or via the link through location 2. Now there

will be 3 regimes: (1) 1 → 3, (2) 1 → 2 → 3 and (3) autarky. If these are the only

possible equilibrium conditions in this trade network then those regimes that involve

the links from consumption regions (e.g., location 3 to 1 and 2) will not be identified.

If the market structure is known then it is easy to incorporate this information into

the estimation framework.

After obtaining θ we can estimate the measure of market integration as discussed

in the following subsection.
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6.2.4 Estimation of the Measure of Market Integration

Recall that we defined two measures of market integration in Chapter 2. The first

one is the regime frequencies:

φ(θ) = E[h(zt(θ))
′] =

∫
h(zt(θ))f̃(zt)dzt (6.10)

where h(zt(θ)) is T × g matrix whose tith entry is defined as

hti(zt(θ)) =

{
1, if regime i is realized at time t;

0, if otherwise,
(6.11)

for t = 1, ..., T and i = 1, ..., g. The number of regimes, g, will generally be determined

by the number of locations and by the number of active links in the trade network

structure under study if it is known.

The indicator function ht(.) links the latent variables to the observed price series in

a certain way (as determined by g(.)). Regimes will be triggered by the excess demand

and transaction cost shocks endogenously within the model. If zt is stationary and

ergodic then we can approximate the integral in equation (6.10) using quadrature or

Monte Carlo methods. The quadrature methods can only be used for two-location

model. For larger models we can use simple Monte Carlo method as

φ̂(θ̂) =
1

N

N∑
t=1

h(z̃t(θ̂)), (6.12)

where N is the simulation size.

The regime frequency approach to market integration measure may only be prac-

tical for trade networks with a small number of locations. We can define another

measure of market integration which is based on the expected price transmission ra-

tios (PTR). Recall that PTR is either 1, if the two markets are integrated, and, 0 if

they are segmented. In the spatial price equilibrium model with constant costs the

two locations will be integrated if they are directly or indirectly connected to each

other. The expected price transmission ratio can be approximated for a given param-

eter vector defining the distribution of underlying variables. Analogous to equation
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(6.11) define an indicator function such that

PTRijt(zt) =

{
1, if location i is connected to j at time t;

0, if otherwise,
(6.13)

where PTRijt simply indicates whether the two locations are integrated. Then, for

a vector of parameter estimates the expected measure of price transmission can be

approximated using

EPTRij(θ̂) =
1

N

N∑
t=1

PTRijt(zt(θ̂)). (6.14)

To summarize, the estimation strategy involves first estimating the model param-

eters, θ, and then approximating the equation (6.10) or (6.14).

6.3 Monte Carlo Experiments

This section provides a controlled simulation experiment to assess the performance

of the estimation methodology outlined above. The experiment is based on creating

a set of artificial price series from a trade network model with known stochastic

properties.

6.3.1 Experiment Design

There are three locations in the commodity trade network. A single homogenous

commodity is being produced and traded among regions. The computational intensity

of the Monte Carlo experiments prohibits us working with a model that has more

locations than three. However, the three-location model provides interesting insights

to the model. Each location has its own supply and demand functions. There are

two kinds of shocks that can arise: demand and supply shocks which are reflected in

parallel shifts in autarky prices and transaction cost shocks.

As described in the sections above underlying variables are unobservable and

treated as latent variables in the model. The autarky prices (excess demand shocks)
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are modelled as first order VAR process:

log(at) = A0 + A1 log(at−1) + et. (6.15)

The “true” parameter values are specified as

A0 =




0.05

0.20

0.30


 and A1 =




0.70 0.20 0.05

0.05 0.70 0.10

0.10 0.15 0.60


 .

The error shocks are iid Gaussian with mean zero and covariance matrix Σ = DD′

where D is the Cholesky factor and specified as

D =




0.08

0.04 0.09

0.10 0.10 0.02


 .

Transaction costs are modelled as a function of one common factor:

log(rt) = βwt,

where rt = (r21t, r31t, r12t, r32t, r13t, r23t)
′. There is a single common factor which

follows a first order auto-regressive process and it is assumed to be independent

from the autarky prices.3 The true parameter values for the common factor and its

coefficients are specified as

wt = A04 + A44wt−1 + e4t,

β =




−1

−1

0.70

−1.0

0.20

0.90




,

3This does not need to be assumed in general. There may be cases in which transaction costs
Granger-cause autarky prices. We assume independence to reduce the number of parameters to be
estimated in the experiment.
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where A04 = −0.40, A44 = 0.60 and D44 = 0.10, σ2
wt

= D2
44.

The structural parameter vector is θ = (A′
0, A04, vec(A1)

′, A44, vech(D)′, D44, β
′, ω).

ω is a 2 vector of normalized excess demand parameters such that

ω1 =
b1∑3
1(bi)

and ω2 =
b2∑3
1(bi)

,

and w3 = 1− ω1 − ω2.

The true parameter vector implies a set of trade patterns and measures of market

integration. We generated 500 Monte Carlo samples with size 1000 and solved the

model for prices using linear complementarity algorithms discussed in Chapter 2. The

simulation of prices is carried out with different sets of standard normal error vectors

to introduce randomness in the experiments. The initial conditions are specified as

the expected values under the long-run distribution for each series. Two market

integration measures were calculated: the frequencies of each regime within a given

sample and the expected transmission ratios. Out of 19 possible trade regimes seven

of them are most likely to occur given the true parameter values. The implied regime

frequencies are given by

φ(θ0) =




φ1→2

φ1→3

φ2→3

φ1→2→3

φ1→2,1→3

φ1→3,2→3

φautarky




=




0.0122

0.0391

0.4115

0.0470

0.0613

0.3541

0.0749




.

