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(1) policymakers learn by observing the experiences of nearby states, and (2) states seek a com-

f :cholars have proposed two distinct explanations for why policies diffuse across American states:

petitive economic advantage over other states. The most common empirical approach for studying
interstate influence is modeling an indicator of a state’s policy choice as a function of its neighbors’ policies,
with each neighbor weighted equally. This can appropriately specify one form of learning model, but
it does not adequately test for interstate competition: when a policy diffuses due to competition, states’
responses to other states vary depending on the size and location of specific populations. We illustrate with
two substantive applications how geographic information systems (GIS) can be used to test for interstate
competition. We find that lottery adoptions diffuse due to competition—rather than to learning—Dbut find
no evidence of competition in state choices about welfare benefits. Our empirical approach can also be
applied to competition among nations and local jurisdictions.

diffuse across the American states (e.g., Berry

and Berry 1990, Mooney and Lee 1995). But why
are one state’s policymakers influenced by the policy
choices of other states? Several explanations have been
proposed, and two of the most common—policy learn-
ing and economic competition—reflect fundamen-
tally different policymaking processes (Boehmke and
Witmer 2004).

Some scholars maintain that states are influenced by
the policy choices of other states because policymakers
learn from the experiences of other states (e.g., Glick
and Hays 1991, Mooney and Lee 1995). When con-
fronted with a problem, decision makers simplify the
task of finding a solution by choosing an alternative
that has proven successful elsewhere (e.g., Simon 1997,
Walker 1969). Most scholars who identify learning as
the cause of interstate influence argue that diffusion
of policy tends to be regional, with states looking pri-
marily toward their neighbors or other nearby states
for policies to emulate. Proximate states tend to share
cultural, socioeconomic, and political characteristics
that make them excellent “laboratories” for observ-
ing the likely effect of a policy choice (e.g., Walker).!

There is abundant evidence that public policies
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I Not all learning models, however, are regional, as illustrated by
Grossback, Nicholson-Crotty, and Peterson’s (2004) model of diffu-
sion among ideologically similar states.

Other researchers attribute the diffusion of policy to
competition: state officials make policy choices to gain
an economic advantage over proximate states. They
compete to attract perceived “goods” (e.g., businesses,
affluent taxpayers) and to deter perceived “bads” (e.g.,
loss of tax revenue, immigration of poor persons) (e.g.,
Bailey and Rom 2004, Ka and Teske 2002).

Regardless of whether scholars point to learning or
competition (or both) to justify their models of inter-
state influence, the vast majority of empirical tests of
such models have relied on a similar specification of
influence—one that assumes that states are affected
equally by all their neighbors, and unaffected by more
distant states. For example, most recent tests of models
of state diffusion have relied on event history analysis
in which the dependent variable is the probability that a
state not yet having a policy will adopt it, and one of the
independent variables is the number (or proportion) of
neighboring states that have previously adopted (e.g.,
Berry and Berry 1990, Ka and Teske 2002). It is pre-
dicted that a rise in the number of neighbors that have
adopted a policy results in an increase in the probability
of adoption.

When testing a learning model that emphasizes in-
fluence by proximate states, this specification of inter-
state influence—although simple—is quite reasonable,
as states looking to nearby states for policy cues should
be more likely to emulate a policy adopted by many
neighbors than a policy adopted by few. However, the
simple “number of neighbors” variable does not suf-
fice for testing for the presence of economic competi-
tion. When interstate influence is due to competition,
states’ influences on each other should vary depend-
ing on the size and location of specific populations of
individuals and firms within the states. For example,
assume that the diffusion of lottery adoptions across
states (observed by Berry and Berry [1990]) is due to
competition, with states adopting lotteries for fear of
losing revenues when residents travel to another state
to play. If this were the case, a state that is surrounded
by states with lotteries, but in which most people live
over a hundred miles from a state border would be less
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likely to adopt a lottery than a state that has a single
neighbor with a lottery, but most of its population in a
city right on the border of that one state. Until recently,
a model predicting this form of competition could not
be tested because it was infeasible to measure the size
and location of populations in all fifty states, especially
over a multiyear period. But advances in geographic
information systems (GIS) have made such measure-
ments possible.

GIS have not seen wide use by political scientists (for
exceptions, see Cho 2003 and Gimpel and Schuknecht
2003). However, we illustrate the value of GIS by ap-
plying them to test competition models of two state
policy choices—the level of welfare benefits and the
adoption of a lottery—for which scholars have posited
that both learning and competition are responsible for
policy diffusion. To allow a presentation of the applica-
tions in a relatively small amount of space, we modify
models developed in earlier studies: Berry and Berry’s
(1990) model of state lottery adoptions, and Berry,
Fording, and Hanson’s (2003) welfare benefit model.
Taken along with analyses of the original studies, which
we contend are good tests for the presence of policy
learning, our empirical analysis using GIS constitutes
a critical test for whether the interstate influence de-
tected by the original authors is due to learning or
competition.

MEASURING THE CONCERN BY STATE
OFFICIALS THAT MOTIVATES INTERSTATE
COMPETITION

Berry and Berry’s [hereafter B&B] (1990) model of
the diffusion of the lottery proposes that the proba-
bility that a state without a lottery will adopt one is
positively related to the number of its neighbors that
have one, as states without lotteries adopt one to pre-
vent the loss of revenues that occurs when residents
cross the border to play other states’ lotteries. Berry,
Fording, and Hanson’s [hereafter, BFH] (2003) welfare
benefit model predicts that states try to set their ben-
efits below those in surrounding states to discourage
poor residents of other states from moving for more
generous assistance. These models, although character-
izing different policies, share an implicit presumption
about the motivation of state officials to compete with
nearby states. Both assume that a policy choice of a
state—whether to adopt a lottery, or the size of its
welfare benefit—is driven by the degree of concern of
state officials about some form of behavior undertaken
by citizens: a state resident buying a lottery ticket in
another state or a poor person moving from another
state for more generous public assistance. If we could
observe these levels of concern, we could test these
assumptions empirically.

