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Abstract

This paper sets up several random effects spatial autoregressive panel data models with
nested Translog production function with non-constant and non-neutral technological change
to explain the variation of milk quantity with given stocks of capital, labor (hired and family)
and feed production area as other limited productive resource. The aim of the paper is to
discover the spatial spillovers in Norwegian milk production as a result of changing quota
systems by introducing a spatially lagged variable of milk output. The paper examines three
distinctive 5-year balanced panel data sets to account for the evolving milk quota system, such
as: no quota, restrictive quota and transferable quota system. The paper also derives joint and
conditional Lagrange Multiplier (LM) tests for detecting spatial error correlation (p), serial
correlation (¢)) and random individual effects (u) in panel models as well as Moran’s I test
for testing spatial dependence on panel variables. The tests help to avoid misspecifications of
the spatial models. The outcome of the SAREM2SRRE model verified our hypothesis of
increasing quota flows within the counties, since the spatial spillover parameters (\) showed
increasing trend under the distinguished dataframes. As a conclusion, the quota system gave
rise to positive structural changes because it increased the spatial interdependence and spatial

relations between Norwegian dairy farmers.



1 Introduction

In this paper we make an attempt to combine econometric production analysis with novel static
spatial panel models. In both economic theories many handy tests have been established in order
to make legitimate decisions in applied studies and utilize the most stable and powerful model
specifications. In production theory, a number of various production functions were derived to
find the appropriate model which seeks to capture the fundamental features of the system being
studied. The performance of an economy or a sector of an economy at any point in time will
depend upon the decisions of the economic agents (e.g. farmers), taken in the context of the
existing state of technology with a given stock of capital, labor, and other limited productive
resources. We intend to find a generalized form of a production function specification which can
be later employed in spatial panel models.

The inclusion of geographical space and the evolved spatial aspect in economic analysis has
been one of the major events in economic literature which become extended in many ways in
recent decades (Anselin, 1988, Elhorst, 2003, Elhorst et al., 2007, Kapoor et al., 2007). Spatial
models deal with correlation across spatial units usually in a cross-sectional setting (Anselin, 1988),
although spatial panel models become more and more popular recently because they can control
for both heterogeneity and spatial correlation across observed units (Baltagi et al., 2003). Apart
from a few exceptions, the standard panel techniques have their spatial counterparts, but in many
applied papers the spatial consideration is missing due to the lack of precise spatial data.

In this analysis, the Norwegian dairy farm accountancy survey data was employed with spatial
extension. Three individual medium sized balanced panel dataframes were constructed, each
captured for five-year period blocks of no quota, restrictive quota and transferable quota systems;
in the periods of 1974-1978, 1990-1994 and 2008-2012, respectively. As a result of balancing a
number of observations were lost. The final dataframes consist 162, 348, and 196 dairy farms that
operated in Norway consecutively over the examined five-year periods; thus in total each period
contained 810, 1740 and 980 observations respectively (N x T').

The use of panel data methods provides a powerful framework to control for spatio-temporal

heterogeneity and dependence, as well as potential omitted variable bias, to model production



variation over space and time. We test our dataframes on different production function specifica-
tions, also for spatial correlation on panel variables with an arbitrarily chosen proximity matrix
which was constructed under the k — nearest neighbor weights theory as we obtained point pat-
tern location/spatial data. In all cases the 5 closest farms were considered as neighbors in the
sparse matrix, regardless of the distance. The proximity matrices were built uniformly to obtain
non-negative, standardized, symmetric matrices, where the diagonal elements were set to zero.

Apart from the potentially beneficial effect of the evolving quota systems in Norway in terms of
productivity, we further investigate the effect of quotas with the focus on their spatial dependence
and pose the hypothesis of the increasing spatial correlation of milk production is due to the
spatially restrictive quota distribution in the second period, and later as a result of allowing
market-based quota flows within the regions in the third period. As the strict quota regulation
was imposed in 1983, the government allocated the quotas to eliminate overproduction according
to setting out individual quota levels for farmers. These were based on the average milk production
of the previous years with a prescribed 20% decrease. Later in 1996, with respect to the unfair
quota allocation and to the strong lobby activities of dairy farmers, they forced a significant policy
change to make quotas transferable within the regions. Theoretically, that would result quota
transfer from less competitive farms or exiting farms to farms are having comparative advantages
in their production technology or carrying on production on more fortunate location. In Norway
the climate and the quality of the soil are considerably heterogenous, and in terms of agriculture it
is not negligible, this is why we suppose that spatial correlation is increasing between farms within
the region. Given the fact that we do not have data on the feasible quotas of the individuals, we
substitute it with the produced milk quantity. Since quotas became crucial production factors,
any output increase genuinely assumes earlier investment of buying quota.