The implied expected price transmission ratios are

I =




EPTR12

EPTR13

EPTR23


 =




0.4746

0.5014

0.8739


 .

These measures are approximated as averages of φi(θ0) over the Monte Carlo replica-

tions, i = 1, . . . , 500. The true parameter values were chosen such that the location
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3 is a net importer and locations 2 and 1 are net exporters. The location 3 can be

thought of as a consumption region in which there is no production. Locations 1 and

2 are both producing and consuming the homogenous commodity (it is convenient to

think of this as an agricultural commodity such as grain, or a homogenous product

marketed in a network such as natural gas or electricity). The location 3 is supplied

by the location 2 alone (location 1 segmented) directly about 41% of the time. The

location 3 is supplied by both location 1 and 2 about 35% of the time. As seen from

the regime frequencies there are instances in which location 1 is the sole supplier to

both 2 and 3 (about 6%). The indirect shipments from 1 to 3 through 2 occurs about

4.7% in the sample. There is an approximately 7.5% chance of all locations being

segmented (autarky). This may occur if arbitrage in the trade network is not prof-

itable. This may arise, for example, if transaction costs have risen due to a shock in

the underlying common factor, wt, such that respective autarky price differentials are

not large enough to cover these costs. The expected price transmission ratio between

Table 6.1: Price Correlations in Monte Carlo Experiments

Levels Level Differences
P1 P2 P3 P1 P2 P3

P1 1 1
P2 0.95 1 0.8262 1
P3 0.9521 0.9974 1 0.8334 0.9901 1

Logs Log Differences
P1 P2 P3 P1 P2 P3

P1 1 1
P2 0.9410 1 0.7896 1
P3 0.9444 0.9961 1 0.8037 0.9847 1

locations 1 and 2 is approximated as 0.4746 with standard deviation 0.0207. This

implies that shocks arising in location 1 are transmitted to location 2 about 47% of

the time in the sample.

Table 6.1 shows that the correlation between prices at locations 1 and 2 is 0.95

in levels and 0.8262 in level differences.4 The correlation coefficient indicates that

4Price correlations are calculated for each 500 Monte Carlo samples. The reported price correla-
tions are averages over 500 replications.
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prices are highly correlated even though locations are only connected 47% of the

time. Similarly the expected price transmission ratio between location 1 and 3 is

approximated as 0.5014 with standard deviation 0.0213. From Table 6.1 we see that

the price correlation between location 1 and 3 is 0.9521 in levels, 0.8334 in level

differences, 0.9444 in logarithms and 0.8037 in logarithmic differences. The expected

price transmission ratio between location 2 and 3 is the highest among the three:

0.8739 with standard deviation 0.0175. The prices at location 2 and 3 are also highly

correlated: about 0.99 in levels and 0.98 in differences. p2 and p3 appear to be almost

perfectly correlated although the frequency of their connectedness is approximately

87%. These simple calculations indicate that high correlation among prices does not

necessarily imply high degree of market integration.

6.3.2 Computational Details

The indirect inference procedure for estimating the measure of market integration

involves two steps. First, the parameters of the underlying processes are estimated

using an auxiliary model to summarize the relationship among prices. After the pa-

rameter estimates are obtained the measures of market integration are approximated

using Monte Carlo integration method. We have created 500 Monte Carlo samples

with size 1000. The auxiliary model is chosen as a Gaussian VAR(3) process for prices

(in levels). The calibration moment conditions are approximated using a fixed simu-

lation size of 5000. The auxiliary parameter vector consists of VAR coefficients and

the distinct elements of the error covariance matrix. The dimension of the auxiliary

parameter vector, β, is 36 and the dimension of the structural parameter vector, θ, is

29. Hence, there are 36 moment conditions (the difference between VAR parameters

and their simulated counterparts) to be approximated at each iteration of the opti-

mization algorithm. The weighting matrix is calculated using a Barlett window with

truncation lag length 6.

The Nelder-Mead direct search method was used to find the optima. The true

parameter vector is used as the starting values for each replication to reduce the

computation time. In practice, starting values can be chosen randomly from a feasible
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parameter region and this can be done for different sets of starting values to avoid

local minima. Since we have very good starting values (the true parameter vector)

the algorithm should converge to the global optima without difficulty. One of the

major drawbacks of the Nelder-Mead direct search method is that it requires a large

number of function evaluations. Since each function evaluation involves simulating

data for the underlying variables and solving the model for prices and shipment

quantities required, computation time increases rapidly as the number of structural

parameters increases. Even using the true parameter vector as the starting values in

the Nelder-Mead search method the number of function evaluations exceeded 10000 on

average. A major advantage of the Nelder-Mead search method is that the derivative

information is not required. The first derivative vector of the objective function is not

available in an explicit form since it involves simulations. It needs to be computed

numerically.

6.3.3 Results

Table 6.2 shows the Monte Carlo experiment results for the structural parameters.

The common factor parameters for the arbitrage costs associated with links 2 → 1,

3 → 1 and 3 → 2 are not identifiable by construction of the experiment. The

arbitrage cost parameters associated with these links are assigned to values that give

large transaction costs. Even though we know that they are not identifiable from

the price data we included them in the structural parameter vector. As expected

the numerical derivatives of the moment conditions (or the binding function) with

respect to these parameters were all zeros indicating again that the samples do not

contain any information about these costs. In calculating asymptotic standard errors

the columns of the numerical derivative matrix associated with these parameters (β1,

β2, and β4) were deleted.