Both models assume that state legislators and the
governor are the principal officials involved in setting
policy (B&B 1990, BFH 2003). One way to measure
the degree of concern of these officials would be to
survey them. However, obtaining responses from cur-
rent office holders in every state would be difficult, and
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getting accurate assessments of the degree of concern
of officials during previous legislative sessions would
be virtually impossible. Lacking the ability to observe
directly the level of concern of state officials, we use
GIS to estimate Degree of concern. Although measure-
ment details are different for the welfare and lottery
applications, our basic strategy is the same:

e First, we identify the individuals at risk of engaging
in the behavior of concern (buying a lottery ticket
in another state, or moving to the state for better
welfare benefits). We call these persons the popu-
lation of concern. [For the lottery application, this
consists of adults in the state living near a state with
a lottery. For the welfare application, the population
of concern of state A is all poor people who live (1) in
other states with welfare benefits appreciably lower
than state A’s and (2) close to an appealing location
in state A.]

e We then estimate, for each person in the popula-
tion of concern, the individual’s propensity to engage
in the behavior of concern—a value assumed to be
a function of geographic location. [For our lottery
analysis, someone’s propensity to buy a lottery ticket
in another state is assumed to be inversely related
to the distance of the person’s residence from the
nearest state with a lottery. For the welfare applica-
tion, the propensity of a poor person from another
state to move to state A for better welfare benefits
is presumed to be a function of both the distance
of the person’s residence from an appealing location
in state A and the difference between the benefit
level in his or her current state and that available in
state A.]

¢ Finally, given the estimated propensity to engage in
the behavior of concern by individuals in the state’s
population of concern, the degree of concern of state
officials is estimated by summing propensity values
over all persons in the population of concern, and
norming the sum by dividing by a measure of state
population (for the lottery application, the state’s
adult population; for our welfare analysis, the state’s
poor population). This norming by state population
is performed because the degree of concern reflected
by any sum of individual propensity values should
vary depending on the size of a state.

DISTINCT LEARNING AND COMPETITION
HYPOTHESES

B&B (1990, 403) defend their prediction that the prob-
ability that a state will adopt a lottery is positively re-
lated to the number of previously adopting neighboring
states by pointing to both policy learning (“previous
adoptions by nearby states. .. yield important infor-
mation about a [lottery’s] effects”) and economic com-
petition (“people living near the border... can cross
[state lines] to purchase tickets”). We recognize that
both learning and competition are plausible explana-
tions for the diffusion of lottery adoptions, but offer
distinct propositions consistent with the two explana-
tions:
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Lottery Learning Hypothesis: The probability
that a state will adopt a lottery is positively re-
lated to the number of states bordering it that
have previously adopted.

Lottery Competition Hypothesis: The probability
that a state will adopt a lottery is positively related
to the degree of concern of its officials about res-
idents going to other states to play the lottery.

B&B’s (1990) event history model of state lottery
adoptions has as dependent variable whether a state
without a lottery adopts one in a year and includes as
independent variables a set of “internal determinants”
(e.g., state fiscal health, proximity to a gubernatorial
election) and the number of previously adopting neigh-
boring states. B&B interpret the coefficient estimate
for number of previously adopting states as a general
test for the presence of regional diffusion (which they
attribute to both learning and competition). In con-
trast, we view their empirical analysis as a test for the
occurrence of policy learning, and fashion a distinct
test for the presence of interstate competition by sub-
stituting measures of state officials’ degree of concern
about residents going to other states to play the lottery
for the neighbors variable in B&B’s model.

There have been many studies of interstate influ-
ence over welfare benefit levels (Bailey and Rom 2004;
BFH 2003; Rom, Peterson, and Scheve 1998; Volden
2002). The vast majority of these have framed their
empirical analysis as a test of the “race to the bottom”
thesis: the supposition that state officials compete to
keep their benefit levels below those in nearby states
to discourage immigration by the poor. If the thesis
is correct, one determinant of a state’s benefit level
should be the degree of concern of its officials about
poor people moving to the state for better welfare
benefits, a variable influenced not only by benefit lev-
els in nearby states but also by the size and location
of the poor population in these states. A few studies,
however, have raised policy learning as an alternative
explanation for states adjusting their benefits in re-
sponse to their neighbors’ changes in benefits (Allard
1998, Tweedie 1994). Setting a welfare benefit level is
a difficult and controversial choice. Thus, policymakers
may seek “benchmarks” for comparison, and benefit
levels in neighboring states are an obvious and rea-
sonable frame of reference. Consequently, when the
benefit level in a state increases relative to the average
benefit level in neighboring states, the state should de-
crease its benefit level in the following year (to bring
it closer to that available in benchmark states). We be-
lieve that both learning and competition are plausible
explanations for states’ benefit levels being influenced
by their neighbors’, and we introduce hypotheses con-
sistent with both explanations:

Welfare Learning Hypothesis: An increase in a
state’s welfare benefit relative to the average ben-
efit in neighboring states prompts a decrease in
the state’s benefit in the following year.

Welfare Competition Hypothesis: An increase in
the degree of concern by state officials about

poor people in other states moving to the state
for better welfare benefits prompts a decrease in
the state’s benefit in the following year.

The dependent variable in BFH’s (2003) model of
welfare benefits is a state’s real (i.e., inflation-adjusted)
Aid to Families with Dependent Children (AFDC)
benefit level. One of its independent variables is the
state’s AFDC benefit level relative to the average ben-
efit level in neighboring states in the previous year.
The authors maintain that the coefficient for “benefit
relative to neighbors” indicates the strength of inter-
state benefit competition.> We view BFH’s coefficient
estimate as testing the welfare learning hypothesis. To
test the welfare competition hypothesis, we substitute
measures of state officials’ concern about welfare mi-
gration for “benefit relative to neighbors” in BFH’s
model.

Thus, our strategy for testing the lottery and welfare
competition hypotheses requires us to construct mea-
sures of the degree of concern by state officials (about
residents going to other states to play the lottery, and
about poor people in other states moving to the state
for better welfare benefits). We now describe our use
of GIS to accomplish this task.

USING GIS TO ESTIMATE DEGREE
OF CONCERN ABOUT THE LOSS
OF LOTTERY REVENUE

Identifying the Population of Concern

Let D be the maximum distance (in miles) a person
would be willing to travel to purchase a lottery ticket.
Although D undoubtedly varies across individuals, to
make our model tractable, we assume this value is con-
stant.? Thus, for any state, s, without a lottery, we define
the population of concern (those individuals at risk of
going to other states to play the lottery) in a year as all
adultsin the state who live less than D miles from a state
that had a lottery prior to the beginning of the year.
The shaded region in Figure 1 depicts the population
of concern of a hypothetical state [S] within D miles of
five states, three of which have a lottery (T, U, and W)
and two of which do not (R and V). Note that to obtain
the shaded region, we form a band of width D internal
to the border of state S, but we exclude those sections
of the band that are not within D miles of a state with a
lottery. The most extreme southeast corner of state S is
in the shaded region by virtue of being within D miles
of nearby (but non-neighboring) state W.

