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Abstract

Political economy models of congressional voting usually rely on
standard econometric techniques, such as the probit or logit models.
These techniques ignore any spatial externality in voting outcomes

that may be geographically correlated across space, a phenomenon
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known as spatial autocorrelation. In this paper, we develop and apply
the so-called “two W” spatial autoregressive probit model to examine
the voting externality in the congressional vote on the 2001 Farm Bill.
The “two W” model allows the spatial externality to differ based on
two spatial weight matrices, instead of the usual single spatial weight
matrix. This configuration of the model allows the testing of spatial
voting effects within a state versus spatial voting effects across state
lines. Using recent advances in Bayesian computation, a Gibbs sam-
pling algorithm is developed and implemented to empirically measure

the two different spatial autoregressive parameters.

Keywords: spatial probit model, two W spatial model, Bayesian paradigm,

Gibbs sampling.
JEL Codes: C11, C21
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1 Introduction

Despite its importance, Congressional voting on agricultural legislation has
received little attention in the literature. Noteworthy exceptions (Daft 1964;
Fort and Christianson 1981; Brooks, Cameron, and Carter 1988; and Mehmood
and Zhang 2001) focus attention on “internalized” determinants of political
preferences measured by the impacts of covariates on vote propensities. Yet

political lobbying activities, political action committees, and the abilities of



agricultural legislation to be influenced by forces beyond those of individ-
ual constituents reflect public, not private actions. In addition, Congres-
sional voting, by its nature, is inherently geographic. The joint existence
of “externalized” dependence and geographical inherence draw into question
statistical models, such as the standard probit model, that fail to account
for political externalities. When such externalities exist it is important to
measure their magnitudes, their influence, and the extent of any bias arising
in neglecting their presence. Geography is occasionally included in multiple
regression models of vote dependence, yet the spatial econometric methods
that model spatial dependence have not been fully developed and utilized in
empirical studies. In this context two questions arise that warrant further
exploration: one is the magnitude of the intensity of the political externality,
and the other is the extent of its geographic range.

This article presents procedures for estimating these quantities in the con-
text of investigating the geographic pattern of political preferences in the 2001
Farm Bill. The procedures are based on computational advances in Bayesian
inference; provide robust estimates of the intensity and the range of the spa-
tial externality in Congressional voting; and generate nuanced understanding
of the complexities underlying agricultural legislation vote outcomes. These
procedures have been underutilized in agricultural economics in general and
have not been employed previously to measure the spatial externality in agri-
cultural vote outcomes. The spatial probit model (LeSage 2000, Holloway,

et. al., 2002) is designed to take into account spatial dependence in the



presence of geographically correlated outcomes. This paper, building on the
work of Lacombe (2004), modifies the standard spatial autoregressive probit
model (which normally only includes a single weight matrix, W) to include

two spatial weight matrices.

2 Motivation and Literature Review

Public choice models of Congressional voting have been studied for decades
and a large literature exists on the primary determinants affecting legislators’
votes. However, geographic considerations have received less than adequate
attention in the econometric specification of such models. Usually, geographic
considerations are ignored completely or are handled in an ad hoc manner
by specifying regional dummy variables or by using other proxies. For a va-
riety of reasons, the vote of a legislator in one district may be geographically
correlated to the vote of a legislator in an adjoining district. As Thorbecke
(1997, p. 5) states: “[MJembers of Congress vote to redistribute wealth to-
wards their constituents. It is assumed that they are responsive to both their
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electoral and geographic constituencies.” Given the assumption that mem-
bers of congress are responsive to their geographic constituencies, it becomes
necessary to outline reasons why there would be differential geographic and
spatial effects in congressional voting patterns. For example, it may be the

case that a piece of legislation being voted on at the Federal level would

help a congressional district in a given state, e.g through some subsidy or



perhaps a spending measure. Hence, it may be expected that there would be
spatial dependence in voting outcomes within a state. However, the subsidy
or spending measure may have effects that spill over into adjoining congres-
sional districts but located in different states. A subsidy to a specific firm
may benefit workers in an adjoining state and since Congresspersons are re-
sponsive to their constituencies, the Congressperson may also vote for the
legislation because even though the legislation isn’t directed at their district
specifically, the people who live in their district could benefit and hence, may
increase the propensity for the Congressperson in the neighboring state to
vote for the legislation.