At this stage of the investigation we focus on general static panel models that include a spatial
lag of milk production to address spatial correlation. In the error term we control for spatial
autoregressive disturbances, which gives rise to two possible specifications (detailed in Section
2.2). The dynamic consideration is left for future work.

The paper is organized as follows: the next section discusses and reviews the specification of



different production functions and the relevant static spatial panel models; Section 3 details the
conducted tests and estimations; Section 4 delineates the results of the performed models and

concludes.

2 Proposed estimation frameworks

As we know, all models are inevitably simplifications of reality and in research we seek to capture
the fundamental features of the system being studied. The paper follows a two-step specification
strategy; wherein the first step we identify the appropriate production function which will be
nested in the second step. Therefore, in the fist part of this section we propose various production

functions, while in the second part we specify the different approaches of spatial panel models.

2.1 Notes on production functions

As a point of departure, we investigate and compare the suitability of some parametric regression
methods for analyzing production technologies and finding the optimal production function that
we can utilize later in spatial panel models. The theoretical standpoint of regression analysis is to
evaluate the effects of one or more explanatory variables on a single dependent variable. This is
conducted by evaluating the conditional expectation of a dependent variable given the explanatory

variables, which can be expressed as:

Yie = f(ir) + €t (2.1)

in a panel data setting.

In economic production analysis the association between output and input factors is detected
by various specification techniques of the functional form. In general, economic output is not
a (mathematical) function of input, because any given set of inputs can be used to produce a
range of outputs. To satisfy the mathematical definition of a function, a production function is
customarily assumed to specify the maximum output obtainable from a given set of inputs. The

production function, therefore, describes a boundary or frontier representing the limit of output



obtainable from each feasible combination of input (El-Shahat, 2015). In cross-section analysis,
we assume that the same technology is available for all firms, because all observations refer to the
same period of time. However, in panel data setting we allow to perform inter-temporal analysis
and relax the strong assumption on the state of technology. When observations can originate from
different time periods technology might change as an effect of innovation and R&D. Hence, it is
an occasion to include the state of the available technology as an explanatory variable in order
to conduct reasonable production analysis. In practice, often a time trend is used as a proxy to
identify the gradually changing technology.

As a first parametric association of output and inputs were derived by Cobb and Douglas
(1928)(CD). They explicitly used the concept of an algebraic production function which later
became the most extensively performed functional form in applied work. In case of CD production

function, usually a linear time trend is added to account for technological change:

Iny = ay + Z o;lnx; + oyt (2.2)

)

where the coefficient of the linear time trend («;) can be interpreted as the rate of technological
change per year. The equation (2.2) has been substantially modified to relax the assumption of
unitary elasticity of substitution, which is assumed to be fixed and constant. In the early '70s
Christensen et al. (1971) proposed a more flexible generalization of the Cobb-Douglas function, the
Transcendental logarithmic production function (henceforth, Translog). The Translog production
function represents, in fact, a class of flexible functional forms for the production functions, wherein
the CD specification is nested. Thus, it has become an integral tool for analyzing comprehensively
the production structure. The Translog function is conceptually simple and imposes no a priori
restrictions on elasticities of substitutions and returns to scale. One of the main advantages of
the respective production function is that, unlike in case of CD production function, it does not
assume rigid premises such as: “perfect” or “smooth” substitution between production factors or
perfect competition on the production factors market (J.Klacek et al., 2007). In applied work it has
been utilized to examine input substitution, technical change, productivity growth and productive

efficiency.



We build two specifications of the Translog function: one with the assumption of constant and
neutral technological change, and another as relaxing this assumption with non-constant and non-
neutral technological change. Therefore, in the second Translog specification we can account for
increasing or decreasing rates of technological change. This can be done by extending equation (2.3)
with a quadratic time trend and cross-product terms between time and input measures, as it is
obtained in equation (2.4).

