
ABSTRACT

LU, XUN. Essays in Agricultural Economics: Spatial Market Integration, Bayesian Spatial
Yield Risk Modeling, and Environmental Externalities of Crop Insurance. (Under the
direction of Barry Goodwin and Sujit Ghosh.)

There have been vast developments in empirical economic research in recent years.

Simple linear regressions have been developed into artificial neural networks; robustness

checks among several alternative models evolve into systematic model selection by cross-

validation. The three essays of this thesis focus on applications of various statistical and

econometric tools to economic topics.

The first essay utilizes semi-parametric smoothing models to study spatial price trans-

mission in the 19th-century French wheat market. The models are developed under

the framework of generalized additive models (GAM) with thin-plate regression splines

(TPRS). Generalized cross-validation is used to choose penalizing parameters and balance

the trade-off among smoothness, out of sample goodness-of-fit, and computational cost.

Such nonlinear models bring additional flexibility to reveal finer details in price transmis-

sion and naturally extend previous literature on the Law of One Price and spatial market

integration. The marginal responses to price differentials and impulse responses to exoge-

nous shocks reveal significant nonlinearity and asymmetry. The results show increased

market integration and faster price transmission in the French wheat market after the

expansion of French railroads and other technological improvements in the middle of the

19th-century.

The second essay proposes a model that captures the spatial dependence among

county-level crop yield distributions by Gaussian processes under a Bayesian hierarchi-

cal modeling framework. The Federal Crop Insurance Program rating method has large

welfare implications for taxpayers and may create unintended incentives for insurance

participants. Calculating actuarially fair premiums relies on accurate estimates of un-

derlying crop yield distributions. This paper proposes a model that captures the spatial



dependence among county-level crop yield distributions by a latent Gaussian process

based on a generalized non-isotropic exponential kernel. We show that the proposed flex-

ible spatial Gaussian process not only allows for borrowing information from near-by

counties via spatial dependence but also helps with imputing missing values thereby im-

proving the statistical accuracy of the yield estimates. To validate the use of the proposed

models, a variety of out-of-sample predictive measures are used, including leave-one-out

cross-validation, leave-future-out cross-validation, and loss ratio comparison. We find con-

siderable improvements of the proposed model in prediction and show this model to be

a useful tool that allows for spatial borrowing of information with limited yield data.

The third essay investigates the unintended environmental externalities of the highly

subsidized Federal Crop Insurance Program. Agricultural policies without explicit envi-

ronmental goals can indirectly affect the natural environment through its effect on farmer

input use behavior. The highly subsidized crop insurance program in the United States,

while developed to protect farmers against yield and revenue risks, also has the poten-

tial to influence fertilizer and land use decisions, which can then consequently impact

the extent of excess nitrogen and phosphorus that can run-off and pollute nearby water

bodies. This study utilizes county-level panel data from 1989-2015 to directly evaluate

the impact of crop insurance participation on nitrogen and phosphorus concentration

in waterways. Results from linear panel fixed effects models suggest that counties with

higher crop insurance participation tend to have lower nitrogen concentrations in its wa-

ter bodies, but the effects are small. In contrast, no statistically significant crop insurance

effect on phosphorus concentrations is found. Findings based on instrumental variable

methods and other empirical specifications generally support the baseline model results.

The modest crop insurance effects may be due to two competing mechanisms — the

moral hazard effect of crop insurance (i.e., reducing fertilizer use), being counteracted

by the incentive to bring in riskier crops or marginal land to production (i.e., increasing

fertilizer use).
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Chapter 1

French railroad and market

integration in the 19th century: a

Generalized Additive Model

approach

1.1 Introduction

Price transmissions across spatially separated markets are crucial to the understanding

of the extent of market integration and e�ciency and have important trade policy and

economic welfare implications. The classical concept of "Law of One Price (LOP)" states

that, under the assumptions of zero trade frictions and su�cient market participants,

price di�erentials of homogeneous goods across two or more markets are eliminated by

arbitrage activities, and there must be only one price regardless of where the goods are

traded. However, due to the wide existence of transport and transaction costs, trade and

information barriers, legal restrictions, and other market ine�ciency, the validity of LOP

when applied to spatial markets needs to be tested with modi�cations.
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The empirical studies focusing on time-series of price data has evolved from simple

correlation and regression analysis, Granger tests, and cointegration tests to various non-

linear regime switching and threshold models. Most studies use price transmission elastic-

ities, which are the percentage changes of prices in one market in response to price shocks

from another spatial separated market, to measure spatial price linkages. A close to one

price transmission elasticity supports the idea of market integration, while a unity price

transmission elasticity suggests perfect market integration. Early studies (Jasdanwalla

(1966), Cummings (1967), Lele (1967), Isard (1977)) using bivariate correlation analysis

fail to consider the nonstationary nature of price series and common components such

as in
ation. Therefore, the regression coe�cients may not be consistent and inferential

problems may emerge (Harriss (1979)). To overcome such inferential issues, a stream of

studies (Ba�es (1991), Goodwin and Schroeder (1991), Bessler and Fuller (1993), Sil-

vapulle and Jayasuriya (1994)) utilize cointegration models (Engle and Granger (1987))

to analyze the spatial market relationship, yet they are criticized for their omission of

transaction costs and representation of long-run equilibrium rather than short-run price

dynamics.