Early interest in agriculture vote outcomes originates from a study of the
1963 Wheat Referendum (Daft, 1964). The referendum was a vote for a gov-
ernment sponsored two-price plan incorporating acreage allotments and land
retirement. Daft sought to uncover the determinants of state support for the
referendum. Daft’s seminal contribution presented empirical findings with
substantial content for policy; stemmed interest in the general notion that
vote outcomes may “co-vary”; and called forth, somewhat sluggishly, a liter-
ature rationalizing vote outcomes in agriculture. Seventeen years after Daft,
Fort and Christianson (1981) distinguish strength of preferences for public
service provision among rural residents. They analyze referenda votes on hos-
pital provision using logit methodology and conclude, among other findings,
that most referenda pass because the economic beneficiaries are geographi-

cally concentrated whereas those harmed through higher taxes or debt burden



are more geographically dispersed. Seltzer (1995) examines the creation and
passage of the Fair Labor Standards Act (FLSA) of 1938 which establishes
a national minimum wage but exempts agriculture. Geographic effects are
incorporated by assessing the North-South differences in support for the Act,
which imposes the minimum wage only on the relatively lower-wage South-
ern states. Thorbecke (1997) accounts for geography in assessing the House
vote on the North Atlantic Free Trade Agreement (NAFTA) using geographic
dummy variables. His results show that geographic and constituent interests
strongly influence legislator voting and can sometimes outweigh partisan in-
terests. And a thematic development acknowledging geographic dependence,
thus, emerges.

Another thematic development towards political action committee (so-
called PAC) contributions was soon to emerge. Wilhite (1988) examines
the factors influencing whether a member of Congress votes pro-union, as
determined by the American Federation of Labor and Congress of Indus-
trial Organization (AFL-CIO) over the 1984 legislative session. Stratmann’s
(1992) study on logrolling uses House votes on six amendments to the 1985
farm bill and uses a simultaneous probit model to explain an individual legis-
lator’s vote on three different bills individually affecting the dairy, sugar, and
peanut industries. Explanatory variables include the percent of farmers in
the respective industries in the Congressional district, PAC contributions to
the legislator from interests representing the respective industries, and party

affiliation and ideological rating as determined by the American Conservative



Union.

Brooks, Cameron, and Carter’s (1998) contribution is noteworthy, for sev-
eral reasons. In addition to promoting further development in the geography-
versus-PAC themes, their work also showcases the potential rewards abound-
ing from deeper methodological inquiry. Brooks, Cameron, and Carter (1998)
analyze the simultaneous interactions between congressional votes on sugar
programs and contributions from both pro- and anti-sugar PACs. The au-
thors employ a simultaneous equations system, with a voting equation and
a pro- and anti-sugar contribution equation. The authors use probit and
tobit maximum-likelihood for the system for the 1985 and 1990 House votes
and the 1990 Senate vote on amendments to omnibus farm bills. Results
for the voting equation confirm that greater PAC contributions influence
vote probability in the predicted direction, with an unexpected result that
anti-sugar contributions are positively associated with a pro-sugar vote in
the 1990 House vote. Results for the contributions equations confirm that a
greater propensity to vote pro-sugar leads to greater pro-sugar PAC contri-
butions and less to anti-sugar PAC contributions, except in the case of the
1985 House vote where the anti-sugar contribution coefficient is significantly
positive.