Translog production function with constant and neutral technological change:

1
Iny = ag + E olnz; + 5 g E agjlnz;lnz; + oyt (2.3)
7 7 J

Translog production function with non-constant and and-neutral technological change:

1 1
Iny = ag + Z a;lnx; + 3 Z Z a;ilnxdna; + ot + Z aglne; + 50%152 (2.4)
7 % J 7

The estimation of the production functions are detailed in Section 3, as well as the selection

method by utilizing the Wald test.

2.2  On Static Spatial Panel Models

In spatial analysis, we account for the presumable spatial correspondence between units and un-
derpin Tobler’s first law of geography: “Fwverything is related to everything, but close things are
more related than things that are far apart”. Spatial models deal with correlation across spatial
units usually in a cross-sectional setting (Anselin, 1988), although recently panel setting became
more popular due to its more informative feature and its open-source implementation is attainable
(Millo and Piras, 2012, Millo, 2014). Elhorst (2003) gathered up the advantage and the extended
modeling possibilities of using panel data, that it contains more information, more variability, less
collinearity among the variables, more degrees of freedom and hence the estimators are likely to
be more efficient. In general, panel data reduce the effects of omitted variables bias by control-
ling for individual heterogeneity. The model designs, those are combining the spatial and panel

frameworks, can control for both heterogeneity and spatial correlation (Baltagi et al., 2003). Millo



(2014) concludes the economic meaning of spatial panel specification, that it can accommodate
spatial spillovers from the dependent variable (spatial lag) at neighboring locations, spatial diffu-
sion of idiosyncratic shocks, individual heterogeneity and time-persistence of idiosyncratic shocks.
In this subsection we delineate the most influential findings in the literature and discuss the two
possible specifications of spatial error component, pending on the interaction assumption between
the spatial autoregressive effect and the individual error components (SEM, SEM2).

At early stage, Anselin (1988) derived the first static spatial model, which combines the spatial
lag of the dependent variable with the spatial autoregressive disturbance (SAREM that stands

for 'spatial autoregressive and spatial error model’) :

y=AIr@Wn)y+ X5+ u

u=(tr @ In)p+e (2.5)

g = p(IT®WN)€—|—€

where y is an NT x 1 vector of observations on the dependent variable, X is a NT' x k matrix of
observations on the non-stochastic exogenous variables, I is an identity matrix of dimension T,
Wy is the N x N spatial weight matrix of known constants whose diagonal elements are set to zero,
and A the corresponding spatial parameter that accounts for spatial spillovers. The disturbance
vector u is a composite error term of the time-invariant individual specific effects p, which is not
spatially correlated, and of the spatially autocorrelated idiosyncratic errors € where the spatial
element is included by the same Wy matrix as used at the lagged outcome variable. The p in
the error structure stands for the spatial autoregressive parameter, while e is the noise which
is e ~ IID(0,0?) distributed. In the set of equation (2.5), two models are nested: the spatial
autoregressive model (SAR), when the spatial consideration only accounts for the lagged variable,
and the spatial error model (SEM), when only the error includes the spatial aspect. As the interest

of the paper is to calculate the true spatial lag coefficient A, in each latter specification we stick



together with the lagged outcome variable and make different assumptions on the error term.

As in the classical panel data literature, the individual effects y can be treated as fixed or ran-
dom. In a random effect specification the unobserved individual effects are assumed uncorrelated
with the other explanatory variables in the model, and can therefore be safely treated as compo-
nents of the error term (Wooldridge, 2002, Millo, 2014). In this case, p ~ 11D(0, ai) and the error
term can be rewritten as: € = (Ir ® B;,l)e , where By = (Iy — pWy). As a consequence, when
random error structure is assumed, the composite error term becomes u = (17® Iy )+ (I+ @ By')e.
Baltagi et al. (2003, 2007) derived several lagrange multiplier tests (LM) on this expression to
explore the data and find the best model specification (details in Section 3).

Kapoor et al. (2007) (henceforth K K P), considered a different specification on the error term,
where they assumed that spatial correlation can be applied on the whole structure of the composite
error term u while assuming random effects, thus both the individual effects and the remainder
error components will be spatially correlated. They removed the spatial association from the lagged
variable and kept the focus on the error structure, where the first order spatial autoregressive

process took the form of (SEM2):

u=p(Ilr @ Wx)u+e (2.6)

Baltagi et al. (2013) pointed out that the economic meaning of the two models is also different:
in the first model (SEM) only the time-varying components diffuse spatially (equation (2.5)),
while in the second the spatial spillovers also have a permanent component. As it was mentioned,
the general K K P error specification does not include the spatial lag component of the dependent
variable, although Mutl and Pfaffermayr (2011) derived the extension of the SAR part. That
model is performed and labeled as SAREM2RE.