Modern studies include unobserved transaction costs and adjustment lags explicitly

into the models (Fackler and Goodwin (2001)). Price adjustments only happen when the

price di�erential between two spatial markets is higher than the transaction cost. Other-

wise, price movements within the transaction cost band may be random. Various forms of

threshold autoregression (TAR) or threshold error correction (TEC) models (Balke and

Fomby (1997), Obstfeld and Taylor (1997), Goodwin and Grennes (1998), Goodwin and

Piggott (2001)) consider either a �xed transaction cost band, a band proportional to price

di�erentials, or a variable band, and estimate the probability of spatial arbitrage oppor-

tunities and speed of price adjustments that eliminate these conditions. Recent studies

move from discrete threshold models (Balcombe et al. (2007)) to smooth-transition mod-

els (Goodwin et al. (2011)) and models being able to detect nonlinearity and asymmetry

2



in price responses. In addition, due to the aggregate nature of reported market prices

and individual arbitrage activities, there may not be a sharp cuto� of price di�erential

for pro�table arbitrages or a single implied transaction cost between each market pair.

Therefore, allowing for gradual transitions instead of discrete transitions and using a

more 
exible nonlinear model may be able to capture more detailed price dynamics.

This paper extend the generalized additive models (GAM) approach proposed by

Guney et al. (2019) to study the nonlinearity and asymmetry in price transmission pro-

cesses. The measure of spatial price linkages, price transmission elasticities, are allowed

to be fully 
exible, instead of being a constant or the sum of a small number of piecewise

functions. An error correction model is �tted instead of an autoregressive model to pro-

vide better interpretability under the theory of law of one price with transaction costs.

The advantage of GAM over discrete or smoothed threshold models is that GAM �tting

is less sensitive to a dataset of well-integrated market pairs with fewer extreme values

in price di�erentials, due to its well-de�ne variance-bias trade-o� in the likelihood func-

tion and model speci�cations. Meanwhile, although threshold values can be �tted within

the threshold models, some criteria need to be chosena priori , such as the number of

regimes and minimum percentage of data points in each regime, which may a�ect the

model estimations signi�cantly.

The application of the GAM price transmission analysis is to the wheat market in the

19th century France. The paper examines how the development of the French railroad

system started from 1842, expanding to over 23,000 kilometers by the end of 1871 (Clout

(2013)), together with the technological advance in telegraph and steam-powered boats,

a�ects price transmission processes and degree of market integration in the French wheat

market. First, time series characteristics of the prices in spatially distinct market such

as stationarity and cointegration relationships are tested. Next, a suite of linearity tests

are performed to support the application of nonlinear models. Then, a threshold model

is �tted and compared with the GAM. Finally, a GAM is �tted and marginal e�ects

3



of the error correction term on the price di�erentials are reported. In addition, general-

ized impulse response functions are calculated to study shock dissipation processes. In

general, GAM results are consistent with the presumption and previous �nding (Ejrn�s

and Persson (2000)) of higher degrees of market integration after the technological im-

provements, and demonstrate some nonlinearity and asymmetry in price transmission

processes between pairs of markets.

1.2 Background and Data

1.2.1 French Grain Market Integration

Whether French agricultural markets became fully integrated in the 19th century remains

inconclusive based on previous studies. Traditional view (Meuvret, 1946) from historians

such as Ferdinando Galiani and Jean Meuvret is that French grain markets were un�t

for dealing with major supply disruptions, thus they are not integrated until the early

20th century. Early quantitative studies (Saint-Amour and Chevet, 1991) (Chevet and

Saint-Amour, 1992) did not explicitly model the transport and transaction costs and

concluded that French agricultural markets did not become fully integrated, thus un-

derestimated the wheat price linkages among spatially separated markets. Furthermore,

their Granger-causality analysis between markets resulted in some confusing conclusions

- the Paris region, the largest producing and consuming area, was dominated by other

regions. Ejrn�s and Persson (2000) introduced a threshold equilibrium error correction

model and estimated the speed of adjustment together with the thresholds. Their showed

that shocks from a nearby market was adjusted into the equilibrium threshold within 2-3

weeks, which suggested that French wheat markets were well integrated by the middle

of the 19th century.
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1.2.2 Wheat Price Data

The data used in this study is biweekly wheat prices in several major cities in France

from 1825-1903, downloaded from The Economic History Association website (Bertrand

Roehner, 2021), published in the bookOne century of wheat trade in France, 1825-

1913 (Drame, 1991). The price data originate frommercuriales collected by municipal

authorities to monitor price 
uctuations and �x the price of bread. The markets selected

in this study are Bordeaux, Lyon, Marseille, Nantes, Rouen, and Toulouse, covering the

majority of production and consumption markets in France except for Paris during the

time periods. They are well spatially separated, and only contain a small percentage of

missing values. The price data from selected cities of interest are shown in �gure 1.1.

There are 
uctuations in wheat prices over the years, though they generally move in the

same direction and the price di�erentials between market do not persist.

The price data were collected in local markets in 19th century, so it may contain

some misprints or typing errors. The estimates of the adjustment parameters are very

sensitive to extreme values, since the adjustment parameter for large shocks are mostly

determined locally by very few extreme values. True extreme values provide rich infor-

mation on price adjustment processes, while false shocks may diminish real responses.

In this study, outliers are determined carefully using a similar procedure described in

Ejrn�s and Persson (2000), which removes isolated extreme shocks that is not recorded

in nearby markets and where price returns to previous level immediately. Only 8 out of

11376 observations (less than 0.07%) are deemed errors by this method.

1.2.3 Railroads and Technological Developments

The technological advancements and infrastructure developments mainly happened dur-

ing the Second Empire under Napoleon III, with his policy emphasis on economic ex-

pansion and modernization (Plessis, 1985). By the end of the 1850s, all major cities were

5



connected by roads or canals, though long distance transportation (over 400km by canal

or over 100km by road) of grain was rare. The railway system was mostly built by the

state and operated by private companies to increase e�ciency. There were also bank-

ing incentives and �nancing options provided for middle class to invest in the economic

growth (Haines, 1972). When the rail system linked all major cities after 1865, trade

volume of cereals and beverages increased by 140%, but rail transportation did not com-

pletely crowded out inland navigation (Ejrn�s and Persson, 2000). The speci�c trade

pattern was further complicated by coastal shipping and imports from the US and Rus-

sia. Nonetheless, stronger links in the wheat market among French regions are expected

after the infrastructure investments.