Following Brooks, Cameron, and Carter (1998) contributions appear which,
although stridently relevant to the topic at hand, impact agriculture some-
what less directly. Mehmood and Zhang (2001) identify the factors affecting

legislator votes in four selected House Endangered Species Act amendments



proposed since passage. Hasnat and Callahan (2002) examine the determi-
nants of Congressional votes on the 2000 bill to normalize trade relations
with China. Colburn and Hudgins (2003) examine votes on legislation af-
fecting the banking industry’s interstate branching and find relatively strong
geographic influences. Collectively these contributions indicate the diversity
of interest in the political economy of agricultural legislation formation, the
over-arching importance of PAC contributions in agriculture and the inher-
ently geographic nature of the industry and the legislators who vote to affect
it. However, they serve also to illustrate a neglect of possibilities for a spa-
tial externality in voting and they therefore raise scope for nuanced empirical

inquiry.

3 Spatial Econometric Models

The model that we employ is a variant of a standard spatial econometric
model, namely the spatial autoregressive model (SAR). LeSage (1997) pro-
vides a tutorial on the basics of using Bayesian methods to estimate the
model, which captures spatial dependence in the dependent variable for con-
tinuous outcomes. Our probit extension begins with the so-called “two W”

SAR model as utilized by Lacombe (2004) for continuous outcomes

y = piWiy+pWoy+ X3 +¢



e ~ N (o, UQIn)

where y is a n x 1 vector of observations, p; is the spatial dependence
parameter for the first weight matrix, ps is a similar parameter for the second
weight matrix, X is the design matrix, ¢ is the error term, and W; and W,
are unique weight matrices designed to capture spatial dependence within
a state (using W;) versus spatial dependence across state lines (using W5).
Solving for y in the above equation gives us the following data generating

process (DGP)

y—piWiy —pWoy = XB+¢
(I —piWh —paWo)y = XfB+e¢

y= I —p Wi — P2W2)_1 X6 + (I —piWi — 02W2)_1 €

We now turn our attention to the Bayesian estimation of the two W
spatial probit model, which is an extension of the basic spatial autoregressive
probit model developed by LeSage (2000). For further extensions to the basic
spatial probit model, including the spatial Tobit and spatial Multinomial
Probit models, please see LeSage and Pace (2009), and for a tutorial on

Bayesian estimation in spatial regression models, please see Lacombe (2008).



4 Statistical Model

Beginning with some general notation that will serve throughout this paper,
let 6 denote a collection of parameters of interest, m () the prior probability
density function (pdf) for 6, and 7 (0 |y) the posterior pdf for 6, where y =
(y1,92, - ..,yn) denotes data. The data generating model f (y|#), which is
the likelihood function when viewed as a function of 8, appears in various
forms representing particular probability density functions. There are two
pdfs that we employ, namely the multivariate-normal pdf, f*V¥ (.|.), and
the truncated-normal pdf fT (-|-). Often, we reference just the variable part
of the density by noting its proportionality (integrating constant excluded)
with reference to a true pdf (integrating constant included) by using the
symbol “o”.

An estimable model of Congressional voting evolves in three steps. First,
we specify the legislator’s relationship between their propensity to vote in
favor of the 2001 Farm Bill and their observed characteristics; second, we
permit neighboring decisions (i.e. neighbors within a state and neighbors
across state lines) to impact the congressperson’s own decisions; third, we
formulate a statistical model of the congressperson based on their discrete
choice and, subsequently, devise an estimation strategy for drawing inferences
from the probability model. In deriving marginal distributions complications
force us to draw inferences using iterative procedures referred to, generically,

as Markov Chain Monte Carlo methods (MCMC). Application of MCMC
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follows seminal work by Gelfand and Smith (1990). Useful introductions to
MCMC and their use in Bayesian inference are Casella and George (1992),
Chib and Greenberg (1995) and Robert and Casella (1999).

The structural model for our two W spatial autoregressive probit model

takes the following form

v o= pWiyt + pWoyt + X3+ €

e ~ MVN (0, 02[n>

which can be written in reduced form as the following

Y- o= (]n—P1W1—P2W2)71X5+u

u = (I, — pWi — paWo) e

The latent variable y* links to the observed binary outcome, y through

the measurement equation

lify:>0
Yi =
0if y;y <0

As shown above, the error term ¢ is distributed multivariate normal with
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mean 0 and variance-covariance matrix o2I,. We set ¢? = 1, which is the
standard assumption required for identification in the probit model (see, for
example, Greene, 2008, p. 776). The distribution of w is derived in the

following manner!