Besides the number of mentioned advantages of panel data, there is a disadvantage which can
be originated from the panel setting, namely the serial correlation. In many applied papers authors
disregard it especially when they investigate in short panels. We aim to account for possible serial
correlation, given the fact that proper remedies have already been established (Baltagi et al., 2007,

Millo, 2014), although only a few applied papers have been acknowledged. Baltagi et al. (2007)



addressed this issue by considering the original Anselin model in equation (2.5) and specified the
model errors as the sum of an individual, time-invariant component and an idiosyncratic one which

is spatially autocorrelated and has serial correlation in the remainder v:

u=(tr®u)+e

e=p(lp @ Wy)e +v (2.7)

vy = Y + €.

This model stands for serial correlation in the remainder of the error term v, together with
spatial correlation and random effects assuming SEM-type error structure; this model is labeled
as SAREMSRRE. Millo (2014) proposed the KK P counterpart of serially correlated reminder

error structure:

u=(tr®u)+e

u=p(Ir @ W)u+v (2.8)

Uy =Yg ey

with a spatially lagged dependent variable, it is labeled as SAREM2SRRE.

There is a number of other interaction structure of the error term, for example a joint modeling
of spatial and serial correlation, but these only focus on different assumptions on the error structure
and disregard the spatial lag. In this paper we motivate the spatial autoregressive parameter A,

therefore other interesting implementations of the error term will be omitted.



3 Estimations and Tests

In the estimation we utilize multiple balanced panel datasets. Fach data frame was derived from
the Norwegian farm accountancy data, which is a sample unbalanced panel data with ca. 21000
observations in the period of 1972-2013. It is a long panel data which was constructed with the same
methodology in every year. The participation in the sample was voluntary but the data record
was strictly representative. In the data generating process we detected some human mistakes
in the datasets (negative quantities) therefore the data were cleaned by excluding the effect of
these observations. We utilized quantity measures in labor (age corrected labor hours), capital in
depreciated monetary units, and area (in hectares) as explanatory variables. Milk quantity was
measured in liters as outcome (dependent) variable. As it was mentioned, we often introduced
a time trend variable for sequential years to account for technological change. The estimated
variables were performed in a logarithmic mean-scaled form in order to observe immediately the
true parameters of the Translog specification besides other practical considerations'. Also the time
trend was mean-adjusted but not linearized, indicating that the time trend variable was zero at
the sample mean.

In the first step of the estimation we were looking for the most flexible and meaningful produc-
tion function form. In the previous section we detailed three production functions in equation (2.2)
(2.3) and (2.4). As the CD specification is nested in the Translog forms, we can apply the Wald test
to check whether the CD production function is rejected in favor of the Translog production func-
tion. As a result of a significant Wald test, under every specification (on the individual error term:
fixed or random) the CD production function was rejected, in general, in favor of the Translog
function with constant and neutral technological change. We also derived the Wald-test between
the Translog specifications and found that the Translog production function with constant and
neutral technological change was rejected in all data frames in favor of the Translog production

function with non-constant and non-neutral technological change. We can conclude that the fit of

'In the Translog production function the first order coefficients are calculated by the first partial derivatives of

the outcome variable: 56791, or 6677’2 etc. From the nature of the Translog functional form it follows (if there are

two objects): 5‘573’1 = (1 + B12X5. However, if the variables are performed in a logarithmic mean-scaled form the
outcome of X5 become zero, therefore 81 become the true coefficient, which, in economic terms, is equivalent with
the output elasticities at the sample mean.
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Translog production function with non-constant and non-neutral technological change was found
significantly better than the fit of the other specification with constant and neutral technological
change in all dataframes, therefore in the spatial estimation we utilized the most flexible Translog
function.