Year-by-year railroad development shows that the majority of railroads were built

between 1850-1865, and by 1871 the systems included over 23,000 kilometers (Clapham,

1936). Therefore, the dataset is divided into two periods: 1825-1850, when railways and

telegraphs were not available yet, and 1870-1903, when modern transportation and infor-

mation exchange systems were in place. The intermediate period when the infrastructure

systems were developing is dropped. The hypothesis to be tested is that railroad de-

velopment and other technological advances during the mid-19th century brought down

the transaction costs signi�cantly and strengthened the links among those previously

separated or poorly integrated markets; pro�table spatial arbitrages induced faster and

stronger price responses to nearby markets; unidirectional inland transport might evolve

into grains trading from both directions.
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1.3 Theoretical Backgrounds

1.3.1 Law of One Price

Early empirical tests on Law of One Price focus on ordinary least squares regression

between a pair of market prices:

pi;t = � + �p j;t + � t

wherepi;t and pj;t denote the prices at timet in markets i and j . When both price series

are stationary, � = 0 and � = 1 implies perfect market integration and compliance with

Law of One Price conditionpi;t � pj;t = 0. Otherwise, the statistical inference will not

be reliable due to inconsistent standard errors. When prices are in logarithmic terms,�

represents the price transmission elasticity.

The OLS analysis omits transaction and transport costs. It represents long-run price

parity rather than short-run price transmission dynamics. When transaction costs are

considered, the arbitrage-free condition becomes:

� c1 � pi;t � pj;t � c2

wherec1 is the transaction costs from marketj to market i , and c2 is the transaction costs

from market i to market j . For a pair of well-integrated markets, the price di�erential

should rarely exceed transaction costs, and arbitrage opportunities should be quickly

eliminated by arbitragers buying at the lower price and selling at the higher price until

the trades are no longer pro�table. The speed of adjustment back to equilibrium re
ects

the degree of market integration. Recent studies extend this approach by considering

time-varying transaction costs, smooth and gradual transitions, and increasing 
exible

nonlinear models which do not rely on speci�c and rigid assumptions.
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1.3.2 Stationarity Tests

If price series are not stationary, then conventional hypothesis tests and inferences cannot

be directly applied to OLS analysis. Stationarity tests are performed on the natural

logarithm of each price series in levels and �rst di�erences.

The Augmented Dickey Fuller (ADF) tests (Fuller (2009)) (without drift or deter-

ministic linear trend) are used for testing the null hypothesis that a unit root is present

(stochastic trend):

� yt = 
y t � 1 + � 1� yt � 1 + � � � + � p� yt � p+1 + � t

where the order of lagsp is chosen by Bayesian information criterion (BIC), andH0 : 
 =

0 is tested againstH1 : 
 < 0. Under the null hypothesis, thet-statistic DF 
 = 
̂
SE (
̂ ) does

not have a normal distribution and the critical values need to be derived by simulations.

For a test statistic smaller than the corresponding critical value, the null hypothesis that

the time series has a unit root will be rejected.

Kwiatkowski{Phillips{Schmidt{Shin (KPSS) tests (Kwiatkowski et al. (1992)) are

used for testing the null hypothesis of level-stationarity against the alternative of a unit

root:

yt = � 0 + r t + � t

r t = r t � 1 + ut

whereut is i.i.d. (0; � 2
u). The KPSS test statistic is the Lagrange multiplier (LM) or score

statistic for testing H0 : � 2
u = 0 against H1 : � 2

u > 0. The null and alternative hypotheses

in the KPSS test are opposite to those in the ADF test. For a test statistic larger than the

corresponding critical value, the null hypothesis that the time series is trend stationary

will be rejected.
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1.3.3 Cointegration

If the price series are not stationary, they are likelyI (1) processes and are usually checked

for cointegration. For a pair of price seriesp1;t and p2;t that are both I (1) processes, a

linear combination of them must be stationary, i.e.:

p1;t � �p 2;t = ut

where ut is a stationary process. Since� is unknown, it can be estimated by ordinary

least squares (OLS). Then, an ADF test (where the test statistic under null hypothesis

no longer follows the Dickey-Fuller distribution) can be applied to estimated residual ^ut .

This is commonly known as the Phillips{Ouliaris cointegration test (Phillips and Ouliaris

(1990)).

For cointegration analysis of severalI (1) price series, the Johansen test, based on log-

likelihood ratio test using trace (Johansen and Juselius (1990)) or eigenvalues (Johansen

(1991)), allows for more than one cointegrating relationship. For a vector autoregression

model with p lags (VAR(p)):

Yt = �D t +
pX

i =1

� i Yt � i + et

where D t is a vector of deterministic variables. Consider the long-run vector error cor-

rection model (VECM) representation:

� Yt = �D t + � Yt � p +
p� 1X

i =1

� i � Yt � i + et

where � i =
P i

j =1 � j � I . Cointegration happens when � has reduced rank. The Johansen

tests for H0 : Rank(�) � k againstH0 : Rank(�) > k sequentially fork = 0; 1; : : : ; n � 1

until the null cannot be rejected, wheren is the number of price series examined. A test
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result of rank k (1 � k � n � 1) suggests up tok cointegration relationships.

1.3.4 Linearity Tests

A wide range of 
exible nonlinear time series models rise in popularity recently in the

study of price transmission, yet it is critical to test the assumption of nonlinearity to

avoid over�tting or picking up spurious relationships. In general, to test for nonlinearity,

the null hypothesis is linearity, while the alternative hypothesis is some speci�c forms of

nonlinearity.