4 {(In — P Wi — paW3) ™ 5] = [(fn — Wi = P2W2)_1}I V(e) [(In — Wi — Psz)_l}
= [(In — Wy — P2W2)_1}/02—7n [(In — Wi — 02W2)_1}

- [(]n — Wi — pQWQ)_1j|/ [(In — ;Wi = PQW2)_1}

From this it can be seen that u is distributed multivariate normal with

mean 0 and variance-covariance matrix [(In — Wi — pQWQ)_I}/ [([n — Wy — ngg)_l}.
The two separate W matrices deserve special attention. The first spa-

tial weight matrix, WW; denotes the three nearest neighbors within a state,

i.e. congressional districts that are wholly contained within the borders of

a single state. The second spatial weight matrix, W5 are the three nearest

neighbor congressional districts that are adjacent to each other but in dif-

ferent states. The use of these two separate weight matrices will allow for

the examination of the spatial relationship between congressional votes and

the specific pattern of spillovers over geographic space. Thus, we are able to

empirically measure two different types of spillover effects in congressional

I'The u term is of interest because like the standard probit, we are interested in how
the systematic component |(I, — p1 Wy — ngVg)_1 X ﬁ] 4 / o; exceeds the stochastic com-
ponent, u;. '
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voting patterns.

Continuing with the development of the statistical model, we observe data
X, assign data for the two separate weight matrices W; and W5, and observe
vy = (y1,y2,...,yn) , where y; = 1 if congressperson i votes for the legislation
and y; = 0 otherwise. We do not observe 6 = (5, p1, p2)" and our objective is
to characterize the locations and scales of the marginal distributions 7 (p; |y ),
7 (p2|y), and 7 (F|y). In deriving these distributions we need to establish
the form of the joint posterior density 7 (0 |y), which is proportional to the
likelihood for the data, f(y|€), and the prior pdf 7 (6). The reader will
note that one important feature of the problem is the absence of the latent
data, z, which, by definition, are not observed. Therefore, one key step
in the estimation involves augmenting the observed data likelihood, f (y|0),
with these latent quantities yielding the complete data likelihood, f (y16, z),
and the associated posterior pdf, m (0 |y, z), defined with respect to both the
observed and the missing data. The advantages of augmenting models with
latent data are highlighted in a series of influential papers by Siddartha Chib
and co-authors (Chib, 1992; Albert and Chib, 1993; and Chib, 1996).

Due to complexities arising from the joint features of the binary nature of
the data and the probit-link underlying the likelihood function, the integra-
tions required to obtain the marginal probability density functions = (p; |y),
7 (p2|y) and 7 (B |y) are not available in closed form. However, we are able

to easily derive the set of fully conditional distributions required for Gibbs

sampling, namely 7 (p1|p2,3,y,2), 7(p2|p1,5,y,2), and 7 (8 |p1, p2,y, 2).
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The full conditional distributions for the two spatial autoregressive parame-
ters, w (p1 |p2, B, 9y, 2), and 7 (p2 |p1, B, y, 2) do not correspond to any known
probability distribution. In these scenarios, it is relatively straight-forward
to simulate draws using a random-walk Metropolis-Hastings algorithm (see
Robert and Casella, 1999, pp. 245-246, for details). These features of the
statistical model lead naturally to a robust algorithm for estimating the two
W spatial autoregressive probit model consisting of Gibbs sampling the fully
conditional distributions of the complete data model, 7 (6 |y, z), simulating
directly from 7 (3 |p1, p2, ¥, 2 ), and simulating directly from 7 (p; |p2, 5, v, z)
and 7 (p2 |p1, 0, v, 2 ) using a random-walk Metropolis step. Sampling in turn
from each of the corresponding full conditional distributions and collecting
the output for a pre-specified number of iterations allows for inference re-
garding the location and scale of each posterior distribution and whether or

not spatial dependence exists in the 2001 Congressional Farm Bill vote.