The summary statistics of parameter estimates are reasonably good. Figures 6.1

through 6.5 also display the density estimates of structural parameters. All parame-

ters seem to be unbiased but they have different levels of variability. The parameters

β3 and β6 have the largest root mean squared errors (RMSE): 0.0219 and 0.0218
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respectively. These parameters also have the largest asymptotic standard errors fol-

lowed by A04 and A44.

Table 6.3 shows the summary statistics of the market integration measures from

this Monte Carlo experiment. Two sets of market integration measures are reported:

regime frequencies and expected price transmission ratios (these can be calculated

from regime frequencies directly). Although both integration measures seem to be

doing very well the expected price transmission ratios have smaller biases and stan-

dard deviations. The transhipment regime (i.e., 1 → 2 → 3) and the two-suppliers

one-receiver regime (i.e., 1 → 3, 2 → 3) have the largest biases (0.0311 and -0.0307,

respectively) and standard deviations (0.0943 and 0.0944, respectively). This indi-

cates that the indirect inference methodology may have difficulty in identifying be-

tween these two regimes. The expected price transmission ratios have smaller mean

squared errors relative to the regime probabilities. EPTR23 has the smallest RMSE

(0.0015) followed by EPTR12 and EPTR13 (0.0048 and 0049, respectively). Figure

6.6 and 6.7 shows the density estimates of the regime probabilities and the total

market integration versus market segmentation, respectively. The density estimates

for the expected price transmission ratios are plotted in Figure 6.8. As can be seen

EPTR23 has the largest bias but relatively low level of variability as compared to

EPTR12 and EPTR13.
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Table 6.2: Monte Carlo Simulation Results: Parameter Estimates

Parameter True
Value

Mean (ASE) Median S.D. Bias RMSE

A01 0.0500 0.0506(0.0668) 0.0001 0.0108 0.0006 0.0100
A02 0.2000 0.2014(0.0552) 0.0006 0.0239 0.0014 0.0245
A03 0.3000 0.3055(0.0619) 0.0013 0.0354 0.0055 0.0361
A04 -0.400 -0.4056(1.0645) -0.4022 0.1036 -0.0056 0.1039
A11 0.7000 0.6982(0.0457) 0.6991 0.0146 -0.0018 0.0141
A21 0.0500 0.0504(0.0613) 0.0503 0.0123 0.0004 0.0141
A31 0.1000 0.0994(0.0739) 0.1005 0.0211 -0.0006 0.0200
A12 0.2000 0.2013(0.0686) 0.2002 0.0190 0.0013 0.0200
A22 0.7000 0.6979(0.0664) 0.6982 0.0170 -0.0021 0.0173
A32 0.1500 0.1498(0.0921) 0.1505 0.0356 -0.0002 0.0361
A13 0.0500 0.0500(0.0831) 0.0502 0.0120 -0.0000 0.0100
A23 0.1000 0.0994(0.1126) 0.1004 0.0166 -0.0006 0.0173
A33 0.6000 0.5979(0.0645) 0.5985 0.0276 -0.0021 0.0283
A44 0.6000 0.5932(0.2936) 0.5956 0.0922 -0.0068 0.0927
D11 0.0800 0.0800(0.0172) 0.0800 0.0045 0.0000 0.0030
D21 0.0400 0.0396(0.0343) 0.0399 0.0087 -0.0004 0.0100
D31 0.1000 0.1004(0.0694) 0.1000 0.0144 0.0004 0.0142
D22 0.0900 0.0897(0.0309) 0.0903 0.0080 -0.0003 0.0100
D32 0.1000 0.0991(0.0463) 0.0994 0.0129 -0.0009 0.0140
D33 0.0200 0.0204(0.0958) 0.0200 0.0069 0.0004 0.0003
D44 0.1000 0.0990(0.3215) 0.0997 0.0292 -0.0010 0.0300
β3 0.7000 0.6904(1.7545) 0.7075 0.1478 -0.0096 0.1480
β5 0.2000 0.2003(0.6803) 0.2015 0.0419 0.0003 0.0424
β6 0.9000 0.9136(2.1378) 0.9064 0.1471 0.0136 0.1476
ω1 0.3333 0.3329(0.4261) 0.3336 0.0731 -0.0004 0.0735
ω2 0.3333 0.3342(0.4701) 0.3350 0.0867 0.0009 0.0866

Notes: Results are based on 500 Monte Carlo replications. Simulation size used to approximate

the mapping from θ to β is 5000. Notice that common factor coefficients, (β1, β2, β4), are not

reported since they are not identified by construction. Excess demand parameters are normalized

by ωi = bi/
∑3

i bi so that
∑3

i ωi = 1. ASE is the asymptotic standard error and RMSE is the root

mean squared error.
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Table 6.3: Monte Carlo Simulation Results: Market Integration Measures

Regime True
Value

Mean Median S.D. Bias RMSE

1 → 2 0.0122 0.0140 0.0116 0.0108 0.0018 0.0100
1 → 3 0.0391 0.0394 0.0359 0.0236 0.0003 0.0245
2 → 3 0.4115 0.4113 0.4084 0.0607 -0.0002 0.0608

1 → 2 → 3 0.0470 0.0781 0.0450 0.0943 0.0311 0.0995
1 → 2, 1 → 3 0.0613 0.0571 0.0502 0.0393 -0.0042 0.0400
1 → 3, 2 → 3 0.3541 0.3234 0.3383 0.0944 -0.0307 0.0994

autarky 0.0749 0.0764 0.0747 0.0218 0.0015 0.0224

EPTR12 0.4746 0.4765 0.4737 0.0689 0.0020 0.0693
EPTR13 0.5014 0.5016 0.5014 0.0697 0.0002 0.0700
EPTR23 0.8739 0.8707 0.8742 0.0392 -0.0031 0.0387