A variety of linearity tests are conducted on the log price di�erentials between pairs

of cities in periods 1825-1850 and 1870-1903. The Terasvirta (Ter•asvirta et al. (1993))

and White neural network tests (Lee et al. (1993)) are based upon a neural network of a

single hidden layer:

yt = wt � +
qX

i =1

� i � (wt 
 i ) + � t

wherewt = (1 ; yt � 1; : : : ; yt � p), q is the number of neurons in the hidden layer, and� (x) =

1
1+ e� x is the Sigmoid activation function. The null hypothesis in White's test is the weights

� on the activation function are all 0, while that in Terasvirta is coe�cients 
 in the

activation function are all 0. The tests are Lagrange multiplier tests applied directly on

the nonlinear series or based on a Taylor expansion.

Keenan's test (Keenan (1985)) and Tsay's test (Tsay (1986)) examine quadratic serial

dependence (dot product and cross product respectively) in autoregressive processes and

utilize the F-test statistic to test whether the linear model is well �tted under the null

hypothesis.

Last but not least, a likelihood ratio test is employed to discriminate self-exciting

threshold autoregressive (SETAR) model (Goodwin and Piggott (2001)) from linear au-

toregressive model. The details of SETAR model will be explained in the next section.
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1.3.5 Self-Exciting Threshold Autoregressive Model

Prior to �tting a generalized additive model, a standard "self-exciting" threshold autore-

gressive (SETAR) model with 2 thresholds (3 regimes) is applied to the price di�erentials

between pairs of price series:

� yt = ( � 1;0 + � 1;1yt � 1)1(yt � 1 � c1)

+ ( � 2;0 + � 2;1yt � 1)1(c1 < y t � 1 < c2)

+ ( � 3;0 + � 3;1yt � 1)1(yt � 1 � c2)

where yt is the price di�erentials yt = p1;t � p2;t , � 1;0, � 2;0, � 3;0, are the constants in 3

regimes,� 1;1, � 2;1, � 3;1 are the price adjustment parameters in 3 regimes,c1; c2 are two

threshold values, �tted within the model, corresponding to the directional transport and

transaction costs, and1 is the indicator function. Under the assumption of transaction

cost band (the price di�erential follows a random walk within the band, and adjusts

towards 0 outside the band),� 1;1 and � 3;1 should both be negative, and� 2;1 should be

close to 0.

1.3.6 Generalized Additive Models

Generalized additive models (GAMs) (Hastie and Tibshirani, 1990) relax the linearity

assumption in generalized linear models (GLMs) by replacing parametric linear covari-

ates with a sum of smooth functions of covariates. The non-parametric smooths function

allow for great 
exibility, while the additive e�ects of the model avoid the curse of dimen-

sionality. For a response variableY (prices, price di�erentials, etc.), covariatesx1; x2; :::

(lagged prices, lagged price di�erentials, etc.), a GAM takes a form like (Wood, 2017):

g(� i ) = A i 
 +
X

j

f j (x ji ); yi � EF (� i ; � )
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whereA is a parametric model matrix with corresponding parameters
 , f j is a smooth

function of covariatex j , and EF (� i ; � ) is an exponential family distribution with mean

� i and scale parameter� .

In the application of this paper,yi is assumed to follow a Gaussian distribution with

an identity link function, and the model contains smooth functions only after taking �rst

di�erences or cross di�erences:

yi =
X

j

f j (x ji ) + � i ; � i � N (0; � 2)

Most commonly used smooth functions are based on splines, which are curves con-

structed from piecewise polynomials with continuous derivatives at the point which they

are joined (knots). Representing the smooth functions by a sum of locally de�ned basis

functions can avoid the wild oscillation (Runge's phenomenon) caused by higher order

polynomial interpolation. The trade-o� between the smoothness of the estimated func-

tions and the goodness of �t is governed by the smoothing parameter� , which puts a

penalty on the wiggliness of the smooth functions.� ! 1 results in a straight line �t

with high discrepancy between data and estimation (under�tting), while� = 0 ends up

with a highly curvy �t through every observation (over�tting). Once a speci�c type of

spline is chosen, the estimation can then be accomplished by penalized maximum likeli-

hood estimation or penalized iterative least squares, where the smoothing parameter can

be estimated either by cross validation or marginal likelihood maximization.

There are various splines available for di�erent models, including cubic regression

splines, P-splines, thin plate regression splines, Duchon splines, etc.. Thin plate regression

splines (TPRS) are chosen in this paper because of several bene�ts: knots and basis

functions do not need to be preset, hence less subjectivity goes into the model; smoothness

and penalization are clearly de�ned; and low rank approximation can well resemble the

estimation without su�ering from high computational cost.
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A thin-plate regression splinef (x) such that yi = f (x i ) + � i (x i 2 Rd, 1 � i � n) is

estimated by �nding the function f̂ minimizing

jjy � f jj 2 + �J md (f )

where� is the smoothing parameter, andJmd is the wiggliness penalty, wherem controls

the order of penalty on the smooth functions, withm = 2; d = 1 in this paper (penalty

on second order derivatives, 1 independent variable),Jmd is de�ned as:

J21 =
Z

R

�
d2f
dx2

� 2

dx

It can be shown that TPRS f̂ has the explicit form composed of polynomial basis

functions and radial basis functions at every observations:

f̂ (x) = � 1 + � 2x +
nX

i =1

� i jj x � x i jj 2

where �; � are parameters to be estimated, subject to linear constraints
P n

i =1 � i = 0,
P n

i =1 � i x i = 0, and jj � jj is the Euclidean norm. Then the explicit form of TPRS can

be substituted in the minimization problem, and the parameters�; � can be estimated

from the equivalent unconstrained problem. Compared to some other splines, the TPRS

is derived from minimization of weighted sum of least squares and de�ned smoothness

objectives, rather than constructing directly from basis functions, and no knots or basis

functions need to be preselected.