5 Derivation of the Full Conditional Distri-
butions

In order to derive the full conditional distributions, we need to first assess the
form of the joint posterior, 7 (6 |y, z), which is proportional to the product
of the complete data density, f (v 60, z), and the prior pdf, 7 (0). We assume
prior independence between p;, ps, and 3, assume a univariate normal pdf

for both p; and py, namely 7 (p1 |p1,, 01, ) and 7 (p2 |p2,, 02, ), and assume a
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multivariate-normal pdf for (3, namely 7 (ﬁ ’ Bo, Cy 1).

As mentioned earlier the standard probit likelihood function, which is
defined as the following A]]_V[1 (@ (2/0)]% [1 — @ (/)] ¥, is complicated by the
presence of the integrals ;mplicit in the cumulative normal distribution func-
tions @ (7/3), i = 1,2,..., N2, However, Albert and Chib (1993) show that
intractabilities can be easily circumvented by augmenting the observed data
likelihood f (y|@) with the latent responses, z, and, instead, focusing atten-
tion on the complete data likelihood f (y|6,2) = f~ (2| X3, Iy). LeSage and
Pace (2009, p.282) note that “... we can use the same conditional posterior
distributions that arise for the case of a continuous dependent variable re-
gression model.” In other words, the spatial probit model is converted into
a continuous dependent variable model because we are able to sample for
the latent quantities. Thus, derivation of the full conditional distributions
follows conventional methods.

Defining A = (I,, — p1W1 — paW3), the form of the joint posterior distri-

bution is given by the following

m(0]y) o< |Alexp {5 (Az = XB)' (Az = XB)} m(8) m (1) m (po)

where 7 (/) represents the prior on the 3’s, 7 (p;) represents the prior on

the p; parameter, and 7 (p2) represents the prior on the ps parameter.

2Franzese and Hays (2008, p. 7-8) note that “Because each unit’s outcome is interde-
pendent, their joint distribution is not the product of the n marginal distributions, so one
does not maximize sums of logs of n one-dimensional probabilities, but interdependent
and so one maximizes the log of one n-dimensional distribution.”
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The full conditional distributions are derived from the joint posterior

distribution and take the following form

(B p1, p2, ¥y, 2) exp{—.5(Az—Xﬁ)/ (Az—Xﬁ)} (1)
x exp{=5(8— ) Co" (B 5}
(2 |p1, p2, B,y) exp{—.5(Az—Xﬁ)’ (Az—Xﬁ)} (2)

m(p1lp2. By 2) o |Alexp{—5(Az — XB) (A2 — XB)} (3)
X exp{—.5af02(p1—p10)2}
7 (p2lp1, By, 2) o |Alexp{—5(Az — XB) (Az — X3)} (4)

X exp {—.502_02 (p2 — 020)2}

The distribution in (1) is proportional to the multivariate-Normal distri-
bution with mean (X’X + Co’l)il (X’Az + Cglﬁo) and covariance (X’X + 0071)71.
Therefore, (3 is distributed f*V¥ with mean (X'X + 00—1)_1 (X’Az + C’O_lﬁo>
and covariance (X’X + 0071)71'

The distribution in equation (2) is proportional to the multivariate-Normal
distribution with mean § = (A’A)"' A’X/3 and covariance ¥ = (A’A)™"
subject to each component of z satisfying sign restrictions embodied in .
Specifically, for ¢+ = 1,2,...,N, z; > 0if y; = 1 and 2y < 0if y; = 0. In
order to obtain efficient one-for-one draws for each element of z, we apply

