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Does Econometric Methodology Matter? An Analysis
of Public Policy Using Spatial Econometric Techniques

A popular approach to examining the effects of public policy has been to rely on a spa-
tial data sample of border counties as in Holmes (1998)—border counties from a sam-
ple of states that are used in conjunction with least-squares estimation techniques in
an attempt to isolate the policy impact while controlling for spatial dependence that
often arises from latent or unobserved variables. This technique is in the spirit of
control-group methodologies from the laboratory sciences. This paper contrasts
border-county estimation results from Holmes™ (1998) approach and those from a re-
lated methodology set forth in Holcombe and Lacombe (2003), with estimates from a
spatial autoregressive model explicitly accounting for within-state and between-state
public policy effects. As an illustration, the paper examines the effects of Aid to Fami-
lies with Dependent Children (AFDC) and Food Stamp payments on female-headed
households and female labor force participation using the three different methods.

1. INTRODUCTION

Economists have long been interested in applied policy questions, and the answers
to these questions may vary depending upon the means used to control for certain
unobserved factors, some of which may vary geographically in a systematic manner.
Various econometric techniques have been developed to address problems that can
bias estimates and associated inferences. Early work tended to ignore the fact that la-
tent or unobserved variables can vary systematically over geographical regions, creat-
ing spatial dependence among cross-sectional observations on states or counties.
More recently, a general recognition that policy effects may exhibit spatial correlation
between nearby geographical regions has led to the adoption of quasi-experimental
control-group methodologies (Holcombe and Lacombe 2003; Holmes 1998; Isser-
man and Rephann 1995). These approaches attempt to control for spatial depen-
dence using border counties from neighboring states as the sample data. If this
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approach is successful in eliminating spatial autocorrelation, least-squares estimates
should possess desirable properties on which to draw inferences regarding the signif-
icance and magnitude of policy effects. Section 2 of the paper provides a literature re-
view of these approaches.

This paper examines the question of whether the border-county methodology is
successful in dealing with spatial dependence, using the effect of Aid to Families with
Dependent Children (AFDC) and Food Stamp programs on female headed house-
holds as well as female labor force nonparticipation as an illustrative example. The
empirical results indicate strong evidence of spatial dependence between neighbor-
ing counties in the same state as well as neighboring counties from adjacent states.
This suggests that least-squares estimates based on the border-county approach to
controlling for latent geographical factors may be biased and inconsistent. Section 3
presents estimation results for the border-county methodologies of Holmes (1998)
and Holcombe and Lacombe (2003), using an illustrative dataset on AFDC and Food
Stamp Programs for a sample of 1129 border counties.! Section 4 of the paper sets
forth an alternative specification and estimation methodology that explicitly models
spatial dependence in the dependent variable. Two spatial autoregressive lagged de-
pendent variables are used, one involving nearby counties from within the state (i.e.,
intrastate), and a second based on bordering counties in neighboring states (i.e.,
interstate). It is argued that this approach holds several theoretical as well as econo-
metric advantages over the border-county matching methodology. Estimates based
on the AFDC and combined AFDC and Food Stamp policy effects model are used to
illustrate these advantages. Conclusions can be found in Section 5, where theoretical
and applied advantages of the methodology proposed here are summarized. In terms
of econometric advantages, the example suggested here allows for an increase in the
sample size, which can improve predictive fit as well as precision of the estimates.
Since these aspects of modeling policy effects are often important, this represents an
applied advantage. The increased sample size comes from inclusion of neighboring
counties within the states in the spatial autoregressive model, observations that are
ignored in the border-county approaches. Although these additional observations are
included in the spatial autoregressive model, a separate parameter is assigned to
these influences, allowing within-state impacts to be separated from those associated
with between-state effects. This provides a theoretical advantage, in that the relative
influence of latent or unobservable factors arising from cultural or geographical prox-
imity of neighboring observations within-states are explicitly accounted for by the
model. Estimates and inferences regarding the relative importance of these within-
state effects are available directly from the proposed model as are estimates and in-
ferences concerning between-state policy effects.