Notes: Results are based on 500 Monte Carlo replications. Simulation size used to approximate the

mapping from θ to β is 5000. ”True” regime frequencies are calculated as averages over 500 MC

samples of size 1000. Autarky is the regime in which all locations are segmented. EPTR is the

expected price transmission ratio defined in the text. Notice that EPTRij = EPTRji = 1 if i and

j are connected to each other or to the network. The true approximation to the EPTR implied by

the true parameter vector is calculated by taking averages over 500 MC samples of size 1000. S.D.

is the sample standard deviation and RMSE is the root mean squared error.
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Figure 6.1: Density Estimates of A0

Notes: Vertical lines represent true values. Parameter estimates are from the Monte Carlo experi-

ment for the 3-location trade network. Monte Carlo sample size is 500.
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Figure 6.2: Density Estimates of vec(A1)
′

Notes: Vertical lines represent true values. Parameter estimates are from the Monte Carlo experi-

ment for the 3-location trade network. Monte Carlo sample size is 500.
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Notes: Vertical lines represent true values. Parameter estimates are from the Monte Carlo experi-

ment for the 3-location trade network. Monte Carlo sample size is 500.
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eter vector, θ, averaged over 500 MC samples of size 1000. Parameter estimates are from the Monte
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trade network. Monte Carlo sample size is 500.
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6.4 Empirical Application

This section presents the empirical application of the simulation based estimation

methodology to selected world agricultural markets. The point-location type spatial

price equilibrium models are particularly suited to the study of integration of agri-

cultural markets. Agricultural commodities can generally be considered homogenous,

production takes place over geographically disperse areas, and often production and

consumption regions are not the same.

6.4.1 Data

The data set contains monthly average soybean prices at major world markets:

the US, Brazil, and Rotterdam covering the period 1983.10-2002.12. The US prices

are No.1 yellow cash prices (Central Illinois), The Brazil prices are FOB quoted at

Rio Grande and Rotterdam prices are CIF. All price series are publicly available from

the USDA publication Oilseeds: World Markets and Trade. The US is the leading

exporter of soybeans in the world market with total exports 29,940 (1000 metric tons)

and 28,430 in 2001 and 2002, respectively. Brazil’s total exports reached 15,521 (1000

metric tons) in 2001 and 16,175 in 2002. The European Union is one of the biggest

export markets for US soybeans with total export value $435 million in 2001.5 Table

6.4 presents summary statistics for the prices and price differentials. Figure 6.9 plots

the price levels and differentials. The sample contained 5 missing values (mostly

Brazil prices) which are omitted from the analysis. The remaining sample contains

226 observations. As can be seen from Figure 6.9, the Rotterdam prices tend to be

above the US and Brazil prices, which move very closely with each other.

5Source: USDA, Foreign Agricultural Service.



147

Table 6.4: Summary Statistics of World Soybean Prices

Location Mean Median S.D. Min. Max. Range

Levels
US 217.8142 209.0000 40.1177 150 328 178

Brazil 224.2832 215.5000 39.8391 158 329 171
Rotterdam 246.5664 241.0000 39.5493 180 353 173

Differences
Brazil-US 6.4690 6 8.1574 -10 50 60

Rotterdam-US 28.7522 29 8.0868 -24 45 69
Rotterdam-Brazil 22.2832 23 9.7242 -27 45 72

Notes: $/MT. Sample contains 226 monthly observations for the period 1983.10-2002.12. The source

is USDA Foreign Agricultural Service.

6.4.2 Results

First of all we need to summarize the dynamics of the endogenous variables in an

auxiliary model. A VAR(3) with time trend was chosen as the auxiliary model.6 The

results are summarized in Table 6.5. Each equation contains 223 observations and 11

variables. The adjusted R2s indicate that the dynamics of prices is summarized well

within this VAR framework. The auxiliary parameter vector includes VAR coefficients

plus the distinct elements of the error covariance matrix. Thus, the total number of

auxiliary parameters is 39.

The conditional distribution for the latent variables is specified as first order VAR

process with Granger-noncausality from the transaction costs common factor to au-

tarky prices imposed. It is assumed that there is only one common factor driving the

transaction cost process. With this specification there are 4 latent variables, denoted

xt = (log(at)
′, wt)

′, in the latent VAR(1) process. A time trend for each autarky price

and the common factor is also included. Hence the underlying VAR can be written

as

xt = A0 + A1xt−1 + τT + εt,

6The lag length is chosen by sequential likelihood ratio tests.
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where εt is iid normal with covariance matrix Σ = DD′ and τ is a 4×1 vector of time

trend coefficients. The Granger-noncausality restriction implies that A41 = A42 =

A43 = 0. This gives us a total of 39 structural parameters making the model just-

identified. The structural parameter vector is θ = (A′
0, vec(A1)

′, vech(D)′, β′, ω, τ).

To impose positivity we estimated log(ω) instead of ωs themselves. To start the

indirect inference algorithm we need to specify the simulation size, initial conditions,

long-run covariance matrix specifications (for the weighting matrix), and a matrix of

pseudo-random errors. The simulation size is chosen as 2500 so that the simulation

constant is 11.06. Since the model is just-identified the identity matrix is used as

weighting matrix. Initial conditions are set to their respective long-run expectations.

Computer-generated standard normal errors are used as pseudo-random numbers.

The method requires minimization of a GMM-type criterion function. There are

several optimization methods available. However, finding the optima for the indirect

inference criterion function, at least for this data set, proved to be very difficult.