the “probability integral transform” (see, for example, Mood et al., 1974, pp.
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202-203) to the N fully conditional distributions defined with respect to the
joint distribution for z, fTV%¥ (2|6, ¥), where the notation “4y” signifies the
dependence of the signs of each component of z on the corresponding com-
ponent in y. The explicit conditional distributions are derived by exploiting
standard results on the relationship between the joint and conditional distri-
butions of the multivariate-Normal pdf (see, for example, Zellner, 1996, pp.
378-93), for which some additional notation proves helpful. Define p; as the
i component of the N-vector = X3 = (u1, 2, - - -, uv)’; define p_; as the
(N — 1) vector retained once the i*" element is removed; define ¥;; as the it
row, i column element of ¥; define ¥_; ; as the (N — 1) x (N — 1) matrix
remaining after the ¥ row and i** column are removed; define ¥,_; as the
(N — 1) row vector obtained by removing the i** column from the i** row of
¥; and define ¥_;; as the (N — 1) column vector obtained by removing the "
row from the i column of ¥. With this notation we can establish that each
2,1 =1,2,..., N, has the truncated-normal distribution fTV*i (2;|6;,0;),
6 =i + XX (2o — puy) and 0y = Xy — X271 Y

A draw from equations (3) and (4) is simulated using a random-walk,
Metropolis-Hastings step. We begin by generating proposal values, 71 and
7y, from fN (71 |p1, &) and fV (73 |p2, &), where p; and ps denote the current
value of the spatial dependence parameter and & and & denote the standard
deviation of the Normal distributions generating the proposal values. Define

the following
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L, — Wy — Wy

f(rm2|B.y,2) = |Hlexp{—5(z— Xp) (Tlz — XB)}
xexp{—5072 (11 — py,)° b exp { = 5037 (m2 — p2,)*}

Fpr.p21B,y.2) = |Alexp{—5(Az — XB) (A2 — XB)}

X exp {—.501’02 (p1 — p10)2} exp {—.50502 (p2 — P20)2}

The proposal draw for the spatial dependence parameters are accepted

with the probability p = min {/ (71,7, |8,9,2)/f (pr,p2 13,9, 2) ,1}. Thus,
the sampling routine for estimating the parameters of the two W spatial

autoregressive probit model is defined by the following algorithm
1. Simulate a draw for 3 from fMV¥ ((X/X + 00—1) (X’Az + C’O_lﬁo> , (X’X + 00—1)_1>
2. Simulate draws for z i =1,2,..., N from fTN¥i (2 16;,04)

3. Simulate a draw from & (1 |p1, &) and f (79 |p2, &) and accept the

draw with probability ¢ = min {f (11, 7218,y,2)/f (p1,p218,y,2) , 1}

6 Data and Results

The legislation under consideration is the conference report HR 2646 arising
in the second session of the 107th Congress (which met in 2001 through

2002). In the House, the bill was known as the Farm Security Act of 2001.
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Data on the House vote (Roll Call 123, taken May 2, 2002) are collected
at the Clerk of the House website?, and an individual observation in our
dataset corresponds to each Representative who was available to vote on HR
2646. The binary variable “YEA” is recorded as a “1” for a vote in favor
of the conference report and recorded as a “0” for a vote against the report
or if the Representative did not vote. The binary variable DEMOCRAT is
coded as “1” for Democrats and “0” for Republicans or Independents, and
is collected from the House Office of the Clerk’s Official List of Members
website?. Congressional district information for the Representatives is also
collected at the House Clerk Official List website. There are 348 votes, of
which 233 are “yeas” and 115 are “nays.”

To measure political influence, we include a dummy variable AGCOM
which equals ’1’ if the Representative sat on the House Committee on Agri-
culture in the 107th Congress. Support for agricultural legislation could
arguably be influenced by a legislator’s ideology, so we include a dummy
variable DEMOCRAT which equals “1”7 if the legislator was a member of
the Democratic Party and “0” otherwise. A last measure that we include
in order to assess the influence of agriculture in the district is the amount
of urbanization. Assuming an inverse relationship between the degree of ur-
banization and the strength of support for agriculture legislation, we use the

variable URBAN, which is the proportion of urban dwellers obtained from

3http://clerk.house.gov/evs /2002 /roll123.xml
4http://clerk.house.gov /histHigh/Congressional - History/olm.html?congress=107h
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the Census 2000 Summary File 1 for each Congressional District.