2 Most other studies of benefit competition also measure welfare
benefits in real dollars (e.g., Bailey and Rom 2004; Figlio, Koplin,
and Reid 1999; Rom, Peterson, and Scheve 1998; Saavedra 2000).
This means that a failure to adjust benefits to compensate for infla-
tion is equated with a decline in benefits. In contrast, Volden (2002)
studies benefit competition with a logit model predicting whether a
state increases its nominal benefit as a function of the proportion of
neighboring states that have adopted a benefit increase.

3 Below, we report evidence that our results are robust across a
variety of assumptions about the value of D.
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FIGURE 1. Schematic Depiction of the Population of Concern for a Hypothetical State, S, in the
Lottery Application
State T
(Lottery
State R in Year t-1)
(No Lottery
in Year t-1)
D
——>
State S
(No Lottery
in Year 1)
- D
DR
\ State V
D 7 (No Lottery
State U D in Year t-1)
(Lottery
in Year t-1)
State W
(Lottery
in Year t-1)
Note: The population of concern of state S consists of all adults in the shaded region.

Although it is theoretically feasible to use GIS to
identify the location of all persons in each state’s pop-
ulation of concern, the individual-level residential data
necessary for our application are as of yet unavailable.
Thus, we make the simplifying assumption that each
person in a county is at the same location. This means
that although the individual is the conceptual unit of
analysis, our empirical analysis with GIS is conducted
using counties as the units for computation.* In the
following, we consider alternative assumptions about
the point within a county at which its residents are
located.

4 Clearly, the smaller the units, the more accurate would be our
calculation of the degree of concern. We chose the county because
it is the lowest level of aggregation at which population counts are
available annually for our period of analysis. A smaller unit, like the
Census tract, is not feasible because a large portion of the country
was not tracted for part of our period of analysis (i.e., for years before
1980) and boundaries for tracts change over time.
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Measuring the Propensity of Individuals
to Engage in the Behavior of Concern

For each individual, i, in the population of concern of
state s, we use GIS to determine the distance, d;, of that
person from the closest state that had a lottery prior
to the beginning of the year. [Note that we employ the
subscript i to denote a characteristic of an individual,
subscripts s and c indicate a characteristic of a state or
county, respectively.] Figure 1 depicts the value of d; for
an individual who resides at the dot near the western
border of state S. Although in theory, we could mea-
sure distance with as much precision as desired using
GIS, if measurement were highly precise (e.g., distance
were measured to the nearest mile), there would be a
dramatic increase in the memory and time required
for our computer program. Thus, we measure dis-
tance to the nearest multiple of ten miles (i.e., 0 miles,
10 miles, 20 miles, etc.) [See Section I of the unpub-
lished supplement for a detailed description of how we
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use GIS to measure distance from the nearest state
with a lottery.]

For each individual, i, in the population of concern,
let the propensity to play another state’s lottery be de-
fined by

propensity to play another state’s lottery;, = f (d;),

where f(d;) is a decreasing monotonic function of d;
that maps a distance of 0 into a propensity score of
1 and a distance of D into a propensity of 0, and has
declining slope as d; increases, as illustrated in the top
panel of Figure 2. Thus, for someone living right on
the border of a state with a lottery (i.e., for whom
d; =0), the propensity to play another state’s lottery is
1.00 (the maximum value on the propensity scale). We
assume that as distance from the border rises (i.e., as
d; increases), propensity to play another state’s lottery
declines, but the rate of decline decreases as distance
gets larger. This assumption reflects a belief that a
marginal increase in distance has a greater impact on
propensity when someone leaves near the state border
than when someone lives farther away. For example,
persons living 0 and 20 miles from a state with a lottery
should have propensities to play the neighbor’s lottery
that differ more than persons living 80 and 100 miles
from the border. When distance from the border
reaches D, the propensity to play another state’s lot-
tery subsides to zero (the minimum value on the scale).
Thus, although the population of concern consists of all
adults living within D miles of a state with a lottery, not
everyone in this population is assumed to be of equal
concern to policymakers. In effect, the concern of state
officials about someone going to another state to play
the lottery declines as the distance of the person’s res-
idence from the nearest state with a lottery increases.

Aggregating Individual Propensities
to Compute Degree of Concern

Let the degree of concern about residents going to
other states to play the lottery for a state in a year be
zero if the state has its own lottery in that year. Then,
for any state, s, that does not have a lottery, calculate
the degree of concern by adding up the propensity to
play another state’s lottery over all persons in the pop-
ulation of concern of state s, and dividing the sum by
the state’s adult population:

Degree of concern,

= | Zeach person, i,in propensity to play another
the population of
concern of state s

state’s lotteryi:| / (adult population,)

the population of
concern of state s

= |:Zeach person, i, in f(di)j| /(adult populations)

So calculated, a score of 1 for degree of concern indi-
cates the hypothetical condition in which every adult

in a state without a lottery lives right at the border of a
state with a lottery; if half the adults in the state lived
right at the border and the other half lived more than
D miles away, degree of concern would be .50. At the
other extreme, degree of concern would be zero if no
adult lived less than D miles from a state with a lottery,
or if the state already had its own lottery during the
year of measurement.

USING GIS TO ESTIMATE DEGREE OF
CONCERN ABOUT WELFARE MIGRATION

Estimating the degree of concern about welfare mi-
gration is more complex than estimating the degree of
concern about residents going to other states to play
the lottery. We assume that an individual’s propensity
to play another state’s lottery is a function of just one
variable: his or her distance from the nearest state with
a lottery. But we assume that a poor person’s propen-
sity to move to a state for better welfare benefits is
a function of two factors: the distance of the person
from an appealing location in the state and the benefit
increase for which the person would be eligible.

Identifying the Population of Concern

Let M be the maximum distance (in miles) a poor
person would be willing to move for better welfare
benefits. Let AB be the minimum benefit difference in
dollars that would motivate a poor person to move for
greater welfare benefits.> Given these definitions of M
and AB, the population of concern for state s (those
poor persons at risk of moving to state s for better
welfare benefits) in a year can be defined as all poor
persons in other states (neighboring or not) who live
(1) within M miles of an appealing location in state s,
and (2) in a state that has a welfare benefit at least AB
dollars lower than state s’s in the previous year.

We operationalize an “appealing location” as a city
with an absolute population greater than p, and test
models making varying assumptions about the value of
p.One assumption is that p is zero. This implies that the
poor are “location neutral”; they perceive any location
as adequate if it is close enough and the welfare benefit
there is sufficiently large. Most versions of the race to
the bottom thesis presume that the poor are single-
minded in pursuit of more generous welfare assistance
(e.g., Bailey and Rom 2004; Rom, Peterson, and Scheve
1998). If this were correct, then the assumption that p
equals zero would be reasonable. However, an alterna-
tive assumption is that p is substantially greater than
zero, with poor persons having a clear preference for
urban areas over rural ones. This is consistent with
a belief that when poor persons move they choose a
location that provides both generous welfare benefits
and good opportunities for employment (Schram, Nitz,
and Krueger 1998).