2. AN INTRODUCTION TO THE LITERATURE REGARDING BORDER-COUNTY
TECHNIQUES

As stated earlier, researchers have come to recognize that geographical factors can
play an important role in determining the effects of public policy. If unobserved or la-
tent variables vary systematically over geographic regions, spatial dependence be-
tween cross-sectional observations on the dependent variable can arise. As in the case
of simultaneity, least-squares estimates will be biased and inconsistent (Kelejian and
Prucha,1998). Various sampling techniques have been devised to account for vari-

1. The approach used by Holcombe and Lacombe (2003) relies on a “matched” border-county tech-
nique and as a result increases the sample size to 1319 border counties due to the fact that some counties
in one state touch more than a single county in another state.
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ables that can vary geographically. For example, Holmes (1998) looks at border coun-
ties to examine the effect of right-to-work laws on manufacturing employment and
finds that right-to-work laws increase manufacturing employment relative to states
that do not have such a law. In another frequently cited study, Card and Krueger
(1994) empirically investigated the impact of minimum-wage laws by comparing sim-
ilar restaurants in New Jersey and eastern Pennsylvania, restricting their sample to
these two locations. Fox (1986) used matched metropolitan areas to conclude that in-
creases in state and local sales-tax rates reduce the level of retail activity for two of the
three metropolitan areas studied. Isserman and Rephann (1995) compared counties
within Appalachia with a “twin” county outside of Appalachia and determined that
between 1969 and 1991, Appalachian counties grew faster than their control group
“twins.” Bronars and Lott (1998) examine concealed-weapons laws using differences
along state borders, concluding that concealed handguns deter criminals.

The common thread linking all of these studies is their attempt to control for un-
observed spatial variation using strategic spatial selection of the sample observations.
The rationale for this approach is that geographic differences should be minimized
across state borders, while variation in policy impacts are more easily detected, pro-
ducing more precise estimates of the public policy effects.

3. LITERATURE ON AFDC PAYMENTS AND AN ANALYSIS OF AFDC AND FOOD STAMP
PAYMENTS USING TWO BORDER-COUNTY METHODOLOGIES

The literature on the effects of Aid to Families with Dependent Children (AFDC)
and Food Stamp Payments on female-headed households and female labor-force par-
ticipation is voluminous. To set the stage for estimation results presented here, a brief
literature review of existing studies on the subject is provided. One of the earliest
studies, Garfinkel and Orr (1974), finds that the AFDC program reduced labor sup-
ply of mothers eligible for the program. In a widely cited study, Levy (1979) argues
that analysts should look at the impact on all female households, rather than just
those who participate in the program, and finds that more generous AFDC benefits
decrease hours worked. Bieker (1981), looking at the effect of AFDC in Delaware,
found that more generous benefits increased participation in the program and re-
duced labor-force participation. Danziger, Haveman, and Plotnick (1981) also found
that AFDC payments had a negative effect on labor supply, but note several reasons
why there may be ambiguities that make it difficult to estimate the magnitude of
these effects. Moffitt (1986) examined the effect of 1981 changes in the structure of
the program, and consistent with other studies, found that reducing benefits to offset
earned income led to a reduction in earnings of women eligible to participate.
Cloutier and Loviscek (1989) find that local conditions, and especially the unemploy-
ment rate, can affect program participation rates. Consistent with other studies,
Robins (1990a, 1990b) and Nord and Sheets (1990) both find that reduced benefit
levels result in reduced participation rates in AFDC, although each study uses differ-
ent methodologies and data. Walters (1990) finds that because transfers can blunt the
incentive to work, more generous AFDC payments can increase the measured
poverty rate. Smith (1991) concludes that AFDC recipients tend to migrate from
lower benefit states to higher benefit states; in contrast, Levine and Zimmerman
(1999) find little evidence that there is widespread migration in response to welfare
benefits. Moffitt (1992), in an extensive review of the literature, notes that AFDC re-
duces labor supply, that more generous benefits increase program participation, and
that these programs increase the likelihood of single-parent households. Yelowitz
(1995) found that more generous Medicaid eligibility reduced AFDC participation,
because more families could participate in Medicaid without being on AFDC. Chap-
man, Duncan, and Gray (1998), in contrast with most literature, find that for people
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who earn income while on AFDC, welfare payments do not appear to make individ-
uals less likely to pursue work.