Quasi-Newton methods with numerical derivatives did not converge or converged to

regions of the parameter space that produce infinities. Broyden’s root finding algo-

rithm7 (applied to the moment conditions directly) also did not work. The problem

was, again, that the VAR coefficients could not be calculated since simulated values

for the endogenous variables included infinities or not-a-numbers (NaN in MATLAB

terminology). The Nelder-Mead direct search algorithm does not require derivative

information and it was chosen as the optimization method for this problem. Two

problems arise in this case: (1) the algorithm is very sensitive to the starting val-

ues and (2) it involves a large number of function evaluations. An experimentation

with different starting values showed that, in most cases, the algorithm converges to

different solutions. This indicates that the objective function is not well-behaved.

Choosing good starting values, however, is not an easy task. For the markets under

study we can infer a specific trade pattern and start the algorithm from parameter val-

ues that give rise to this pattern. The Netherlands (Rotterdam) is the net importer

of soybeans from Brazil and the US. Fitting a preliminary VAR(1) on logarithmic

7For a good review of these methods from an applied perspective see Miranda and Fackler (2002),
Ch. 3 and Ch. 4.
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prices can give an idea for what those parameters would be. Even if the trade pattern

is known it is not possible to find out the mapping from the underlying parameters

to the VAR coefficients. However, the parameters can be chosen to lead to long-run

expected trade pattern (if it is known) by trial-and-error. The starting values are

chosen as

A′
0 = (0.79, 0.91, 0.55, 1.4)′,

vec(A1)
′ = (0.75, 0.06, 0.05, 0.05, 0.7, 0.05, 0.05, 0.07, 0.8, 0.001, 0.0005, 0.0005, 0.7)′,

vech(D) = (0.08, 0.04, 0.05, 0.03, 0.08, 0.01, 0.03, 0.09, 0.05, 0.08)′,

β = (0.7, 1.0, 0.7, 1.0, 0.64, 0.66)′,

log(ω) = (−0.91,−1.2)′, and

τ = (0.005, 0.005, 0.005, 0.005)′.

The parameter estimates are shown in Table 6.6. These parameter estimates

are used to approximate the two market integration measures discussed in previous

sections: regime frequencies and expected price transmission ratios. These measure

are approximated using Monte Carlo integration.

The regime probabilities and expected price transmission ratios are displayed in

Table 6.7. These results indicate that the US directly ships to Rotterdam about 31%

of the time and Brazil ships to Rotterdam about 17% of the time alone. Two-supplier

and one-receiver regime occurs approximately 51% of the time with the US and Brazil

both supplying to Rotterdam market. Also there is a very small chance that Brazil

is the sole supplier to both the US and Rotterdam. As seen from the expected price

transmission ratios the US and Rotterdam markets are strongly connected. The

excess demand shocks arising in the US will be transferred to EU market about 83%

of the time. The Brazil and US has an EPTR of about 52% arising mostly from the

indirect connection through the European Union market. The EPTR between Brazil

and Rotterdam is less than the EPTR between US and Rotterdam, at about 69%. It

seems that Brazil is less integrated with the EU market as compared to the US.



150

6.5 Summary and Conclusion

This chapter presents an estimation methodology for the n-location spatial price

equilibrium model. The strategy is known in the econometric literature as the in-

direct inference methodology. In general, this approach starts with two models: a

fully-specified stochastic structural model and an auxiliary or reduced form model.

Under certain regularity conditions the indirect inference estimates are both con-

sistent and asymptotically efficient. In the spatial market integration context the

indirect inference methodology can be applied by specifying conditional distributions

for the latent variables and estimating a VAR process on prices as the reduced form

model. This implicitly defines a mapping from the structural parameters to the re-

duced form parameters. After obtaining the parameter estimates the expected price

transmission ratios (or the regime probabilities) are approximated using Monte Carlo

integration.

The behavior of the methodology was studied in the context of a controlled exper-

iment using a 3-location model. The results showed that the estimation methodology

provides reasonably good estimates for the measures of market integration. In this

framework the biggest difficulty arises from the global optimization of the objective

function. Experimentation with several optimization methods revealed that only di-

rect search methods work reasonably well. The methodology was also applied to

selected world soybean markets. The results have shown that the US, Brazil, and

European Union soybean markets are strongly integrated.



151

Table 6.5: VAR Estimation Results for Prices

Dependent Variable US
Variables Lag Coefficient t-stat t-prob

US lag1 0.7653 4.9553 0.0000
US lag2 -0.2202 -1.1991 0.2318
US lag3 0.0507 0.3353 0.7377

BRA lag1 0.0277 0.1949 0.8455
BRA lag2 -0.0433 -0.2414 0.8094
BRA lag3 -0.0561 -0.4092 0.6827

ROTT lag1 0.2957 2.3031 0.0222
ROTT lag2 0.1341 0.8807 0.3794
ROTT lag3 -0.0015 -0.0117 0.9906
trend -1.7877 -0.6410 0.5221

constant -0.8910 -0.1389 0.8896
R̄2 0.92
Dependent Variable BR

Variables Lag Coefficient t-stat t-prob
US lag1 0.1551 0.9723 0.3319
US lag2 -0.1120 -0.5905 0.5554
US lag3 0.1888 1.2091 0.2279

BRA lag1 0.8405 5.7106 0.0000
BRA lag2 -0.1796 -0.9682 0.3340
BRA lag3 -0.1503 -1.0609 0.2899