The high computational cost (O(n3)) of having as many parameters as data points

n can be solved by truncating the radial basis function interpolation matrixE, where

E ij = jjx i � x j jj . Let E = UDUT be the eigen-decomposition, whereD is a diagonal

matrix whose diagonal elements are the corresponding eigenvalues ranked in descending

absolute value (jD i;i j � j D i +1 ;i +1 j). By using Dk the top left k � k submatrix of D, and

13



corresponding eigenvectors matrixUk in the minimization problem and linear constraints,

the smoothing spline can be solved with a rankk approximation with a computational

cost of O(k3).

Choosing the adequate smoothing parameter� to balance the tradeo� between over-

smooth and under-smooth is based on generalized cross validation in this paper. The

idea is to choose a� to minimize the mean squared error. Since the true functionf is

unknown, leave-one-out ordinary cross validation score

� o =
1
n

nX

i =1

(f̂ i
[� i ]

� yi )2

can be use as an estimate. However, it is computationally expensive to re�t the modeln

times to derive this estimate. In practice, it can be approximated by replacing individual

elements of in
uence matrix of the full sample estimationA ii with their mean tr (A)=n,

resulting in the generalized cross validation score

� g =
n

P n
i =1 (yi � f̂ i )2

(n � tr (A))2

Compared to linear models or threshold models often used in price transmission anal-

ysis, interpretations of �tted TPRS models is di�erent from those since the marginal

e�ects (@f=@x) vary across dependent variable continuously rather than being a �xed

value or a set of discrete values. When using logarithmic prices as variables, the marginal

e�ects can be interpreted as price transmission elasticities, which are expected to be

greater in response to large price shocks. Linear relationships could also be well repre-

sented by the model with a low e�ective degrees of freedom parameter close to 1 or a

large smoothing parameter� determined by the data.

Given the nonlinearity nature of the model, it's also interesting to see how prices react

to shocks of di�erent sizes, directions, and history over time using generalized impulse
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response functions, de�ned as:

GIRF (n; � t ; ! t � 1) = E(yt+ n j� t ; ! t � 1) � E(yt+ n j! t � 1)

wheren is the periods after the shock� t , and ! t � 1 is the history.

The computation of the generalized impulse response function is done by Monte Carlo

simulation, consisting of following steps:

1. Select a shock� t (+ =� 1; 2; 3 standard deviation) and history! t � 1 (the equilibrium

state).

2. For a given periodsN = 12 (about 6 months), randomly generate (N + 1) � R

shocks under Gaussianity assumption, whereR = 1000 is the number of runs.

3. Calculate the realizationyt+ n (! t � 1; � t ) for n = 0; 1; : : : ; N using ! t � 1, shock of

interest � t , and n randomly generated shocks from previous step as input to the �tted

model. Calculate the realizationyt+ n (! t � 1) for n = 0; 1; : : : ; N using the same method

and information, except for replacing� t with one additional random shock.

4. Repeat previous stepR times and calculate the averages overR runs for both

series. Under the law of large numbers, the di�erence of the averages will converge to the

expectation, i.e. the generalized impulse response function de�ned above.

1.4 Empirical Results and Discussions

1.4.1 Stationarity Tests

Table 1.1 and 1.2 reports the results of ADF tests and KPSS tests on levels and �rst

di�erence of logarithmic price series. The null hypotheses of a unit root cannot be rejected

for wheat prices in all markets in the ADF tests, while the null hypotheses of level-

stationarity are rejected for wheat prices in all markets in the KPSS tests. Both tests

indicate existence of unit roots in level of price series and stationarity in �rst di�erence of
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price series, supporting the common presumption that each price series is anI (1) process

with a stochastic trend that follows a random walk. Therefore, standard OLS regressions

and inference between pairs of price series (used in early quantitative analysis for French

grain market integration) may give misleading results, and cointegration analysis should

be applied to price series.

1.4.2 Cointegration Tests

Table 1.3, 1.4, 1.5, 1.6, and 1.7 reports the results of cointegration tests and pairwise

linear regressions. Overall, the cointegrations tests support the hypothesis that there

are stronger linkages among French wheat markets in the late 19th century. In the

Phillips{Ouliaris Cointegration tests, the null hypotheses of unit root processes in the

linear combinations of prices pairs are rejected in every cases, suggesting pairwise coin-

tegration and long-run equilibria.

The Johansen conintegration tests are applied on subsamples of 1825-1850 and 1870-

1903 due to test sensitivity to potential structural breaks. In 1825-1850, there are up to

3 or 5 cointegration relationships at signi�cance level of 1% or 5%. In 1870-1903, there

are 5 cointegration relationships at signi�cance level of 1% or 5%. The result signals a

stronger cointegration relationships among price series in the late 19th century.

In the pairwise OLS, estimates of the intercept and slope terms are close to zero and

one respectively in both periods. The price transmission elasticities range from 0:445 to

1:263 in the �rst period and 0:827 to 1:156 in the second period. In the latter period,

regressions of all pairs have a higher adjustedR2, and the coe�cients are closer to zero

and one, giving evidence to stronger links among markets compared to the previous

period, since� = 1 suggests a unit price transmission elasticity.
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1.4.3 Linearity Tests

Table 1.8 and 1.9 reports the results of linearity tests on pairs of price series in both

periods. The tests reject linearity assumptions against various models in almost every

case for the latter period, but the signs for the nonlinearity relationships are weaker in

some pairs of markets for the previous period. The reason for the lack of nonlinearity

in the previous period could be that some markets were not well integrated. Therefore,

the force of adjustment was not strong enough even for large price di�erentials, and

the price di�erentials essentially follow a random walk. If that is the case, then the

stronger nonlinear relationship in the late 19th century supports the patterns of price

adjustment processes with transport and transaction costs. Another explanation for the

linear relationship is that the pair of market is integrated through a third market, thus

the low implicit transaction costs can be explained as the di�erence of the transaction

costs to the third market.