The main conclusions one draws from previous empirical research is that women
tend to behave in the expected manner and reduce their labor supply in the face of
increased public assistance payments, move from states with less generous benefits to
states with more benefits, and are more likely to be single parents. The obvious dif-
ferences between these studies are: (1) the data used, and (2) the fact that only some
of the methodologies attempt to control for the influence of latent geographic factors.
For example, as Levine and Zimmerman point out, “...states differ in their welfare
generosity and a myriad of other characteristics” (1999, p. 397). The fact that states
differ in many unobservable ways that will not be captured by explanatory variables
can lead to spatial dependence between the dependent variable observations. As al-
ready noted, this results in a situation akin to simultaneity, where the dependence is
across equations rather than between observations in the spatial cross-section. Ordi-
nary least-squares estimates may exhibit bias in the face of spatial dependence, pro-
viding misleading inferences regarding the effects of welfare programs (or other
public policy impacts). In terms of geographic differences, Levine and Zimmerman
note, “...if low benefit states have a nicer climate, then the flow of treatments out of
the state would be reduced relative to the flow of treatments out of higher benefit
states with a worse climate” (1999, p. 397).

While very few studies of the effects of AFDC explicitly mention geography as a
factor that can exert an important influence on the results, this paper compares three
different methodologies that explicitly take spatial location into account. One
methodology will be the border-county technique similar to the one employed by
Holmes (1998). Another methodology will be the “matched” border-county tech-
nique used by Holcombe and Lacombe (2003) in their analysis of the effects of
AFDC and Food Stamp payments on female-headed households and female labor
force nonparticipation. The final methodology is a spatial econometric technique that
takes explicit account of within-state as well as between-state effects. In this paper, a
spatial autoregressive model that utilizes two spatial weight matrices to separate out
the within-state and between-state effects is developed and utilized.

3.1. Sample and Variables

The sample used in this study is comprised of all of the border counties in the con-
tiguous United States.? A total of 1129 county-level observations are used, with the
exception of the AFDC and combined AFDC and Food Stamp variables, which are
state-level programs and are therefore state level observations. The year 1990 is used
primarily because the data for the dependent and independent variables are accessi-
ble for this year.® The dependent variables used in this study will be the percentage of
households headed by a female with no husband and children under the age of 18 as
well as females aged 16 and over not in the labor force as a percentage of the total

population of females 16 years old and older, as a measure of female labor-force par-

ticipation®.

2. The border counties that border both Canada and Mexico are excluded from the sample as well as
observations from Alaska and Hawaii.

3. The data used in this study was obtained from the CensusCD (Geolytics, Inc.) and the Regional Eco-
nomic Information System, 1969-1999 which is accessible via the internet at http:/fisher.lib.virginia.edu/reis/.
Data on AFDC and Food Stamp payments are available in Overview of Entitlement Programs, 1990
Green Book: Background Material and Data on Programs Within the Jurisdiction of the Committee on
Ways and Means, Committee on Ways and Means, U.S. House of Representatives, Washington, D.C.,
1990, 553-55.

4. Areferee pointed out that using percentages in this manner may introduce a limited-dependent vari-
able problem in that the dependent variables will be bound between zero and one. Two items are worth
mentioning in regards to this comment. First, the female, no-husband-dependent variable has a minimum
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The independent variables are also county-level observations, with the noted ex-
ception of the AFDC and Food Stamp Variables. The AFDC and Food Stamp vari-
ables are the maximum AFDC grant in a state and the combined maximum AFDC
and Food Stamp payment in a state. Other independent variables used in this study
are variables used in similar studies and include such items as: population density,
median age of the population, average wage per job per week, average tax rate, per-
centage of the population with a high school diploma, percentage of the population
employed in manufacturing, local per-capita government expenditures, the unem-
ployment rate, and percentage of the population living in urban areas. Additionally,
all of the models estimated have had the variables standardized, i.e. the variables
have had their means subtracted and have been divided by their standard deviations.