ROTT lag1 0.1146 0.8650 0.3880
ROTT lag2 0.1238 0.7873 0.4319
ROTT lag3 -0.0342 -0.2453 0.8064
trend 0.4735 0.1644 0.8695

constant 8.2855 1.2509 0.2123
R̄2 0.92
Dependent Variable ROTT

Variables Lag Coefficient t-stat t-prob
US lag1 0.0774 0.4704 0.6385
US lag2 -0.1878 -0.9589 0.3386
US lag3 -0.1093 -0.6781 0.4984

BRA lag1 0.2340 1.5401 0.1250
BRA lag2 -0.1382 -0.7217 0.4712
BRA lag3 -0.0237 -0.1620 0.8714

ROTT lag1 0.7977 5.8279 0.0000
ROTT lag2 0.1138 0.7010 0.4840
ROTT lag3 0.1737 1.2053 0.2294
trend -1.6159 -0.5435 0.5873

constant 11.2085 1.6391 0.1026
R̄2 0.91
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Table 6.6: Indirect Inference Estimation Results

Variable Estimate S.E.
A01 0.0929 2.6774
A02 0.5598 2.3534
A03 0.0788 0.4359
A04 1.9157 1.4516
A11 0.8027 1.0321
A21 0.0485 1.2042
A31 0.0548 2.9932
A12 0.0572 0.8275
A22 0.6941 1.2193
A32 0.0470 3.5937
A13 0.0627 0.5089
A23 0.0744 0.6665
A33 0.9332 0.9921
A14 0.0009 0.8707
A24 0.0005 1.5191
A34 0.0007 0.8067
A44 0.6717 1.1662
D11 0.1270 0.2789
D21 0.0593 0.1429
D31 0.0481 1.5443
D41 0.0297 0.1386
D22 0.1022 0.2014
D32 0.0136 0.9662
D42 0.0351 0.1416
D33 0.0992 0.6852
D43 0.0468 0.2947
D44 -0.0022 0.6162
β1 0.5852 1.8665
β2 1.1509 N.A.
β3 0.7659 N.A.
β4 1.4042 N.A.
β5 0.6065 1.5925
β6 0.5241 1.3850

log(ω1) -0.2657 0.1706
log(ω2) -1.4604 0.9557

τ1 0.0055 0.3112
τ2 0.0062 0.3938
τ3 0.0048 0.3213
τ4 0.0029 0.2706

N.A. indicates that the associated factor coefficients are not identified.
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Table 6.7: Estimates of Market Integration Measures

Regime Estimate
US → ROTT 0.3119
BR→ROTT 0.1721

US→ROTT, BR→ROTT 0.5153
BR→US, BR→ROTT 0.0007

EPTR
EPTRUS−BR 0.5160

EPTRUS−ROTT 0.8279
EPTRBR−ROTT 0.6881

Notes: EPTR is the expected price transmission ratio whose calculation is explained in the text

(see p.129). All regime probabilities and EPTR are based on the parameter estimates from the

indirect inference methodology tabulated in Table 6.6.
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Chapter 7

Conclusion

This dissertation explores issues related to the estimation of the spatial market

integration. The primary motivation for this research is commonly used statistical

tests/measures do not in general have simple economic interpretation. Most of the

empirical work reviewed in Chapter 3 is based on linear models of a set of prices

in which market integration hypotheses are tested. Examples are linear regression

models, Ravallion model, Granger-causality and cointegration. If the model that

determines the prices is inherently nonlinear then all these linear models and tests

will be misspecified. The dangers of using time-series and regression methods have

been mentioned numerous times elsewhere in the literature. If the prices are all we

have then the structural estimation approach seems to be more appropriate.

Chapter 2 discussed the competitive spatial price determination models. A market

integration measure within the structural model was developed. The particular mea-

sure proposed is the price transmission ratio (PTRij) between regions i and j. In the

simple constant-cost competitive price determination model the PTRij is either 1 or

0 indicating perfect market integration and market segmentation, respectively. Thus,

as long as regions are connected by trade, directly or indirectly, the PTR will be 1. It

is possible in practice that regions are connected to the trade network at some points

in time and segmented at others. In this case the expected price transmission ratio
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(EPTRij) can be used. The EPTR is estimable if there exists a mapping from the

parameters of the conditional distribution of the underlying variables to prices. Since

the underlying variables are treated as latent, the only way to reveal this mapping is

to use a simulation estimation framework.

This dissertation applies the simulation based estimation strategy to obtain a mea-

sure of the degree of market integration among a set of spatial markets. As reviewed

in Chapter 4 there are several simulation methods at our disposal. These methods can

be considered as extensions of the generalized method of moments within a simulation

framework. The idea is that if the structural model leads to moment conditions which

cannot be calculated explicitly, then simulations can be carried out to approximate

those moment conditions. The simulated method of moments (SMM) matches a set of

sample moments from the observed data to the moments from the simulated data as

closely as possible. The Indirect Inference (II) and the Efficient Method of Moments

(EMM) utilize a reduced form model (auxiliary model) to generate a set of moment

conditions. In EMM terminology, the auxiliary model is called the moment genera-

tor since the expected scores for the auxiliary model are used as moment conditions.

The II and EMM have the same asymptotic properties if the same auxiliary model

is utilized. An example of the application of one of these methods was presented in

Chapter 5. The switching regime model with serially correlated underlying variables

can be estimated using a simulated method of moments framework. In this methodol-

ogy the observed price differential is matched to the simulated price differential using

a set of sample moments and auto-covariances. It was shown in Chapter 5, with the

help of a number of Monte Carlo experiments, application of the SMM strategy to

endogenous switching regime models with exogenous latent variables work well.