5 Aswith D in the lottery model, our application assumes M and AB
are constant across individuals. But below, we report evidence of the
stability of our findings across alternative assumptions about these
values.
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FIGURE 2. Functions Mapping an Individual’s Geographic Location into the Propensity to Engage
in the Behavior of Concern for the Lottery and Welfare Models

propensity of
individual, i, 1
to play

another state’s
lottery = f(d)

propensity of
individual, 7, 1
to migrate
based on
distance = g(m;)

propensity of
individual, i, 1
to migrate
based on
benefit
difference

= h(Ah;)

distance in miles beyond which
someone 15 assumed to have no
chance of going to another state to
purchase a lottery ticket

—

-

d, (distance of individual i from closest)
state with lottery)

i distance in miles beyond which a poor |
i person is assumed to have no chance ‘
of moving to another state for better |

welfare benefits

m; (distance of individual i from nearest
appealing location in state s)

maximum benefit increase that
can be achieved by an interstate
move of no more than M miles

AB

minimum benefit difference that

would give a poor person a non-

zero chance of moving to another
state for better benefits

maxAbpyy,  Ab; (benefit difference between
individual i’s home state
and state )
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FIGURE 3. Schematic Depiction of the Population of Concern for a Hypothetical State, S, in the
Welfare Application
State T
State U
M State S
m; :E:
XEH————78 i
L]
M
State V
State W

Note: (1) The dots indicate an “appealing” city (i.e., one with population greater than p). (2) The circles are centered at the dots and
have a radius of M miles. (3) States T and W have welfare benefit levels at least AB dollars lower than state S’s in the previous year;
states U and V do not. (4) The population of concern of state S consists of poor individuals in the shaded region.

Figure 3 illustrates the population of concern for
a hypothetical state, S. States T and W have welfare
benefits appreciably lower (i.e., at least AB dollars
lower) than state S’s; states U and V have benefits
either higher than those of state S or lower than S’s
but by an amount less than AB dollars. State S has two
(appealing) cities with population greater than p, the
locations of which are denoted by dots. The two circles
are centered at these dots and have radius M. Thus, the
circles represent persons living within M miles of an
appealing location in state S. The shaded region rep-
resents the subset of the population within the circles
that reside in states with welfare benefits appreciably
(i.e., atleast ABdollars) lower than state S’s. Therefore,
poor persons residing in the shaded area constitute the
population of concern of state S. Note that poor indi-

viduals in states U and V who live within the circles
are not in the population of concern because benefit
levels in these two states are not at least AB dollars
lower than the benefit in state S. As with our lottery
application, individual-level residential data for con-
ducting our welfare analysis are not available. Thus,
we again assume that all persons in a county are at the
same location, thereby permitting measurement of the
degree of concern using county-level data.

Measuring the Propensity of Individuals
to Engage in the Behavior of Concern

For each individual in the population of concern of
state 5, we use GIS to determine the distance, m;,
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of that person from the nearest appealing location in
state s. [Figure 3 shows the value of m; for an individual
who resides at the asterisk in the southwest section of
state T.] For each of these persons, let the propensity to
migrate based on distance be defined by

propensity to migrate based on distance; = g(n;),

where g(m;) is a decreasing monotonic function of m;
that maps a distance of 0 into a propensity score of 1
and a distance of M into a propensity of 0, as depicted
in the middle panel of Figure 2. Similarly to f(d;) in the
lottery model, g(m;) has declining slope as m; increases
(to reflect an assumption that a marginal increase in
distance has a smaller impact on propensity to migrate
as distance gets larger).

Next, for each person, i, in the population of con-
cern of state s, determine the benefit difference, Ab;;
this is defined as the welfare benefit in state s minus
the welfare benefit in i’s home state. Let max Abgy
be the maximum benefit increase (in absolute dollars)
that can be achieved by an interstate move of no more
than M miles during any year in the period of analysis.
For each individual, i, in the population of concern, let
the propensity to migrate based on benefit difference be
defined by

propensity to migrate based on benefit difference;
= h(Ab;),

where h(Ab;)—depicted in the bottom panel of
Figure 2—is an increasing monotonic function of Ab;
that maps a benefit difference of AB into a propensity
score of 0 and a benefit difference of maxAby into 1,
and has increasing slope as Ab; increases.

In a final individual-level calculation, for each per-
son, i, in the population of concern of state s, we
determine the propensity to migrate for better welfare
benefits:

propensity to migrate for better welfare benefits;
= (propensity to migrate based on distance;)
x (propensity to migrate based on
benefit difference;).

Because both terms on the right side can range from
zero to one, their product—the propensity to mi-
grate for better welfare benefits—is confined to the
same range. It is designed to be high only when both
the propensity to migrate based on distance and the
propensity to migrate based on benefit difference are
high. For a poor person living (@) in a state with a benefit
level max Abgyy lower than state i’s and (b) zero miles
from an appealing location in state s, the propensity to
migrate for better welfare benefits would be 1.00 (the
maximum value of the propensity scale). Someone who
lives M or more miles from an appealing location in
state s would have a score of zero (the minimum value
on the scale) regardless of the benefit level available in
his or her home state.
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Aggregating Individual Propensities
to Compute Degree of Concern

If state s’s population of concern in a year is the empty
set, let its degree of concern about welfare migration
be zero. For other state-years, calculate the degree of
concern by summing the propensity to migrate for bet-
ter welfare benefits over all persons in the population
of concern, and then dividing by the poor population
of state s:

Degree of concern,

= |Zeach person, i, in Propensity to migrate for better
the population of
concern of state s

welfare beneﬁtsi] / (poor population,)

= |2 cach person, i, [8(171) X h(Abi)]:| /(poor population,).

in the popula-
tion of concern
of state s

Defined this way, degree of concern equals zero if there
are no “appealing locations” in state s, if there are no
poor persons in other states who live within M miles
of an appealing location in state s, or if there are no
nearby states with a benefit level at leastAB dollars
lower than state s’s.

CONSTRUCTING MULTIPLE INDICATORS OF
DEGREE OF CONCERN FOR THE LOTTERY
AND WELFARE ANALYSES

Several parameters must be assigned specific values be-
fore our degree of concern variables can be measured
using GIS. For the lottery model:

e D, the maximum distance (in miles) a person would
be willing to travel to purchase a lottery ticket.

For the welfare model:

¢ p, the minimum population size for a city to be ap-
pealing to the poor;

e M, the maximum distance (in miles) a poor person
would be willing to move for better welfare benefits;
and

® AB, the minimum benefit difference (in dollars) that
would motivate a poor person to move for better
welfare benefits.