The first empirical technique to be used will be a border-county approach that tries
to control for unobserved geographic factors that may be inherent in the data. This
technique is similar to that employed by Holmes (1998) in his examination of the ef-
fects of right-to-work laws on manufacturing employment. The rationale for using the
border counties in each individual state is that geographic differences across the state
line should be minimized given their close proximity. If one were to examine the ef-
fects of right-to-work laws on manufacturing employment at the state level, incorrect
inferences may occur because other factors relating to geography may not be taken
into account. For example, Florida is a right-to-work state while Maine is not. Empir-
ical investigation may reveal that manufacturing employment is higher in Florida
relative to Maine, and this effect might be attributed to the fact that Florida is a right-
to-work state while Maine is not. However, there are many geographic differences
between Maine and Florida, one of which is weather. Unless this geographic differ-
ence is taken into account, the higher relative manufacturing employment in Florida
may be attributed to its right-to-work status, rather than some uncontrolled for geo-
graphic characteristic. By using border counties on either side of a state line where
policy differs, it is hoped that this sampling technique will control for unobserved
geographic factors.

The first empirical model will examine the effects of AFDC payments and com-
bined AFDC and Food Stamp payments on both female-headed households and fe-
male labor-force nonparticipation. A total of four models are presented, two for each
dependent variable with each of the measures of public assistance. All of these mod-
els use the border-county sample and ordinary least-squares (OLS) estimation.

Estimates from the first model presented in second column of Table 1 use female
headed households as the dependent variable and the list of independent variables
described earlier. This model explains approximately 50% of the variation in the de-
pendent variable and the AFDC measure of public assistance is insignificant, a result
that is inconsistent with previous studies. Other independent variables have the cor-
rect sign and are significant or have the correct sign and are insignificant. For exam-
ple, the median-age variable has a negative-coefficient estimate and is significant,
indicating that as the median age rises, we should see fewer female-headed house-
holds. However, other independent variables, such as the wage rate, have the ex-
pected sign, but are insignificant. The third column of Table 1 contains the same

value of 0 and a maximum value of 0.2155 with only one of those values exactly equal to zero. The female
labor-force-participation dependent variable has a minimum value of 0.1669 and a maximum value of
0.5705, so there does not appear to be any limited-dependent variable problem in the dependent variables.
Second, the spatial autoregressive models were reestimated with log(dependent varia%le) on the right-
hand side and log(denominator of dependent variable) on the left hand sige in addition to all of the other
independent variables. The results indicated that the signs, magnitudes, and significance of the coefficient
estimates were virtually identical to those reported in Table 3. I wish to express my gratitude to the referee
for pointing this potential problem out.
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specification as the second with the exception of the measure of entitlement pay-
ments, which is now the combined AFDC and Food Stamp payment. The results
from this specification are similar to the results when only the maximum AFDC pay-
ment was utilized.

The next set of results contained in Table 1 will examine the same specifications as
in columns two and three of Table 1 but replace the dependent variable with females
aged 16 and over not in the labor force as a percentage of the total population of fe-
males 16 years old and older. The results in the third column indicate that a good por-
tion of the variation in the dependent variable is explained by the independent
variables. Here the results indicate that the AFDC variable is significant, but of op-
posite sign from previous studies where public assistance payments are inversely re-
lated to female labor-force participation.

The final specification in Table 1 is similar to the one appearing in the third column
of Table 1, but replaces the independent variable with the combined AFDC and
Food Stamp variable. The results indicate a similar pattern to the results in the third
column of Table 1. The combined independent variable is significant but has the in-
correct sign, contradicting previous studies.

Summarizing these results based on border counties as our unit of observation, we
see that much of that variation in the dependent variable is explained but the inde-
pendent variables of interest are either insignificant, have the wrong sign, or both.
These results cast doubt on the technique of simply using border-county observations
to control for latent, unobserved geographic factors.

A second method of controlling for latent geographic factors that also relies on
least-squares estimation was proposed by Holcombe and Lacombe (2003)°. They use
a “matched” border-county technique that links observations geographically by trans-
forming variables in each county to reflect a percentage of the same variable in the
adjacent county or counties across the state border. For example, the first dependent
variable is the percentage of households headed by females, with children under 18,
and no husband. For this analysis, the percentage of female-headed households in
county i is matched with the percentage of female-headed households in counties, j =
1,...,m, which represent m counties in the adjacent state that touch county i. This
produces the matched value for female-headed households, FHH,, following the for-
mula

FHH. = county;

m

1
E 2 coum‘yj
j=1

where county, is the percentage of female-headed households on one side of the state
border and county; is the percentage of female-headed households in each of the m
counties of the bordering state that touch county i. Observations calculated in this
way are referred to as matched values, and all of the dependent and independent
variables in the regressions that follow are transformed in this way.