In order to measure the influence of agriculture political interests on in-
dividual members of Congress, we use data from the Center for Responsive
Politics” Opensecrets.org website, which compiles campaign contribution in-
formation in U.S. elections. For our purposes, we use reports on the Members
of the 107th Congress®. For each member, we create the variable AGPAC
by dividing the total amount of PAC money received by the member by the
amount of money contributed by “agribusiness” PACs over the 2001-2002
period. We note that four of the observations on PAC contributions are
negative. Data on contributions are collected on a two-year cycle consistent
with the election cycle; a negative PAC contribution for the 2001-2002 period
indicates that a contribution had been made to the candidate prior to 2001
but had been returned to the donor during the 2001-2002 cycle. Similarly, a
PAC may have made a donation to the candidate during the 2001-2002 cycle
and if the full amount was returned later in the same cycle, the PAC con-
tributions variable would have the value zero. Finally, values of production
and government payments are incorporated. Both measures are obtained
from the National Agricultural Statistics Service’s (NASS) 2002 Census of
Agriculture®. The variable MVP (market value of production) is the average
market value of production per farm in dollars and is intended to measure

the relative size and perhaps influence of farms in a Congressional district.

Shttp://www.opensecrets.org/politicians /candlist.asp?Sort=S&Cong=107
Shttp://www.nass.usda.gov/Census_of_Agriculture/
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The GP (government payments) variable is the average government payment
per farm in dollars for those farms that receive payments. This variable is
included in order to determine if farms receiving payments exert influence.
Given that NASS does not disclose some of the data on government pay-
ments due to privacy concerns, the sample size is effectively reduced to 348
observations.

The econometric model that we estimate is as follows

y=piWhiy+ poWoy + X3 +¢

where y is an n x 1 vector of observations on the dependent variable, X
is the n x k matrix of independent variables, p; and ps are spatial depen-
dence parameters, and Wy and Wy are n x n spatial weight matrices. W,
is a weight matrix that is formed by finding the three nearest congressional
district neighbors within a state, and Wy is a weight matrix that is formed
by finding the three nearest congressional district neighbors across a state’s
border. The first weight matrix is designed to capture spatial dependence
in votes within a state and the second weight matrix is designed to capture
spatial dependence that may exist across state borders. Each of the weight
matrices are standardized via the spectral density method of Kelejian and

Prucha (2007), whereby each element of the weight matrix is divided by its
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largest eigenvalue in absolute value’.

In our Gibbs sampling routine, we utilize 10,000 draws for the burn-in
period, followed by 10,000 draws for the actual sampling. We also utilize
proper priors, albeit with diffuse values®.

Table 1 contains our results from the Gibbs sampling exercise. The first
column in Table 1 lists the explanatory variables used in the analysis, the
second column contains the point estimates for each variable®, and the final
column lists the 95% credible intervals for each coefficient estimate.!”

The results are noteworthy and confirm our hypotheses regarding the
spatial dependence parameters as well as our hypotheses regarding the inde-
pendent variables. First, it appears that there is positive spatial dependence
in the voting patterns on the 2001 Farm Bill in congressional districts within
a state, as evidenced by the p; parameter of 0.22, albeit a relatively small
dependence. Additionally, the second spatial dependence parameter py also
shows that there is positive spatial dependence in congressional districts that

are adjacent but in different states, with again a relatively small value of 0.09.

"Kelejian and Prucha (2007, p. 7-9) note that using the spectral density row normal-
ization bounds the p parameters between (—1,1) and also state “... unless theoretical
issues suggest a row-normalized weights matrix, this approach in general will lead to a
misspecified model.”

8Specifically, we use a vector of zeros for our prior on the coefficients, zeroes for the
priors on the spatial dependence parameters, a covariance matrix of (100 x I,,) for the s,
and a value of 100 for the variance on each p parameter.