Chapter 6 provided the details of the indirect inference methodology for the es-

timation of spatial price equilibrium models and market integration measures. The

simulation strategy involves two steps: (1) estimating the model parameters using

a simulated GMM framework and (2) approximating the EPTR using simple Monte

Carlo integration. The specific estimation methodology used is known as the indirect

inference approach. This approach requires (1) setting a set of moment conditions

(2) specifying the conditional distributions for the latent variables in the structural
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model and (3) minimizing a minimum-distance criterion function with respect to pa-

rameters of interest. The moment conditions are based on the parameters from an

auxiliary model. The auxiliary model is presumed to be the one that summarizes

the data well but is possibly misspecified. We can also think of it as a reduced

model. Our purpose is to correct for the mis-specification in the auxiliary model by

searching for the structural parameter space within a GMM-type criterion function.

It is implicitly assumed that there exists a unique and one-to-one mapping from the

structural model parameters to the reduced form parameters. In a spatial market

equilibrium context this amounts to finding the structural parameters with the help

of a finite order Gaussian VAR on prices. The latent variables in the model, autarky

prices and transactions costs, follow a low-order VAR process. Transaction costs also

are assumed to be a function of a small number of common factors. For a given

structural parameter vector (which completely specifies the conditional distribution

for the latent variables) and initial conditions it is possible to simulate the autarky

prices and transaction costs using pseudo-random variables. After exogenous vari-

ables are simulated the model is solved for prices. The criterion function involves the

difference between the VAR parameters of the observed prices and simulated prices.

The algorithm involves repeating simulations and fitting VAR parameters until a pre-

determined convergence criteria are achieved. In practice the lag length for the VAR

on prices can be chosen using likelihood ratio tests or some information criteria. The

VAR lag length for the underlying variables can also be chosen in a similar way. The

structural model can be estimated for a small number of pre-determined lag lengths

for VAR on autarky prices and common factor. Then using a GMM-based informa-

tion criteria the specification that gives the minimum over-identifying test statistics

or the objective function value (if just identified) can be chosen as the best fit.

The estimation strategy summarized above uses the information contained in the

prices by pushing the limits of the structural estimation. There are many issues that

deserve attention for the future work. First, there are inherent identification issues

in a spatial market equilibrium model. In most cases a small number of links will be

used in a trade network. If some links are never used then there is no information for

the transaction costs on that link. If these links are known a priori then they can
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either be dropped or their parameters can be assigned values such that those links are

not profitable. In any case the numerical derivative matrix of the binding function

(the mapping from θ to β) will not be invertible. The columns associated with these

parameters will be zero. Second, the order of the VAR for the underlying variables

needs to be chosen in a systematic way. In particular, future work should pay more

attention to the relationship between information contained in the underlying vari-

ables and prices. As mentioned before, a GMM-based information criteria (Andrews

1999) has potential application for the lag length selection in the structural model.

Similar to the traditional information criteria, such as Akaike or Bayesian Informa-

tion Criteria, the GMM-based information criteria punishes for additional parameters

included in the structural model. The model is estimated for a pre-specified set of

lag orders and the model that gives the minimum chi-square statistic (the J-statistic

plus a punishment term) is chosen as the preferred model. Third, the estimation is

computationally very intensive and proper ways to decrease the required computa-

tion time need to be explored further. The estimation is based on finding the global

optima of a minimum-distance criterion function whose computation requires long

simulations from the economic model. There are many global optimization methods

available. However, most of them require explicit derivative information which, in

this, case is not available. The quasi-Newton methods with numerical derivatives

also proved to be not working well. The reason is that the objective function is ex-

tremely irregular. Derivative-free methods such as Nelder-Mead direct search method

can be used. This creates at least two problems: finding good starting points and

a large number of function evaluations. Since each function evaluation requires long

simulations of latent variables and solving the complementarity problem for prices

the total computation time can be very expensive. In the future practicability of

other global optimization methods, such as genetic algorithms or simulated annealing

methods, needs to be explored. Finally, the estimability of the model parameters

and market integration measure when transaction costs are an increasing function of

shipment amounts should be explored within the framework presented here. This dis-

sertation should be considered as a first step in attempting to develop an estimation

framework based on an explicit model of price determination. As such the scope of
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this research was kept to a simple model and a limited number of applications. In

the future, applications to other data sets and market structures should be able to

further enlighten our understanding of the framework developed in this study.
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Appendix A

Solution of the Model with Three

Locations

This appendix provides the derivation details of the three-location model with in-

creasing transactions costs discussed in Chapter 2. Total transport costs are assumed

to be an increasing function of shipment quantity on a given link, i.e.,

rij = ρij + φsij,

where φij = φji = φ, ∀i 6= j. This assumption is imposed only for notational simplicity

and clarity. It is possible to generalize this for cases in which each link has different

coefficient on shipment amounts. The implications of the model, however, do not

change.

One separated market, i ⇒ j, k separated

There will be 6 cases for this shipment pattern. The solution for prices will be

the same as in 2-location case:

p∗i =
1

bi + bj + φbibj

[ai(bi + φbibj) + bjaj − ρijbj] (A.1)

p∗j =
1

bi + bj + φbibj

[biai + aj(bj + φbibj) + ρijbi] (A.2)
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p∗k = ak. (A.3)

Shipment amount will be

s∗ij =
bi(aj − ai − ρij)

bi + bj + φbibj

, (A.4)

with total transport cost

r∗ij =
(bi + bj)ρij + φbibj(aj − ai)

bi + bj + φbibj

. (A.5)

One Location ships to both, i ⇒ j, i ⇒k

Three different trade patterns can arise in this case. Equilibrium conditions can

be written as ∑
i

bipi =
∑

i

biai

pj − pi = ρij + φsij

pk − pi = ρik + φsik.