As an illustrative example, in Columbus County, North Carolina, female-headed
households with children under 18 make up 7.26% of all households. In Horry
County, South Carolina, which is adjacent to Columbus County and across the state
border, female-headed households with children account for 6.34% of households.
Substituting into the above formula, the matched value for female-headed house-

5. The discussion that follows borrows heavily from Holcombe and Lacombe (2003).
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holds with children in Columbus County is 7.26/6.34 = 1.15. Horry County borders
not only Columbus County, but also Brunswick County, North Carolina, where
female-headed households with children are 5.33% of total households, so the
matched value for Horry County is 6.34/((7.26+5.33)/2) = 1.01. The only South
Carolina county Brunswick County borders is Horry, so its matched value for female-
headed households with children is 5.33/6.34 = 0.84. These matched values are in-
terpreted as the value of the county’s observation as a percentage of those it matches,
so, for example, female-headed households are 115% as common in Columbus
County as the counties it borders across the state line, while female-headed house-
holds are only 84% as common in Brunswick County as its matched county across the
state border. This example shows the difference between the matched values and the
raw county level data used in the previous specifications contained in Table 1.

The independent variables are matched in a similar manner as are all county-level
observations, with the exception of the state-level AFDC and Food Stamp variables.
For example, Alabama in 1990 had a maximum AFDC benefit of $118, while Geor-
gia’s maximum benefit was $273 and Florida’s was $294. Houston County, Alabama, is
in the southeast corner of the state, and borders Early and Seminole Counties in
Georgia, and Jackson County in Florida. Using the formula above, Houston County’s
matched AFDC variable for the Georgia counties is $118/$273 = 0.43, and is
$118/294 = 0.40 when matched with Jackson County in Florida. The Georgia coun-
ties have a matched value of 2.31 with Houston County, Alabama, using the same for-
mula, and the Jackson County, Florida, has a value of 2.49.

The following regression models use the “matched” dependent and independent
variables and ordinary least-squares (OLS) regression techniques. Note that that data
are not simply the raw values, but are matched according to the above formula in
order to tie geographically each observation and hopefully control for unobserved
geographic variation. Also note that some counties touch counties in more than one
state. These observations were included twice to account for the specific geography
of the particular counties which raises the sample size to 1319 “matched” border
counties.

Columns two and three of Table 2 lists the results when the dependent variable is
the percentage of female headed households with the set of independent variables
from the previous unmatched regression models contained in Table 1.

Examining the results from the regression models contained in columns two and
three of Table 2, we see that now the public assistance variables are both statistically
significant and have positive coefficient estimates, consistent with previous research.
However, these two models do have some shortcomings. For one, the variation of the
dependent variable explained by the model is quite low, hovering around 30%. This
may be due to the fact that by matching the dependent variable, some variation is re-
moved. Another problem is that some independent variables are significant, but they
have the wrong sign. For example, the average wage per job per week variable is sig-
nificant but has a positive coefficient estimate, indicating that an increase in the wage
increases the number of female-headed households.

The next regression models provide information on the relationship between pub-
lic assistance payments and females labor force participation, again using the
“matched” border-county sample.

The specifications in columns four and five of Table 2 indicate that AFDC and
combined AFDC and Food Stamp payments increase the incidence of females age
16 and over who are not in the labor force, consistent with the findings of other re-
searchers. However, only 42% of the variation in the dependent variable is explained
by this model, and some of the independent variables either have the wrong sign, are
insignificant, or both (e.g., manufacturing employment).
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In summary, the “matched” border-county technique does a better job of explain-
ing the relationship between public assistance payments and the dependent variables
in a manner consistent with the many studies on this topic. The matching technique,
by directly linking observations geographically, can be argued to provide a better
method of controlling for geographic factors. On the downside, however, the varia-
tion in the dependent variables that these models explain is lower than in the non-
matched sample, although a direct comparison is not possible because the dependent
variables in the two techniques are different.