Because of theoretical uncertainty about the appro-
priate values for D, p, M, and AB, we construct our
indicators of degree of concern using multiple values
for these parameters, so that we can test the robustness
of our empirical results to assumptions that are, to some
degree, arbitrary. We employ four different values of
the minimum population for a city to be appealing to
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FIGURE 4. Specific Functions Mapping an Individual’s Geographic Location into Propensity to
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the poor [ p] (0; 100,000; 200,000 and 500,000),° three
different values of the minimum benefit difference re-
quired to motivate a move [AB] [100, 150, and 200
real (1995) dollars, measured using Berry, Fording, and
Hanson’s (2000) state cost of living index as a deflator],
four different values of the maximum distance some-
one will travel to buy a lottery ticket [D] (100, 150, 160,
and 170 miles), and four different values of the max-
imum distance someone will move for better welfare
benefits [M] (150, 160, 170, and 220 miles). We calculate
that max Abpy—the maximum benefit increase that
can be achieved by an interstate move of no more than
M miles during any year in the period of analysis—is
878 real [1995] dollars for all four values of M.

Each value of D and M, however, specifies only a
maximum distance that a person is willing to travel to
buy a lottery ticket or move for better welfare benefits.
For each value of D, we must specify a function, f(d}),
that maps each distance smaller than D into a value for
the propensity to play another state’s lottery; and for
each value of M we must specify a function, g(m;), that
maps each distance smaller than M into a value for the

¢ Because 1980 is the closest decennial Census year to the midpoint
of the time periods we examine, we determine the cities surpassing
the various population thresholds (p) using 1980 Census data.

propensity to migrate based on distance. Figure 4 plots
these functions and presents their equations. Although
three of the values for D and M—150, 160, and 170
miles—seem quite similar, the overall functions associ-
ated with these values are quite different. Indeed, the
substantially different rates of descent of the functions
associated with these values make it so the distance
at which the propensity to engage in the behavior of
concern drops below .10 varies substantially across the
functions: when D or M is 150 miles, this distance is
56 miles; when D or M is 160, the distance is 86 miles;
and when D or M is 170, it is 117 miles.

For each value of AB (the minimum benefit differ-
ence that would motivate a move), we specify a dif-
ferent functional form for h(Ab;), the function that
maps each benefit difference [Ab;] into a value for the
propensity to migrate based on benefit difference. Each
of these functions maps AB ($100, $150, or $200) into
a score of zero, and increases monotonically, mapping
maxAbg (the maximum achievable benefit increase,
$878) into a propensity value of 1. Figure S-1 in our un-
published supplement plots these functions and shows
their equations.

As noted earlier, given the lack of availability of
individual-level data, we assume that all persons in
a county are at the same location. Therefore, to
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operationalize degree of concern, we must designate
a specific point within a county as the assumed loca-
tion of its population. Our goal is to pick a location
that yields estimates of the degree of concern that are
close to the values we would obtain if we were able to
construct a measure taking into account the exact loca-
tion of each individual. Because we cannot determine
with certainty the best location, we construct measures
of the degree of concern for the lottery and welfare
applications assuming both (1) that all persons in a
county are at its geographic center, and (2) that all
persons in a county are at the center of the city with
the largest population. For a county with one dominant
city, a degree of concern measure based on the center
of the largest city is a good choice. However, when
population is more evenly dispersed, an indicator based
on the geographic center of the county seems superior.
Although both versions of the measure have their the-
oretical advantages, in practice there is little difference
between the two. Across a large number of measures of
degree of concern making different assumptions about
the values of D, p, M, and A B (all 52 measures for which
results are reported in Tables 1 or 2, or in Tables S-1
or S-2 in our unpublished supplement), the correlation
between the “geographic center” version of the mea-
sure and the “largest city” version always exceeds .98.

This result, however, does not indicate whether our
measures of degree of concern yield scores similar to
those that would be obtained if we were to employ
the individual as the unit of analysis. To investigate
this, we construct measures of the degree of concern
making two different extreme assumptions about the
location of population within counties. One set of mea-
sures presumes that all individuals are at the location
in a county closest to the point of attraction to those in
the population of concern (i.e., a state with a lottery,
or a place that is appealing to the poor). The other
set assumes that all persons are at the location in the
county farthest from the point of attraction. Across a
large number of indicators of the degree of concern,
the average correlation between the “closest point”
version of the measure and the “farthest point” version
is .94. [Half the 52 correlations exceed .98; all but 9 are
greater than .90; the lowest is .68.] Because the two
maximally divergent assumptions yield measures that
correlate very highly, it is very unlikely that the precise
location of individuals within counties has a significant
impact on the indicators we construct. This gives us
confidence that the county is a unit of analysis small
enough to produce measures of the degree of concern
that are very likely to be close to the ones we would
obtain if we knew the precise location of each indi-
vidual in the population of concern. In all empirical
tests that follow, we employ measures of degree of
concern assuming that all persons in a county live at
its geographic center.

For the lottery application, each of the four functions
for f(d;) yields a distinct measure of the propensity to
play another state’s lottery and ultimately a distinct
value for degree of concern about residents going to
other states to play the lottery. For our welfare applica-
tion, using all combinations of the four values for p, the
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three functions for h(Ab;), and the four functions for
g(m;) yields 48 indicators of the propensity to migrate
for better welfare benefits and ultimately, the degree of
concern about welfare migration.” We use ArcGIS 9.0
software (Environmental Systems Research Institute
2004) to construct our degree of concern indicators,
but our calculations could be done with virtually any
GIS software. We describe our GIS measurement pro-
cedure in greater detail in our unpublished supplement.

EMPIRICAL TESTS OF THE LOTTERY
LEARNING AND COMPETITION
HYPOTHESES

We test the lottery learning hypothesis by replicating
the estimation of B&B’s (1990) discrete event history
model, which has as dependent variable whether a state
adopts a lottery in a year, and includes among the inde-
pendent variables the number of previously adopting
neighbors. In particular, we estimate the model B&B
report in the right-most column of their Table 1 (p. 406).
To test the lottery competition hypothesis, we substi-
tute each of our four measures of degree of concern
for the number of previously adopting neighbors. To
allow for duration dependence (i.e., to permit the prob-
ability of adoption of a lottery to vary over time), we
also add a time counter to each equation (Buckley and
Westmoreland 2004).8 We estimate each equation with
probit, using the same 901 annual observations of
the 48 contiguous states for 1964 through 1986 em-
ployed by B&B, but we compute robust standard
errors—clustering by state to allow for dependence of
observations within states.