9The point estimates are defined as the the mean of the posterior distribution for each
B. It should be noted that these coefficient estimates are not the associated marginal
effects.

10Koop (2003), pp. 43-45, contains information on the building and interpretation of
credible intervals.
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This result appears to validate the idea that Congressional dependence is the
2001 Farm Bill vote can be broken down into two separate spatial compo-
nents, with a greater strength of dependence within states as opposed to
across state lines.

In terms of the set of independent variables used in the analysis, standard
results that have appeared in the previous literature seem to apply in this
case as well. The positive coefficient estimate on the DEMOCRAT variable
indicates that House members who belong to the Democratic Party are more
likely to vote for the 2001 Farm Bill. The Democratic Party has long been
associated with the interests of farmers and this results is a fairly standard
one that is found in the literature. The URBAN variable is one that has the
expected sign and association with the voting patterns of representatives.
People living in urban areas may not think that they have any real interest
in farming issues, and in fact may view farm programs as a wealth transfer
from urban dwellers to their rural counterparts''. We would expect that
representatives from urban areas would be less inclined to vote for any farm-
related legislation and our empirical results seem to confirm this hypothesis.
Another ubiquitous covariate found in the literature is a measure of financial
support from industry. The PAC variable we use is designed to capture any
influence of political action committee contributions on legislative outcomes

and it is no surprise that this variable has a positive impact on voting pat-

"There is anecdotal evidence that Congresspersons from urban areas form alliances
with other groups (e.g. environmentalists) in opposing farm programs.

23



terns on the 2001 Farm Bill. Finally, our MVP variable (market value of
production) has a negative coefficient estimate, indicating that as the mar-
ket value of production decreases, the propensity to vote for the Farm Bill
decreases as well. However, the magnitude of the coefficient estimate is so
small that is seems that this variable has very little substance from an eco-
nomic significance perspective. Finally, we note that the variables AGCOM
(a dummy representing those who sit on the Agricultural Committee) and
GP (government payments) seem to have no influence on the voting habits

of members of Congress.

7 Conclusion

The estimation of spatial econometric models, such as the spatial probit, has
been greatly facilitated by Bayesian methods as outlined in a series of influ-
ential articles by LeSage (1997, 2000) and LeSage and Pace (2009, Chapter
10). Building on these pioneering efforts, we develop and utilize the Dual
Spatial Autoregressive probit model and empirically investigate whether or
not there is differential spatial impacts in Congressional voting on the 2001
Farm Bill. Our results indicate that indeed there are differential impacts and
that the spatial impacts are stronger in congressional districts within a state
as opposed to the effect across state borders. We also find that covariates
associated with being a member of the Democratic Party, living in an urban

area, and political action committee contributions have a positive impact on
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the propensity of a congressperson to vote in favor of the 2001 Farm Bill.
Future research will include the development of the two W spatial error
probit model, which is designed to model unobserved factors that vary sys-
tematically over geographic space in the context of a discrete choice model,
the calculation of marginal likelihoods to enable appropriate model compar-
isons, and the empirical question of what configuration of the W matrix is

appropriate.
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Table 1: Dual Spatial Autoregressive Model Estimates

Dependent Variable: “Yea” or “Nay” on Farm Bill Vote

Explanatory Variables Estimated Coefficient 95% Credible Interval
Constant 1.70 [1.09, 2.33]*

Democrat 0.41 [0.14, 0.68]*

Ag Committee 0.48 [-0.08, 1.08]

Urban -2.16 [-2.92, -1.41]*

Ag Pac Money 3.76 [1.55, 6.01]*

Market Value -0.00000079 [-0.0000015, -0.000000021*
Govt Payments 0.0000071 [-0.0000070, 0.000022]

p1 0.22 [0.07, 0.37]*

P2 0.09 [0.006, 0.22]*

Number of Observations=348

Note: Entries in the 95% Confidence Interval field marked with an asterisk

indicate intervals that do not contain zero.
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