1.4.4 Self-Exciting Threshold Autoregressive Model

Table 1.10 and 1.11 reports the results of SETAR model on pairs of price series in both

periods. Generally speaking, the �tted models in the latter period are more consistent

with the transaction costs band hypothesis, shown by a negativec1, and positive c2,

negative� 1;1 and � 3;1, and near 0� 2;1. Since price series used in the model are in logarithm

forms, a threshold value of +=� 0:05 means that the implicit transaction cost is roughly

5% of the wheat price, and the magnitude of that is corroborated by contemporary

records in theAlbum de statistique graphique. In the market pairs where the linearity

tests fail to reject linearity, SETAR does not perform well, the likelihood function has

plateau problem, and threshold values are sensitive to model setup. In that case, the

threshold values cannot be interpreted as transaction costs.
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1.4.5 Generalized Additive Models

The generalized additive models is an extension of an error correction model, and it

allows marginal e�ects vary across independent variables:

� yt = f (yt � 1) + � t

where yt is the di�erence of the log price of a pair of cities, andf is the smoothing

function. The change of the price di�erentials between a pair of cities depends on its past

values. The marginal e�ects of the smoothing functions with 95% con�dence intervals (6

pairs of market � 2 time periods, �xed y scale) are presented in �gure 1.2. Compared

with the marginal e�ects during the �rst period, the speeds of adjustment during the

second period are generally higher in response to large price di�erentials in the past,

especially at the tails, suggesting a faster adjusting processes with large price di�erential.

Large price di�erentials are less frequent in the latter period. For market pairs such as

Marseille - Lyon and Toulouse - Lyon, the marginal e�ects are 
at for the �rst period,

and the magnitudes are small even for large price di�erentials, indicating the lack of

market integration; during 1870 - 1903, the thunderbolt shaped marginal e�ects suggests

quicker price adjustment at the tails and increased market integration.

Generalized impulse response functions of 12 periods (roughly 6 months) for shocks

of +=� 1; 2; 3 standard deviations are shown in �gure 1.3. Compared with the sub�gures

during 1825 - 1850, shocks during 1870 - 1903 dissipate much quicker, and larger shocks

decay faster than smaller shocks. This could be explained by the telegraph that linked

all major cities of commerce in France in the second period. Positive shocks and negative

shocks perform di�erently in some market pairs due to asymmetric marginal e�ects and

the upstream-downstream pattern of grain trades. The e�ects of shocks of one standard

error generally disappear after 12 - 14 weeks, which seem plausible given the grain trading

and transport patterns. In general, faster convergence to the equilibrium in the latter
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periods supports the idea of more e�ciently linked French wheat markets in the late

19th century.

1.4.6 Comparisons of GAM with OLS/SETAR

Figure 1.4, 1.5, and 1.6 shows the comparisons of GAM with traditional models using

either prices or price di�erentials. Figure 1.4 presents the estimates of linear regression

and GAM. Notice that the GAM nests the linear speci�cation, and the deviation from

linearity is penalized in the likelihood function. Figure 1.5 shows the marginal e�ects

of two speci�cations. The linear models have constant price transmission elasticities,

while in the GAM speci�cation, the price transmission elasticities are allowed to vary

across the range of prices. The closer to one price transmission elasticities suggests a

better integrated market in the late 19th century from linear models, while the price

transmission elasticities in the GAM speci�cation generally shows lower variations across

price ranges.

Figure 1.6 shows the di�erence of the marginal e�ects estimated from GAM and SE-

TAR speci�cations. Here the marginal e�ects are the speed of price adjustments across

the range of price di�erentials between pairs of markets. Under the theory Law of One

Price with transport and transaction costs, we should expect negative marginal e�ects at

both large positive and large negative price di�erentials, meaning that the price di�eren-

tials will move towards zero in the next period. Note that in some cases when there are

not enough evidence of nonlinearity demonstated in the data, GAM will give a constant

marginal e�ect, while the result of SETAR would be sensitive to model setups.

1.4.7 Discussion

It is interesting to examine the results of the model on some speci�c pairs of markets

and compare with historic records. According to theAlbum de statistique graphique, the

grain trades from Lyon to Marseille mainly relied on downstream inland transportation
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on Rhone river in the 1890s. In the �gure of Marseille-Lyon 1870-1903, when the wheat

price is higher in Marseille, there are strong responses for the price di�erentials to reduce;

on the other hand, a higher price can rarely be observed in Lyon, and the marginal e�ect

is not as strong as that in the right tail. There also exist some asymmetric responses

at the tails, indicating asymmetric transaction costs and possible unidirectional trades,

probably due to transports cost di�erence in upstream/downstream inland navigation or

concentration of producers/consumers.

For the wheat markets between Toulouse - Lyon and Toulouse - Marseille, there are

many observations in the �rst period with the prices in Lyon and Marseille are over

20-30% higher than the prices in Toulouse, but there are little evidence for price adjust-

ments, suggested by the close to zero marginal e�ects. The asymmetric price di�erentials

also suggest that the trade is in one direction only, namely from Toulouse to Lyon and

Marseille. However, in 1870 - 1903, the price di�erential are more symmetric, suggesting

the trade is in both directions. This could be corroborated by the fact that at the end

of 19th century, Marseille became a major importer of Russian and North African grain.