For conducting valid and justified model-building procedure, first we need to explore the data
by employing some important tests. To mention a few in the literature, Moran (1948), Anselin
and Bera (1998), Baltagi et al. (2003, 2007) derived the most important tests to help researchers
in the decision making procedure of spatial modeling. Moran (1948) in his pioneering work tested
spatial dependence on cross sectional data which was later extended on panel setting to test spatial
correlation on panel variables. The crucial element in spatial econometrics is the construction of
the proximity matrix. Up to now, there is no commonly agreed practice in the literature (Getis
and Aldstadt, 2004, Corrado and Fingleton, 2012, Gibbons and Overman, 2012, Gerkman and
Ahlgren, 2014) on how to determine the most appropriate consideration of neighboring relations.
Researchers mostly arbitrarily choose between specifications that they intuitively recognize the
best solution. We follow the practice with a short affix, namely that we tested our variables on
multiple sets of k-closest neighbors with changing k=5, 8, 10. According to the Moran’s I statistic
on panel variables, we found the k=5 the most stable specification, therefore later in the estimation
we applied this in a standardized matrix structure.

Baltagi et al. (2003) derived several Lagrange Multiplier (LM) tests for panel data regression
models with spatial error correlation. Joint and conditional tests were built to test for random
effects and spatial autocorrelation in the error term. The joint LM test simultaneously tests for
the existence of spatial error correlation as well as random regional effects, while the conditional
tests implicitly assume the existence either the random regional effect or spatial error correlation
in the error term. These tests were important to perform, because ignoring spatial correlation
and heterogeneity due to the random region effects will result inefficient estimates and misleading
inference. All the three tests, the joint and the two conditional tests, were found statistically signif-
icant at 5% level, thus we found evidence for the presence of spatial correlation and random effect

structure in the error term. Baltagi et al. (2007) addressed the issue of testing serial correlation

11



in spatial panel models and extended their earlier work of the year 2003. We tested our datasets
with their one-dimensional conditional test for no serial correlation allowing the presence of both
spatial error correlation and random effects and in each panel data setting we had to reject the
null hypothesis.

By concluding the findings of the performed tests, we need to find a model specification which
allows for the coexistence of random effects and serial correlation together with the spatial correla-
tion in the error term. Since random effects were detected, OLS would results inefficient estimates,
so we need to find an other method.

Following the literature, generally there are two methods on estimating spatial models. One is
by using maximum likelihood method (ML) (first proposed by Anselin (1988)) and the other one,
more recently, is the generalized method of moments (GMM) (Conley, 1999, Kelejian and Prucha,
1999). Anselin (1988) advocates the spatial econometric model estimation by ML, who outlines the
general procedure for a model with spatial lag, spatial errors and possibly nonshperical residuals.
All of our models were calculated with ML method, including the spatially lagged dependent
variable, while assuming different error structures (none, SEM, SEMZ2); thus we estimate five
random effect models with a spatially lagged autoregressive parameter:

1) SARRE: no assumptions on the error term, therefore no spatial error correlation was
considered.

2) SAREMRE: Anselin’s and Baltagi’s assumption on the error term as described in equa-
tion (2.5).

3) SAREM2RE: K K P’s assumption on the error term as described in equation (2.6).

4) SAREMSRRE: Anselin’s and Baltagi’s assumption on the error term, also controlling for
serial correlation as described in equation (2.7).

5) SAREM2SRRE: K K P’s assumption on the error term, also controlling for serial correla-
tion as described in equation (2.8).

We consider the SAREM2SRRE the true specification since it captures all the detected spa-
tial correlations and spatial heterogeneities, and controls for serial correlation that we detected with

the LM tests. In economic terms, this specification can accommodate spatial spillovers from the
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outcome variable at neighboring locations (SAR), spatial diffusion of idiosyncratic shocks (SEM)
together with individual heterogeneity (RE) and accounts for time persistence of idiosyncratic

shocks (serial correlation, SR).

4 Results and Conclusion

We derive five spatial panel models with different assumptions on the error structure on each panel
periods. Results can be obtained in Table 1. The Translog production function with non-constant
and non-neutral technological change formula is employed in all cases. The aim of the study is
to model the spatial association of milk production in Norway, thus all models are based on the
SAR structure. As the composite error component u was extensively tested under the Translog
framework, therefore we suggest the SAREM2SRRE model which controls for all the weaknesses
of the datasets that we justified.