4. A SPATIAL AUTOREGRESSIVE MODEL FOR BORDERING MATCHING DATA SAMPLES

In this section, an extension of the traditional spatial autoregressive model de-
scribed in Anselin (1988) that is ideally suited to the case of border matching spatial
data samples is set forth. The model is shown in (1), where W, and W, represent n by
n spatial weight matrices described in the sequel.

y=p Wy +p,Woy + XB +¢ (1)

In (1), y represents the same dependent variable vector used in the border-match-
ing models whose least-squares estimates were presented in Tables 1 through 4°.
Identical explanatory variables are in the matrix X, and we assume that € obeys the
traditional least-squares assumptions, € ~ N(0,6°,,). Note that this model subsumes
the border-matching models as a special case when the scalar parameters p, and p,
take on values of zero. This provides a simple test of this model specification versus
the traditional border-matching specification.

The n by n spatial weight matrix W is constructed using the three nearest within-
state neighbors to each county observation and W, is based on the three nearest
neighbors in the bordering state. Specifically, for county i, the ith row of the weight
matrices contain a value of 1/3 in the three columns associated with the three obser-
vations representing the nearest within-state neighboring counties. Similarly, the ma-
trix W, contains values of 1/3 for the three nearest neighbors in an adjacent state.

Matrix multiplication of these weight matrices with the dependent-variable vector
creates one explanatory variable vector consisting of the average of the dependent
variable in surrounding counties within the state, (W},y), and another representing
the average value of y observations from the three nearest counties from a bordering
state (Wy,y). These two variables are spatial lags analogous to time-series lagged de-
pendent variables. As in the case of time-series they capture the influence of ex-
cluded unobservable latent variables that exhibit spatial autocorrelation. If the scalar
parameters p; and p, are significantly different from zero, one can show that least-
squares estimates of B are biased and inconsistent (Kelejian and Prucha 1998).

Estimation of the model in (1) requires maximum-likelihood methods where the
likelihood function is shown in (2), where e = (I, — p,W; — p,Wy)y — XB.

P 1
LB,0,p1,pa:y, X) = (216%) ™2 11, —py W, —poW, | exp(—Fe’e> (2)
c

6. The sample size is different for the spatial autoregressive model which includes county-level obser-
vations from bordering counties within the state as well as those from neighboring states, so the vector of
dependent and the matrix of independent variables differ in terms of the number of observations.
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In practice, the parameters § and ¢ can be concentrated out of the log-likelihood
function, making this an optimization problem involving the two scalar parameters p,
and p,. The most computationally demanding part of solving the optimization prob-
lem involves computing the log-determinant expression II, — p,W; — p,W,| over a
grid of values for p; and p,. This is carried out prior to optimization so that a simple
table look-up is needed during optimization calls to evaluate the log-likelihood func-
tion. This represents a simple extension of the methods proposed in Pace and Barry
(1997). The MATLAB functions used to implement these estimates are available in
the spatial econometrics toolbox.”

The traditional spatial autoregressive model utilizes a single spatial-weight matrix,
taking the form y = pWy + XB + €. In this application, the interest is in separating
out the two types of spatial dependence that may exist in the dependent variable vec-
tor. Given that the sample data is constructed using bordering counties, each obser-
vation will have neighboring counties within the state as well as neighbors in the
adjacent state. This provides one motivation for this approach to modeling spatial de-
pendence. A second point is that the magnitude and strength of spatial autocorrela-
tion may be different between observations within the state and observations in
adjacent states since cultural practices as well as the economic environment seem
likely to differ amongst individual states. For this particular application, it may be the
case that there are different spatial dependencies based on the premise that individ-
ual’s react differently depending on both the county and state in which they live.