Therefore, the price adjustment e�ects are quite strong at both positive and negative

price di�erentials between the market pairs. Also, these market pairs see more improve-

ments in terms of stronger price adjustments in the second period, as they were not

connected by waterways and enjoyed a larger declines in transport costs as rail replaced

road.

The asymmetry adjustments to positive and negative shocks might be indicators of

leader - follower relationships in satellite markets. For example, there are signi�cant

asymmetry in the marginal e�ects in Rouen - Nantes markets in 1870 - 1903, when they

are both under the impacts of North Atlantic grain imports. However, Nantes is more

conveniently located on the western seaboard of the North Atlantic Ocean, and it is

served as the major port for the grain imports.

Overall, the marginal e�ects and impulse response functions provide evidence for
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higher degrees of market integration in the French wheat market after the technological

developments in mid-19th century.

1.5 Conclusion

This paper examines the wheat market integration and price linkages across major French

regional districts in the 19th century. The models are based on thin-plated regression

splines under the framework of generalized additive models, providing additional 
exibil-

ity and well-de�ned bias-variance trade-o� over previous methods. Model �ttings are im-

plemented by penalized maximum likelihood estimation and generalized cross-validation.

Generalized impulse response are calculated by simulations.

There are strong evidence that the French wheat market became more e�ciently inte-

grated after the modernization of information exchange system and railway system. Large

price di�erentials are rarer and price responses are stronger in the late 19th century. In

addition, there are signi�cant nonlinearity in the marginal e�ects and price transmission

elasticities across various price di�erentials. Speci�cally, larger price di�erentials lead to

quick equilibration, while smaller price gaps induce little to no price responses. Asymme-

try at two tails of marginal e�ects and inequality between positive and negative impulse

responses corroborate with heterogeneous transaction costs and unidirectional trade pat-

terns in some market pairs. Overall, the model and estimates reveal a well integrated

French wheat market by the end of the 19th century.

Table 1.1 Stationarity Tests for Log Price Series in Level.

ADF Test, Level KPSS Test, Level
Price Series Test Statistics P-Value Test Statistics P-Value
Bordeaux -0.042 0.67 1.249*** < 0.01
Lyon -0.185 0.62 0.584*** < 0.01
Marseille -0.153 0.63 0.989*** < 0.01
Nantes -0.095 0.65 1.073*** < 0.01
Rouen -0.140 0.64 1.119*** < 0.01
Toulouse -0.022 0.68 1.333*** < 0.01
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Table 1.2 Stationarity Tests for Log Price Series in First Di�erence.

ADF Test, First Di�erence KPSS Test, First Di�erence
Price Series Test Statistics P-Value Test Statistics P-Value
Bordeaux -28.033*** < 0.01 0.012 > 0.10
Lyon -28.269*** < 0.01 0.013 > 0.10
Marseille -32.269*** < 0.01 0.011 > 0.10
Nantes -29.315*** < 0.01 0.011 > 0.10
Rouen -29.621*** < 0.01 0.011 > 0.10
Toulouse -26.887*** < 0.01 0.011 > 0.10

Table 1.3 Phillips{Ouliaris Cointegration Test.

Pairs of Price Series Test Statistic P-Value
Rouen - Nantes -245.611*** < 0.01
Nantes - Bordeaux -450.903*** < 0.01
Bordeaux - Toulouse -255.316*** < 0.01
Toulouse - Marseille -68.244*** < 0.01
Toulouse - Lyon -65.308*** < 0.01
Marseille - Lyon -211.903*** < 0.01

Table 1.4 Johansen Cointegration Test, Maximum Eigenvalue Test, 1825 - 1850.

Eigenvalues 0.1209 0.0637 0.0583 0.0368 0.0249 0.0095
Hypothesis Test Stat 10% CV 5% CV 1% CV
r < = 5 5.92 6.50 8.18 11.65
r < = 4 15.65** 12.91 14.90 19.19
r < = 3 23.22** 18.90 21.07 25.75
r < = 2 37.26*** 24.78 27.14 32.14
r < = 1 40.84*** 30.84 33.32 38.78
r = 0 79.88*** 36.25 39.43 44.59
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Table 1.5 Johansen Cointegration Test, Maximum Eigenvalue Test, 1870 - 1903.

Eigenvalues 0.1616 0.0971 0.0834 0.0658 0.0472 0.0101
Hypothesis Test Stat 10% CV 5% CV 1% CV
r < = 5 8.23 6.50 8.18 11.65
r < = 4 39.27*** 12.91 14.90 19.19
r < = 3 55.29*** 18.90 21.07 25.75
r < = 2 70.69*** 24.78 27.14 32.14
r < = 1 82.93*** 30.84 33.32 38.78
r = 0 143.12*** 36.25 39.43 44.59

Table 1.6 OLS Estimates of Cointegration, 1825 - 1850.

Pairs of Price Series � se (� ) � se (� ) R2
adj

Rouen ~ Nantes 0.430*** 0.156 0.944*** 0.021 0.771
Nantes ~ Bordeaux 0.153 0.130 0.977*** 0.017 0.838
Bordeaux ~ Toulouse 0.857*** 0.124 0.896*** 0.017 0.825
Toulouse ~ Marseille -2.258*** 0.289 1.263*** 0.037 0.647
Toulouse ~ Lyon 2.163*** 0.183 0.700*** 0.024 0.579
Marseille ~ Lyon 4.333*** 0.117 0.445*** 0.015 0.576

Table 1.7 OLS Estimates of Cointegration, 1870 - 1903.