Since location i supplies to both locations j and k the sum of all excess demand

quantities must be zero implies that

−qi = qj + qk = bj(aj − pj) + bk(ak − pk).

Replacing the shipment amounts and solving the linear system we have,



p∗i
p∗j
p∗k


 =

1

bicjck + bjck + bkcj




cjck −bjck −bkcj

ck bick + bk −bk

cj −bj bicj + bj







∑
i

biai

ρij + φbjaj

ρik + φbkak


 ,

where cj = 1 + φbj and ck = 1 + φbk. Also let ci = 1 + φbi. This solution can also be

written in terms of exogenous variables:




p∗i
p∗j
p∗k


 =

1

D1




bicjck bjck bkcj −bjck −bkcj

bick (bjci + α) bk (bick + bk) −bk

bicj bj (bkci + α) −bj (bicj + bj)







ai

aj

ak

ρij

ρik




,

(A.6)
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where D1 = bicjck + bjck + bkcj and α = φbjbk(1 + ci).

Shipment quantities associated with this equilibrium will be

(
s∗ij
s∗ik

)
=

1

D1

(
−λ1 (λ1 + λ2) −λ2 −(λ1 + λ2) λ2

−λ3 −λ2 (λ2 + λ3) λ2 −(λ2 + λ3)

)




ai

aj

ak

ρij

ρik




,

(A.7)

where λ1 = bibjck, λ2 = bjbk and λ3 = bibkcj.

Total transport costs can also be found using r∗ij = ρij + φs∗ij and r∗ik = ρik + φs∗ik,

(
r∗ij
r∗ik

)
=

φ

D1

(
−λ1 (λ1 + λ2) −λ2 φ−1d1 −λ2

−λ3 −λ2 (λ2 + λ3) −λ2 φ−1d2

)




ai

aj

ak

ρij

ρik




, (A.8)

where d1 = [(bi + bj)ck + bk] and d2 = [(bi + bk)cj + bj].

Two Sources, One Destination, i ⇒ k, j ⇒ k

Using the following equilibrium conditions and accounting identities

∑
i

bipi =
∑

i

biai

pk − pi = ρik + φsik

pk − pj = ρjk + φsjk

sik = −bi(ai − pi),

sjk = −bj(aj − pj),

the solution for prices is,



p∗i
p∗j
p∗k


 =

1

bicj + bjci + bkcicj




cj bj + bkcj −bj

ci −bi bi + bkci

cicj −bicj −bjci







∑
i

biai

φbiai − ρik

φbjaj − ρjk


 .
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This can also be written as,




p∗i
p∗j
p∗k


 =

1

D2




bick + γ bj bkcj −(bj + bkcj) bj

bi bjck + γ bkci bi −(bi + bkci)

bicj bjci bkcicj bicj bjci







ai

aj

ak

ρik

ρjk




.

(A.9)

where γ = φbibj(1 + ck) and D2 = bicj + bjci + bkcicj.

Shipment amounts will be,

(
s∗ik
s∗jk

)
=

1

D2

(
−(λ1 + λ5) λ4 λ3 −(λ4 + λ3) λ4

λ4 −(λ1 + λ2) λ6 λ4 −(λ6 + λ4)

)




ai

aj

ak

ρik

ρjk




,

(A.10)

where λ4 = bibj, λ5 = bibk and λ6 = bjbkci.

Total arbitrage costs will be

(
r∗ik
r∗jk

)
=

φ

D2

(
−(λ1 + λ5) λ4 λ3 φ−1d3 λ4

λ4 −(λ1 + λ2) λ6 λ4 φ−1d4

)




ai

aj

ak

ρik

ρjk




, (A.11)

where d3 = cj(bi + bk) + bj and d4 = ci(bj + bk) + bi.

Transshipment, i ⇒ j, j ⇒ k:

Equilibrium conditions will be,

∑
i

bipi =
∑

i

biai

pj − pi = ρij + φsij

pk − pj = ρjk + φsjk
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sij = −bi(ai − pi),

sjk = bk(ak − pk),

The solution for prices is,




p∗i
p∗j
p∗k


 =

1

bick + bjcick + bkci




ck −(bjck + bk) −bk

cick bick −bkci

ci bi (bi + cibj)







∑
i biai

ρij − φbiai

ρjk + φbkak


 .

This can be written in terms of exogenous variables as follows:




p∗i
p∗j
p∗k


 =

1

D3




γ1 bjck bk −(bjck + bk) −bk

bick bjcick bkci bick −bkci

bi bjci γ2 bi (bi + cibj)







ai

aj

ak

ρij

ρjk




, (A.12)

where D3 = bick + bjcick + bkci, γ1 = bickcj + φbibk and γ2 = bkcicj + φbibk.

Equilibrium shipment quantities will be

(
s∗ij
s∗jk

)
=

1

D3

(
−(λ1 + λ5) λ1 λ5 −(λ1 + λ5) −λ5

λ5 −λ6 (λ5 + λ6) −λ5 −(λ5 + λ6)

)




ai

aj

ak

ρij

ρjk




.

(A.13)

This implies that the total arbitrage costs at the equilibrium will be

(
r∗ij
r∗jk

)
=

φ

D3

(
−(λ1 + λ5) λ1 λ5 φ−1d5 −λ5

−λ5 −λ6 (λ5 + λ6) −λ5 φ−1d6

)




ai

aj

ak

ρij

ρjk




, (A.14)

where d5 = (bi + bj)ck + bk and d6 = bick + bjci + bk.
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