The learning hypothesis receives empirical support,
but due to the addition of the time counter, the esti-
mated effect of number of previously adopting neigh-
bors is somewhat smaller than reported in B&B’s arti-
cle. The coefficient for number of previously adopting
neighbors (MLE = 0.135), although failing a test of sta-
tistical significance at .05, is significantly positive at the
.10 level (one-tailed test; Z=1.29).

7 The computation of degree of concern for our lottery analysis
requires county counts of adult population (for each year during
the period of analysis, 1964-86). Using population age 18 or older
would be ideal because the vast majority of states limit sales of lottery
tickets to this age group, but data constraints mandate that we employ
population twenty or older. The calculation of degree of concern for
our welfare analysis requires county counts of poor population (for
each year during the period 1961-90). We obtained 1960 Census
adult population data (Haines 2005) and annual estimates for the
period 1970-90 (U.S. Bureau of the Census 2004); values for years
between 1960 and 1970 were calculated using linear interpolation.
Poverty counts for Census years 1960, 1970, 1980 and 1990 were
obtained from Rural Policy Research Institute (2003), and values for
intercensal years were estimated via linear interpolation between
Census values.

8 This time counter is 1 in 1964 (the first year of analysis), 2 in
1965,. .., and 23 in 1986 (the last year of analysis). Note that we
also estimated equations including dummy variables for years (as
suggested by Beck, Katz, and Tucker [1998]). The estimated effects
of degree of concern and number of previously adopting neighbors
are very similar regardless of which approach to allow for duration
dependence is used; thus, we report results for the more parsimonious
specifications with a single time count variable.
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Results regarding the competition hypothesis (i.e.,
coefficient estimates for degree of concern when it is
substituted for number of previously adopting neigh-
bors) are summarized in columns 2 through 4 of Table 1.
The maximum likelihood estimates of the coefficients
for degree of concern (see column 2) are positive as
predicted, and each is significant at the .05 level.” When
the degree of concern about residents going to other
states to play the lottery increases from its fifth per-
centile value in the sample to its ninety-fifth percentile
value (and all other independent variables in the model
are held constant at the mean), the probability that the
state will adopt a lottery in a given year is estimated to
increase by somewhere from .021 to .027 (depending
on the value assumed for D; see column 4).!0 Al-
though such probability differences may seem small,
they are appreciable, given how rare lottery adoptions
are during our period of analysis: the estimated prob-
ability that a state without a lottery will adopt one
in a year is .030 (27 adoptions out of 901 observed
cases). Thus, empirical analysis of lottery adoptions is
consistent with both the competition and learning hy-
potheses, but support for the competition hypothesis
is somewhat stronger. Yet because number of previ-
ously adopting neighbors and degree of concern are
highly correlated—between .72 and .86, depending on
which of the four versions of the latter variable is
used—models in which just one of these variables is
included may indicate an effect of that variable when
none is present because the variable is picking up the
true effect of the excluded variable.

A more definitive test of the two hypotheses can
be achieved by including both degree of concern and
number of previously adopting neighbors in the same
model. If diffusion occurs strictly because of learn-
ing (and interstate competition plays no role whatso-
ever), the relationship between number of previously
adopting neighbors and the probability of an adop-
tion should survive a control for degree of concern,
but the relationship between degree of concern and
adoption probability should decline to near zero when
number of previously adopting neighbors is added to
the model. In contrast, if diffusion were solely a result
of competition (and learning were not a factor), the
relationship between degree of concern and the prob-
ability of adoption should survive a control for number
of previously adopting neighbors, but the relationship
between the neighbors variable and the probability of
adoption should disappear when controlled for the ef-
fect of degree of concern.

9 Although the fit of our lottery model is fairly similar across analyses
assuming different functions, f(d), mapping distance from the closest
state with a lottery to the propensity to play another state’s lottery,
if fit had been substantially better using one of these functions, this
might have provided insight into state officials’ perceptions of how
far people are willing to travel to play the lottery.

10 This predicted increase in the probability of adoption is also statis-
tically significant in two of the four versions of the model, as the 95%
confidence interval for the estimated change in probability excludes
zero for these models. For the other two versions, the 95% confi-
dence interval just barely extends into the negative range (no further
than —.001).

Columns 5 through 9 of Table 1 present results when
we include both number of previously adopting neigh-
bors and degree of concern in our models. Observe
that with degree of concern included, the coefficient
estimate for number of previously adopting neighbors
declines to near zero (indeed becomes slightly nega-
tive) in all four versions of the model (see column 5).
However, we can see that the estimates of the coef-
ficients for degree of concern survive a control for
number of previously adopting neighbors: indeed the
MLE:s for degree of concern increase somewhat when
number of neighbors is added to the model (compare
columns 7 and 2). Similarly, the estimates of the effect
of degree of concern on the probability of adoption
increase for all four values of D when number of previ-
ously adopting neighbors is added (compare columns
9 and 4). Although point estimates of the effect of de-
gree of concern increase in magnitude when number of
previously adopting neighbors is included, Z statistics
for the MLEs for degree of concern decrease (compare
columns 8 and 3) and the width of confidence intervals
for predicted changes in the probability of an adoption
widen (compare columns 9 and 4). This is likely due
to the strong correlation between number of previ-
ously adopting neighbors and degree of concern. Thus,
there is compelling evidence that the interstate influ-
ence leading to the diffusion of the lottery results from
competition—fear by state officials of losing revenues
to neighboring states—rather than policy learning.!!

EMPIRICAL TESTS OF THE WELFARE
LEARNING AND COMPETITION
HYPOTHESES

We test the welfare learning hypothesis by replicating
the estimation of BFH’s original model, which has as
dependent variable a state’s AFDC benefit in a year
(i.e., its maximum monthly AFDC payment [in real
dollars] for a family of four with no income), and in-
cludes among the independent variables a state’s ben-
efit relative to the average benefit in neighboring states
in the previous year (for short, “benefit relative to
neighbors”). In particular, we reestimate the version of
the model reported in the top panel of BFH’s (2003) Ta-
ble 1, using the same 1,440 pooled annual observations
of the 48 continental states for the 1961-90 period. BFH
report 2SLS estimates for a two-equation model, treat-
ing the poverty rate as a second endogenous variable.
We use OLS regression for our single-equation model.
Note, however, that BFH’s results change only slightly

11" Additional support for the claim that the diffusion of the lottery
is due to competition rather than learning is derived from a statisti-
cal test developed by Davidson and MacKinnon (1993) and imple-
mented by Greene (1995, 422). For all four values of D, conceiving of
the equation including number of previously adopting neighbors and
the equation including degree of concern as rival models, when the
model involving number of neighbors is treated as the null, it is easily
rejected in favor of the model including degree of concern (with #-
ratios ranging in magnitude from 2.33 to 3.13). However, when the
model including degree of concern serves as the null, it cannot be
rejected for any value of D (¢ is always less than 0.22).
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TABLE 1.