Pairs of Price Series � se (� ) � se (� ) R2
adj

Rouen ~ Nantes 0.978*** 0.078 0.866*** 0.010 0.897
Nantes ~ Bordeaux -1.203*** 0.078 1.156*** 0.010 0.940
Bordeaux ~ Toulouse 0.551*** 0.082 0.929*** 0.011 0.901
Toulouse ~ Marseille -0.343** 0.143 1.042*** 0.019 0.791
Toulouse ~ Lyon 0.066 0.097 0.996*** 0.013 0.880
Marseille ~ Lyon 1.362*** 0.098 0.827*** 0.013 0.833

23



Table 1.8 Linearity tests, 1825 - 1850.

Pairs of Price Series Teras White Keenan Tsay TAR-AR
Rouen - Nantes 6.120 4.900 1.038 1.579 10.710

P-Value (0.05) (0.09) (0.31) (0.15) (0.20)
Nantes - Bordeaux 11.082 10.285 2.315 2.112 20.043

P-Value (0.00) (0.01) (0.13) (0.01) (0.04)
Bordeaux - Toulouse 0.238 0.273 0.086 2.342 10.085

P-Value (0.89) (0.87) (0.77) (0.07) (0.15)
Toulouse - Marseille 1.042 0.431 0.035 0.035 5.147

P-Value (0.60) (0.81) (0.85) (0.85) (0.30)
Toulouse - Lyon 3.712 4.448 2.054 1.566 18.128

P-Value (0.16) (0.11) (0.15) (0.08) (0.07)
Marseille - Lyon 11.309 9.835 1.627 1.226 17.372

P-Value (0.00) (0.01) (0.20) (0.20) (0.19)

Table 1.9 Linearity tests, 1870 - 1903.

Pairs of Price Series Teras White Keenan Tsay TAR-AR
Rouen - Nantes 19.751 20.697 4.926 1.248 38.097

P-Value (0.00) (0.00) (0.03) (0.04) (0.04)
Nantes - Bordeaux 7.666 8.153 1.543 0.983 13.105

P-Value (0.02) (0.02) (0.22) (0.44) (0.11)
Bordeaux - Toulouse 3.009 0.920 1.155 1.313 6.045

P-Value (0.22) (0.63) (0.28) (0.19) (0.01)
Toulouse - Marseille 9.679 7.510 0.326 2.062 24.991

P-Value (0.01) (0.02) (0.57) (0.00) (0.03)
Toulouse - Lyon 28.890 5.154 0.048 2.126 16.713

P-Value (0.00) (0.08) (0.83) (0.05) (0.03)
Marseille - Lyon 37.228 36.098 3.310 4.194 32.760

P-Value (0.00) (0.00) (0.07) (0.00) (0.00)
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Table 1.10 SETAR, 1825 - 1850.

Pairs of Rouen - Nantes - Bordeaux - Toulouse - Toulouse - Marseille -
Price Series Nantes Bordeaux Toulouse Marseille Lyon Lyon
c1 0.044 -0.106 0.057 -0.158 -0.223 -0.089
c2 0.155 0.108 0.163 -0.013 -0.178 -0.053
� 1;0 0.040 -0.033 -0.004 -0.014 -0.005 -0.001

P-Value (0.22) (0.14) (0.87) (0.06) (0.02) (0.86)
� 1;1 -0.355 -0.041 -0.040 -0.031 -0.004 -0.016

P-Value (0.02) (0.73) (0.72) (0.88) (0.85) (0.35)
� 2;0 -0.020 -0.003 0.006 -0.004 -0.036 0.101

P-Value (0.05) (0.08) (0.44) (0.64) (0.60) (0.04)
� 2;1 0.093 -0.058 -0.075 0.048 -0.206 1.127

P-Value (0.39) (0.10) (0.25) (0.52) (0.54) (0.12)
� 3;0 0.007 -0.027 0.006 -0.004 -0.012 -0.039

P-Value (0.04) (0.25) (0.00) (0.57) (0.51) (0.03)
� 3;1 -0.045 -0.451 -0.059 -0.027 -0.080 -0.344

P-Value (0.23) (0.01) (0.16) (0.28) (0.19) (0.00)

Table 1.11 SETAR, 1870 - 1903.

Pairs of Rouen - Nantes - Bordeaux - Toulouse - Toulouse - Marseille -
Price Series Nantes Bordeaux Toulouse Marseille Lyon Lyon
c1 -0.104 -0.006 -0.068 -0.139 0.010 -0.035
c2 0.044 0.072 0.019 0.063 0.129 0.163
� 1;0 0.021 -0.007 -0.000 0.007 0.085 0.129

P-Value (0.07) (0.73) (0.95) (0.58) (0.00) (0.00)
� 1;1 -0.633 -0.348 -0.173 -0.295 -0.697 -0.871

P-Value (0.00) (0.06) (0.00) (0.01) (0.00) (0.00)
� 2;0 -0.002 -0.004 0.005 -0.001 0.003 0.006

P-Value (0.26) (0.30) (0.03) (0.45) (0.34) (0.01)
� 2;1 -0.077 -0.208 -0.082 -0.110 -0.096 -0.089

P-Value (0.06) (0.07) (0.29) (0.00) (0.04) (0.00)
� 3;0 -0.004 -0.004 -0.014 -0.055 0.006 0.015

P-Value (0.81) (0.16) (0.42) (0.07) (0.02) (0.21)
� 3;1 -0.157 -0.218 -0.475 -0.424 -0.136 -0.275

P-Value (0.14) (0.00) (0.01) (0.01) (0.00) (0.06)
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Figure 1.1 Price Series of Selected Cities.
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Figure 1.2 Marginal e�ects, 6 pairs of markets, 2 time periods.
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Figure 1.3 Generalized Impulse Response Functions, 6 pairs of markets, 2 time periods.
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Figure 1.4 Comparisons of GAM and OLS Fits.
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