Table 3 presents estimation results for the spatial autoregressive model based on
border-county observations in their raw form, similar to the models presented in
Table 1. Estimates of the variance-covariance for the parameters B presented in the
tables were constructed using a numerical Hessian calculated using the maximum-
likelihood values of the parameters. In columns two and three of Table 3, the depen-
dent variable is the number of female-headed households and the independent
variables are the same as in the previous specifications. There are several interesting
observations one can make about the spatial autoregressive model estimates. First,
both the within and between-state parameter estimates p, and p, are positive and sig-
nificant at the 99% level, indicating that this specification is superior to least squares.
These nonzero parameters provide evidence of statistically significant spatial depen-
dence between neighboring counties within the states as well as between counties in
adjacent states. That is, the sample selection strategy of relying on border counties
does not appear to eliminate spatial dependence arising from unobserved latent vari-
ables that take on a spatial character. A second point is that after controlling for these
two sources of spatial dependence, the AFDC and the combined AFDC and Food
Stamp payments variables are significant. Entitlement payments seem to have a pos-
itive effect on the number of female-headed households, after controlling for in-
trastate and interstate spatial autocorrelation, which is consistent with many of the
studies on this topic. Finally, the models explain approximately 61% of the variation
in the dependent variable, which is approximately 11% higher than the least-squares
models that do not take into account any spatial variation in the dependent variable.

Columns four and five of Table 3 contain estimation results for the same inde-
pendent variable specifications as in columns two and three of Table 3, with the fe-
male labor force nonparticipation rate used as the dependent variable. The spatial
weight matrices utilized in these models are also the same as in the previous mod-
els constructed using the same within-state and between-state spatial connectivity
relationships.

7. The spatial econometrics toolbox is a public domain set of functions that can be found at www.spatial-
statistics.com.
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The results in columns four and five of Table 3 are very similar to those in columns
two and three Table 3, with the exception that both the AFDC and combined AFDC
and Food Stamp payment variables are now insignificant at conventional significance
levels. Also of note is that both the within-state (p;) and between-state (p,) parame-
ters on the spatial lags are positive and significant, indicating the presence of spatial
autocorrelation for both within-state and between-state observations of this depen-
dent variable. Again the spatial autoregressive model specification proves superior to
ordinary least squares. Finally, the models explain approximately 73% of the variation
in the dependent variable, which is 10% higher than the least-squares model that
does not take into account spatial dependence.

5. CONCLUSIONS

Economists have long been interested in the study of applied policy questions and
most disagreement among researchers regards controlling for possible latent unob-
served influences. In cross-sectional samples of states, counties, zip-code areas, cen-
sus tracts, and other geographic delineations, it seems likely that some of the latent
unobservable influences may vary systematically with the spatial location of the ob-
servations. A comparison of least squares and spatial autoregressive model estimates
for a sample of county-level observations selected from state borders was undertaken
here. The proposed spatial autoregressive model nests the least-squares specification
as a special case. When estimates of the parameters measuring two types of spatial
dependence, (1) that between counties within states and (2) between counties in ad-
jacent states are insignificant, the spatial autoregressive model collapses to the least-
squares specification. This makes specification testing simple. On the other hand,
when these parameters are significantly different from zero, least-squares estimates
are biased and inconsistent, similar to the situation that arises with simultaneity. This
paper examined one particular policy question, that of whether AFDC and Food
Stamp payments have an impact on the number of female-headed households and fe-
male labor-force participation. For this illustrative case, strong spatial dependence
was found for both within-state and between-state county-level observations, imply-
ing that least-squares estimates are biased and inconsistent.

These theoretical observations are consistent with the fact that in the illustrative
example the least-squares estimates produced results that were inconsistent with
most literature on the policy effects of these programs. A second “matched” border-
county approach set forth by Holcombe and Lacombe (2003) that relies on least-
squares estimation produced results that were more consistent with previous
empirical research in this area. However, the statistical fits of the models are quite
low, and the signs of parameter estimates for some of the independent variables are
not consistent with theoretical expectations. Formal tests for spatial autocorrelation
in the least-squares residuals from these two methodologies (not reported here) indi-
cated the presence of significant spatial dependence in the residuals from the
Holmes (1998) specification. The residuals from the Holcombe and Lacombe (2003)
least-squares estimates exhibited weaker spatial dependence, but still significant in
most of the four models examined here. These results are consistent with the finding
of strong spatial dependence in the dependent variable when using the spatial au-
toregressive model on all four specifications.

Economists and other social scientists interested in controlling for the effects of
unobserved latent variables that vary systematically over space should find the spatial
autoregressive model set forth here to be a parsimonious and reasonably simple al-
ternative specification that effectively models this type of influence on the dependent
variable.
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