Probit Results for Testing the Lottery Learning and Competition Hypotheses

(1) @) @) @
Models with Degree of Concern Substituted
for Number of Previously Adopting Neighbors

(5)

(6)

(7) (8) (9)

Models Including Both Number of Previously Adopting Neighbors and Degree of Concern

Change in Probability
of Adoption Associated
with Change in Degree
of Concern from 5th to

Change in Probability
of Adoption Associated
with Change in Degree
of Concern from 5th to

Value MLE for  Z Statistic for ~ 95th Percentile (when MLE for Number of  Z Statistic for Number MLE for  Z Statistic for ~ 95th Percentile (when
Assumed Degree of Degree of other variables held Previously Adopting  of Previously Adopting Degree of Degree of other variables held
for D Concern Concern? constant at mean)°® Neighbors Neighbors? Concern Concern? constant at mean)®
100 1.601* 3.00 0.021 —0.036 —0.28 1.744* 2.59 0.023
[.003, .064] [.003, .067]
150 1.081* 2.12 0.022 —0.093 —0.60 1.427* 1.92 0.031
[.000, .078] [-.001, .113]
160 0.822* 1.83 0.027 —-0.112 —-0.65 1.193 1.62 0.048
[-.001, .095] [-.004, .185]
170 0.689* 1.73 0.025 —-0.112 —-0.64 1.023 1.52 0.048
[—.000, .086] [-.007, .178]

Note: Results are obtained using the probit procedure (with the cluster option) in Stata 8 (Tomz, Wittenberg, and King 2003). This table reports coefficient estimates for only those variables
that are relevant for testing the lottery learning and competition hypotheses. The other variables assumed to influence the probability that a state will adopt a lottery are the fiscal health of the
state, the proximity to gubernatorial elections, per capita income, and the proportion of the population adhering to fundamentalist religions. A full set of coefficient estimates for each equation
is reported in our unpublished supplement.

a Z statistics are based on robust standard errors, clustering by state.

b The values in bold are point estimates of the change in probability; they are followed by a 95% confidence interval as calculated by Clarify 2 with Stata 8.

*p < .05 (one-tailed).
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TABLE 2. Regression Results for Testing the Welfare Learning and Competition Hypotheses

(1 (2 (3) 4) (5) (6) )

Model with Degree of Concern Substituted Model Including Both Benefit Relative to Neighbors
for Benefit Relative to Neighbors and Degree of Concern
Slope Estimate t-ratio Slope Estimate t-ratio Slope Estimate for  t-ratio for Benefit

Value Assumed for Degree for Degree for Degree for Degree Benefit Relative Relative to
for M of Concern? of Concern of Concern? of Concern to Neighbors Neighbors
Equations Assuming p = O:

150 —0.087 —0.81 0.006 0.05 —39.74* —-2.33

160 —0.105 -1.50 —0.048 —0.70 —36.41* -2.13

170 —0.100* -1.97 —0.062 -1.24 —33.71* —-1.96

220 —0.092* —-2.35 —0.065* —1.68 —31.44* -1.84
Equations Assuming p = 100, 000:

150 —0.088 -0.24 0.091 0.26 —40.15* —2.36

160 —0.089 —0.40 0.042 0.19 —40.15* —2.36

170 —0.086 —0.59 0.004 0.03 —39.64* -2.33

220 —0.092 —0.90 —0.028 —0.28 —38.37* —-2.25
Equations Assuming p = 200, 000:

150 —2.739* -1.70 —1.971 —-1.22 —35.65* —2.08

160 —0.498 —0.85 —0.188 -0.32 —38.30* —2.22

170 —0.193 —0.69 —0.041 -0.14 —38.95* —2.26

220 —0.135 —0.76 —0.033 —0.18 —38.74* —-2.25
Equations Assuming p = 500, 000:

150 —4.399* —2.53 —3.801* -2.20 —35.62* —2.09

160 —1.200* -1.72 —0.924 -1.33 —35.92* —2.09

170 —0.519 -1.57 —0.381 -1.16 —36.12* -2.10

220 —0.364* —1.73 —0.269 —1.28 —35.33* —2.05
Note: All equations are estimated using the same 1,440 observations employed by BFH (2003) and assuming that AB = 150. Results
are obtained using the xtpcse procedure in Stata 8; t-ratios are computed using panel-corrected standard errors. This table reports
coefficient estimates for only those variables that are relevant for testing the welfare learning and competition hypotheses. Among the
other variables assumed to influence a state’s welfare benefit are the state’s poverty rate, its wage levels, several variables reflecting
economic conditions in the state and in neighboring states, whether the state has a residency requirement, a set of dummy variables
for the states, and a lagged dependent variable. A full set of coefficient estimates for each equation is reported in our unpublished
supplement.
a Coefficients in this column are in 1,000s.
*p < .05 (one-tailed).

when their welfare benefit equation is estimated using
OLS.

To test the welfare competition hypothesis, we sub-
stitute for benefit relative to neighbors each of our
48 measures (relying on varying assumptions about the
values of M, AB, and p) of the degree of concern by
state officials about welfare migration. Because find-
ings tend to be stable across the three values of AB
($100, $150, and $200), to save space, we report results
only for models assumingAB = 150.

The learning hypothesis receives empirical support.
The estimated coefficient for benefit relative to neigh-
bors is —39.52, a value statistically significant in the
predicted direction at the .05 level (¢ = —2.30). This
estimate implies that when a state’s AFDC benefit
relative to its neighbors increases from its fifth per-
centile value in the sample to its ninety-fifth percentile
value (and all other independent variables in the model
are held constant), the state is expected to reduce its
monthly benefit for a family of four by about 34 (1995)
dollars in the first year."?

12 The mean monthly AFDC benefit for a family of four across state-
years in our sample is $660. Because there is a lagged dependent vari-

BFH’s (2003) benefit relative to neighbors variable
is based on a weighted average (by population) of the
benefit level in neighboring states. This is appropriate
for a welfare learning model that assumes that states
pay more attention to the benefit level in a populous
neighbor than in a state of smaller size. A different
learning model would assume that states are equally
attentive to each of their neighbors, viewing all their
neighbors as reasonable “benchmarks” regardless of
their size. To test this alternative learning model, we
estimate an equation that employs a measure of benefit
relative to neighbors based on the unweighted average
of benefits in contiguous states. For this equation too,
the coefficient estimate for benefit relative to neighbors
is negative and statistically significant.