The reason we provide the results of the other four model specifications is twofold:

1) Spatial panel data econometrics is rather a novel but quickly growing research field, thus
this paper intends to contribute by increasing the number of applications where multiple model
specifications were conducted;

2) if we compare the coefficients and the spillover parameters from each outcome variable of
the models in Table 1, we can see, that the differences are quite conspicuous (especially the \)
what indicates possible bias in the results. This bias is originated from some misspecification of
the models and reveals the importance of exploring the data and so, the structure of the model
has to address the occurrent drawbacks of the data.

Millo (2014) points out that a multi-parameter optimization of a relatively complex likelihood
can have reliability issues, like all numerical procedures. The main issues concentrate on the
Anselin or Baltagi type error structure (SEM, equation (2.5)) with occasional fails due to the
BT B matrix becoming computationally singular. He also notices (during his extensive trials) that
the frequency of such problems increases with bigger examples, where the degree of sparseness

of W typically grows. This is the reason of the failures in the second and fourth models?. The

2Reminder: The second pariod panel block is more than twice as big as the first one.
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alternative K K P specifications (in equation (2.6)) are free from this problem.

As discussed in Section 2.2, the spatial error random effects models rise two possible specifi-
cations, pending on the interaction between spatial autoregressive effect and the individual error
components. Due to the computational issues in the singular matrix errors we generalized the
structure of the errors further, from now under K K P, assumptions®. The test for serial cor-
relation was significant, so in this model specification we introduced serial correlation with the
parameter v in the reminder errors. As the tests confirmed: XA £ 0, p # 0, u # 0, ¥ # 0, thus we
consider the SAREM2SRRE the true specification. The parameters of the explanatory variables
are significant, and the relation of hired labor look valid due to the reason that the Norwegian farm
structure rarely affords to hire human labor force. The coefficients or the explanatory variables
can be interpreted as any other log-linearized association because of the means-scaled feature of
the data.

The estimated spatial autoregressive parameters of the lagged dependent variable (A) show an
increasing order in the true model. This proves the hypothesis that the implementation of output

quota will indicate rising spatial concentration, hence higher level spatial dependence between

dairy farmers in Norway.

References

L. Anselin. Lagrange multiplier test diagnostics for spatial dependence and spatial heterogeneity.

Geographical Analysis, 20(1):1-17, January 1988.

L. Anselin and A. Bera. Spatial dependence in linear regression models with an introduction to
spatial econometrics. Statistics textbooks and monographs, 155:237-290, MARCEL DEKKER
AG 1998.

B. Baltagi, S. Song, and W. Koh. Testing panel data regression models with spatial error correla-

tion. Journal of Econometrics, 2003.

3Reminder: KK P assumptions, when the random effects are spatially correlated together with the idiosyncratic
erTor.

14



B. Baltagi, S. Song, B. Jung, and W. Koh. Testing for serial correlation, spatial autocorrelation

and random effects using panel data. Journal of Econometrics, 140(1):5-51, September 2007.

B. Baltagi, P. Egger, and M. Pfaffermayr. A generalized spatial panel data model with random
effects. Econometric Reviews, 32(5-6):650-685, 2013.

LR Christensen, DW Jorgenson, and LJ Lau. Conjugate duality and the transcendental logarithmic

frontiers. Rev. Econ. and Statis, 53:28-45, 1971.

C. Cobb and P. Douglas. A theory of production. American Economic Review, 18(1):139-165,
March 1928.

T.G. Conley. Gmm estimation with cross sectional dependence. Journal of Econometrics, 1992

(1):1-45, September 1999.

L. Corrado and B. Fingleton. Where is the economics in spatial econometrics? Journal of Regional

Science, 52(2):210-239, 2012.

A. El-Shahat. Production economics of egyptian cotton in the salt-affected land. Journal of

Economic and Social Development, 2(1):1-13, March 2015.

P. Elhorst. Specification and estimation of spatial panel data models. International Regional

Science Review, 26(3):244-268, July 2003.

P. Elhorst, U. Blien, and K. Wolf. New evidence on the wage curve: A spatial panel approach.
International Regional Science Review, 30(2):173-191, April 2007.

L. M. Gerkman and N. Ahlgren. Practical proposals for specifying k-nearest neighbours weights

matrices. Spatial Economic Analysis, 9(3):260-283, March 2014.

A. Getis and J. Aldstadt. Constructing the spatial weight matrix using a local statistic. Geograph-
ical Analysis, 36(2):90-104, 2004.

S. Gibbons and H. G. Overman. Mostly pointless spatial econometrics? Journal of Regional

Science, 52(2):172-191, April 2012.