The results regarding the welfare competition
hypothesis—in which concern about welfare migration
is substituted for benefit relative to neighbors—are pre-
sented in columns 2 and 3 of Table 2. The coefficient
estimates for degree of concern are uniformly negative
as predicted, and 6 of the 12 are statistically significant

able in the model, estimated coefficients for independent variables
reflect immediate impacts, the total effects of which are distributed
over time (Gujarati 1995, 599-600).
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at the .05 level. Yet, even the coefficient estimates that
are statistically significant do not indicate that states
respond to increases in concern about welfare migra-
tion with substantial decreases in welfare benefits. We
calculate the predicted reduction in welfare benefits
resulting from a change in the degree of concern from
its fifth percentile value in the sample to its ninety-
fifth, when all other independent variables are held
constant, based on each of the six regressions in which
the coefficient estimate for degree of concern is statis-
tically significant. The predicted response ranges from
a decrease of about four (1995) dollars in the monthly
AFDC benefit for a family of four in the first year to
a decrease of around $13—with the average response
being slightly more than $7. This average decrease of
$7 is about one fifth the size of the predicted $34 de-
crease resulting from an increase in benefit relative to
neighbors from the fifth percentile to the ninety-fifth.
Therefore, in the case of welfare, our empirical analysis
offers stronger evidence for the learning hypothesis
than the competition hypothesis.

However, amore compelling test of the two hypothe-
ses can be accomplished by including both degree of
concern and benefit relative to neighbors in the same
model. Column 6 of Table 2 shows coefficient estimates
for benefit relative to neighbors in such models. When
degree of concern is controlled, all 16 slope coefficient
estimates for benefit relative to neighbors attain sta-
tistical significance, and the average change in their
magnitudes is a decline of just 6%. In contrast, of the
six models in which the estimated effect of degree of
concern is statistically significant when benefit rela-
tive to neighbors is not in the model, only two show
degree of concern still significant after benefit rela-
tive to neighbors is added (see column 4); and across
the six models, the coefficient estimate for degree of
concern decreases in magnitude, on average, by 26%.
Thus, there is little empirical evidence suggesting that
states compete vigorously over benefit levels, adjusting
benefits substantially in response to a concern about
the potential migration of the poor. However, our data
analysis strongly supports the policy-learning hypothe-
sis that policymakers view welfare benefits in neighbor-
ing states as benchmarks for determining a reasonable
benefit level and adjust their benefit levels accordingly.

In 1996, Congress eliminated AFDC and replaced
it with Temporary Assistance for Needy Families
(TANF). We see no reason for expecting state officials
to be more or less prone to search for benchmarks
for their welfare benefits under TANF than under
AFDC, and thus no reason to believe that welfare
policy learning has changed with the introduction of
TANF. However, the incentives for state officials to
compete over welfare benefits have changed signifi-
cantly since the adoption of TANFE. Although states
set their own benefit levels under AFDC, and they
continue to do so under TANF, the categorical grant
for AFDC made it so that the federal government paid
for at least half of every dollar of benefit provided to
each AFDC recipient. In contrast, the block grant for
TANF makes it so that the marginal cost of an increase
in welfare benefits is borne completely by the states,
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and the marginal benefit of a benefit decrease accrues
exclusively to the states. Thus, one might reasonably
expect that the incentive for state officials to compete
over welfare benefits has increased. On the other hand,
under the tight federal controls of AFDC, any compe-
tition among states was largely confined to the benefit
levels set. TANF affords states much greater autonomy
over a range of provisions of their welfare programs,
including the discretion to set time limits, impose per-
sonal responsibility requirements and create work in-
centives. Because under TANF, states can discourage
welfare migration by adjusting other provisions of their
programs, this might lessen the motivation to undercut
other states’ benefits. In effect, under TANF, the focus
of competition may have shifted from benefit levels
to other dimensions. Thus, it is not obvious whether
our evidence of a lack of vigorous benefit competition
would extend to the contemporary welfare environ-
ment. On this issue, we must await empirical tests based
on data from the TANF era.

CONCLUSION

The diffusion of public policy across the American
states detected in a wide variety of policy areas has
been attributed to two fundamentally different pro-
cesses: policy learning and economic competition. Most
empirical analyses of interstate influence have used a
simple specification that assumes that states are influ-
enced equally by all their neighbors, and uninfluenced
by states that are not contiguous. Such a specification
is reasonable for some versions of a learning model,
but is generally inappropriate for testing a competition
model because when a policy diffuses due to compe-
tition, states should be influenced by other states to
varying degrees depending on the size and location of
specific populations within the states. We have shown
how geographic information systems can be used to
test competition models of policy diffusion.

Although previous studies have claimed that the dif-
fusion of both lottery adoptions and welfare benefit
levels is due to interstate competition, using GIS we
find evidence of competition only in the case of the
lottery. We cannot say definitively why this is so, but
we can speculate. Both our lottery and welfare mod-
els assume that for many individuals, the propensity
to engage in the behavior of concern is appreciably
greater than zero. In the case of the lottery, there is
little doubt that this assumption is true. It is clear not
only that state officials perceive that people living near
a state border will cross it to play the lottery, but that
many people do travel to other states for this purpose
(Fink and Rork 2003, Mikesell 1987). It is far less cer-
tain that a significant number of poor persons migrate
for better welfare benefits. Critics have challenged the
hypothesis that the poor migrate for more generous
public assistance on a variety of grounds—arguing that
it ignores the substantial costs of relocation (which are
especially burdensome on individuals with few eco-
nomic resources), and assumes unreasonably that the
poor are more concerned with welfare benefits than
with private economic opportunities (Schram, Nitz,
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and Krueger 1998). Indeed, the most common result of
individual-level research is that there is relatively little
such migration (e.g., Allard and Danziger 2000; for a
review of this literature, see Allard 1998).1> Although
it is possible that state officials believe that substantial
welfare migration occurs even if it does not, and set
policy based on this belief, our empirical evidence is
consistent with an argument that policymakers do, in
fact, recognize that large-scale migration of the poor is
not a realistic concern.

The GIS techniques we have employed to study state
policymaking would also be useful to political scientists
and policy analysts studying competition among other
jurisdictions. Indeed, there is a large literature on com-
petition among local governments (e.g., Peterson 1981,
Schneider 1989). One application of our approach
would be a study of whether municipalities compete
to have low sales tax rates due to a concern about resi-
dents going to a nearby jurisdiction to shop. Aninterna-
tional relations application might assess whether immi-
gration policies diffuse among European Union (EU)
nations due to concern about individuals in nearby less
developed non-EU countries immigrating for better
economic opportunities. With GIS, the possibilities for
careful empirical tests of models of spatial influence
are vast.
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