15



M. Kapoor, H. Kelejian, and I. Prucha. Panel data models with spatially correlated error compo-

nents. Journal of Econometrics, 140(1):97-130, September 2007.

H. Kelejian and I. Prucha. A generalized moments estimator for the autoregressive parameter in

a spatial model. International economic review, 1999.

G. Millo. Maximum likelihood estimation of spatially and serially correlated panels with random

effects. Computational Statistics €/ Data Analysis, 71:914933, March 2014.

G. Millo and G. Piras. splm: Spatial panel data models in r. Journal of Statistical Software, 47
(1):1-38, April 2012

P. Moran. The interpretation of statistical maps. Journal of the Royal Statistical Society. Series

B (Methodological), 10(2):243-251, 1948. JSTOR.

J. Mutl and M. Pfaffermayr. The hausman test in a cliff and ord panel model. Econometrics

Journal, 14(1):48-76, 2011.

J. Wooldridge. Econometric analysis of cross-section and panel data. MIT Press, 2002.

16



100>y gy G0°0>dyy ‘T 0>d, "reOX W ATmunp 1ead o1y 1dooxo ‘poSsor ore

mHOmwopww\m .wgﬂwam.\mm deSU pojenjuaIogIp Jopun UuoljourL) QOEOS.@OMQ woﬁmgﬁ.ﬂu o3 uo wgoﬂpdowﬂowgw [[e J0J sojeulI)so Jojomnede

T 9I9®L

xxk€9LE°0  4xxCI9V'L x%CO08F'0  4xx98E0°0  xxx8V0C°0  4xxlEVI'0  4xxCVOT'0  4xx¥¥E0°0 wxV [TT°0- HHHUSCINHYAVS —
*xx8G67°0 0 #xx089G9°0  4x48CFV0°0 54496610  x4xLTGT'0  4xxC90T°0  5xx0S€0°0 #x391T°0-  HUHYSINHYUVS Hq.
9¢9¢°0- +xx90LT°6 69.1°0 #4x0LT0°0  4xxI80C°0  4xxI0ST°0  %xxVICT0 *x91€0°0 #7670°0- HUTINHUVS M
- - - - - - B B - HUYINHYVS m.

- #xx8GG6°'8 ¢L200 ##xxVE€C0°0  %xx98TC'0  4xx6ECT°0  44xL9TT°0 *%x6£€0°0 xx8L90°0-  HYHYUVS m.
44700807 54xxE6G8°0T  %%%xIF6E°0 544871007 45498000  5x+LCIT°0  5%x90TT°0  %%xC1E0°0 L0T0°0- HHYUYSCINHYAVS mm%
- - - - - - - - - HYYSINHYVS S
#+x998C°0"  xx19CC°CT  %xxGL9E°0  sxxCVET'0~  %xxCI8T'0  %xx9CTT'0  sxxVOTT'0  4%xxLCE0°0 ¢T110°0- HYCINHYUVS ﬂ
- - - - - - - - - HAYINHYVS quw.

- wkxLCTOCT  4xx6LLT°0  %5xxE9T0°0"  44xVLOT'0  4xxV0CT'0  4xx0TIT'0  xxxETE0°0 1220~ HI4VS m
19L0°0- +xx606C°C  xxxVLIC0 8.00°0- $+4xxETIV'0  5xxVEIT'0  xx1€60°0 +xx20€0°0 *G170°0 HHYSCINHYVS
€CS1°0- xx199€°C *xxx9LEC°0 6.00°0- #x4xx8807°0  xxx669T°0  xx5880°0 xxx70€0°0 xE070°0 HHYSINHYVS M
1.L0T°0- xx0680°G *%%£8¢C 0 6900°0- 1k [0EV'0  4x48EGT°'0  «T€LO0 xxx79€0°0 xxGLY0°0 HUCINHYUVS -
*GEST'0- #xx8060°G *%%L8ET 0 2900°0- #xx0VE7' 0 4xx90ST°0 5929070 *4x7G€0°0 «1970°0 HUYINHYUVS quw.
- G667 *xxV499T°0 £G600°0- #xxxG6E7°0  4xx€9ST°0  xCGVL00 xxx9€0°0 *8970°0 HHYHUVS m

oya yd epquie]  IBOX W vOIY dep queg Joqe[pi 3dediojul  S[@POIN

17



