








rural population), and a measure of the ZIP Code’s accessibility to nearby
populations.

ZIP Code area accessibility is used to distinguish areas that might be simi-
larly sized but are differently positioned relative to large population centers.
All things being equal, a nonmetro ZIP Code area adjacent to a metro area
will likely have more providers than a more isolated area. To calculate
accessibility for each ZIP Code area a, we identified all other ZIP Code
areas within 200 miles, divided the population of each of these areas by the
distance (squared) to area a, and summed the results. Values range from
0.0002 in Prudhoe Bay, Alaska to 150 million in Los Angeles (table C-1).

The independent variables were logged for the regression analysis to meet
the assumption of linearity with the dependent variable. Parameter estimates
represent the change in the number of broadband providers that occurs with
a l-percent increase in the independent variable. For example, a 1-percent
increase in population size will increase the number of providers by 1.07.
The standardized parameter estimates indicate the relative strength of the
influence of each independent variable. Population size has twice the effect
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Figure C-7
County representation of average broadband provision per square kilometer, 2000
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Source: ERS using Bureau of the Census, Census of the Population, 2000.

Table C1

Descriptive statistics and linear regression results measuring the effect of population size, percent urban,
and population accessibility on number of broadband providers, 2006

Standard . . Parameter Standardized
Mean . Minimum Maximum . .
deviation estimate estimate
Dependent variable:
Number of broadband providers, 2006 6.59 3.58 0 21 na na
Independent variables: 9,922 13,878 0 114726 1.08 0.55
Population size, 2005
Percent urban, 2000 39.93 43.90 0 100 2.54 0.22
Population accessibility, 2005 20,944.09 1,045,331.36 0 150,709,763 0.21 0.13

Note: Descriptive statistics for the independent variables are shown for unlogged values; logged values were used in the regression analysis.
All parameter estimates are significant at the .01 level. The proportion of variation in broadband provision explained by the regression (adjusted
R-square) equals .63.

Source: USDA, Economic Research Service, using data from the FCC and U.S. Census Bureau.
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on number of broadband providers compared with percent urban, which in
turn has a stronger effect than accessibility.

Parameter estimates may be used to calculate the expected number of broad-
band providers in a ZIP Code area. Residuals from the regression show the
difference between the actual and expected number of providers (fig. 9, p.
18). For example, Grafton, West Virginia’s ZIP Code area had 10,316 people,
was 59 percent urban, and had an accessibility measure of 385. Taking the
natural logs of these values (4, 0.2, and 2.6, respectively), multiplying them
by their parameter estimates, and summing the results show a predicted value
for Grafton of 5.4 providers. The number of broadband providers in this ZIP
Code area, as reported by the FCC in 2006, was 2, so the model indicates that
Grafton has roughly 3 fewer providers than predicted.
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Appendix D—Modeling Broadband Use on
the Farm

Discrete choice models are interpreted in terms of an underlying behavioral
model, the so-called random utility maximization (RUM) model. The deci-
sionmaker chooses the alternative with the highest utility. Let x;; be an attri-
bute vector of alternatives j that individual i faces; let b be the impacts of the
changes of the attributes; let €; be a random component. The random utility
function of alternative j for individual i can then be written as

U = b’xl.j + e Suppose that alternative j is chosen and that alternative k is
not chosen. Individual i will choose j to maximize the random utility func-
tion, if and only if U; > U,, for any k # i. Since e;; is a random component
of the individual utility function, the probability tIllat individual i actually
chooses alternative j is written as P (U s U,,) for any k # i. The true utilities
of the alternatives are considered random variables, so the probability that the
alternative is chosen is defined as the probability that it has the greatest utility
among the available alternatives.

Using the conceptual framework put forth by Flamm and Chaudhuri (2007),
we assume that the underlying utility of Internet use is related to economic
and demographic attributes (Flamm and Chaudhuri, 2007). The purchase-
decision outcome (j) consists of one of three choices: no purchase, dial-up, or
broadband. The x;; are represented by the explanatory variables described in
the farm businesses and broadband section. Under certain restrictive assump-
tions, the probability that individuz}} i chooses alternative j can be expressed
as Pl.j = P(UU>Ul.k) = exp(b’}(ij)/zkzl exp(b'ry).

The model that results under certain distribution assumptions about e is
usually called the conditional logit model. Apart from the assumptions under-
lying the RUM model, the conditional logit model implies that “the choice
probabilities have the property which is called independence of irrelevant
alternatives” (McFadden, 1974). This means that the ratio of the probabilities
of choosing two alternatives is independent of the characteristics of all other
choice possibilities. The conditional logit model is sometimes called the
multinomial logit model. Following Greene (1993) and Maddala (1983), this
latter term is reserved for models where the probabilities of the individual
making a certain choice are functions of the characteristics of the individual,
while the term conditional logit model is used when the choice probabilities
are functions of characteristics of the choice alternatives. The way the prob-
lems are set up is different in these two models. The likelihood functions,
however, will be the same.
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Appendix E—Quasi-Experimental Design

Quasi-experimental design (QED) is a statistical approach that simulates an
ex-post laboratory experiment featuring both a treatment and control group.
Selection of control and treatment in QED, unlike a true laboratory experi-
ment, is not perfectly random, hence the term “quasi.” Treatment groups

are self-selected. Control groups are selected based on their characteristic
similarity with the initial, or pre-treatment, characteristics of the treatment
groups. The QED approach taken here follows those of Isserman and Rephan
(1995). SAS and other software were used in the analysis. A couple of the
SAS routines used here were initially developed by Isserman.

The closeness between counties that is used to select the control counties is
derived using a discrete measure called Mahalanobis distance. Mahalanobis
distance measures the similarity between the treatment county and each
county that could potentially be part of a control group. The measure is
derived from the differences between the treatment county’s and another
county’s characteristics’ measures. The Mahalanobis distance is

MAHALbJ.:(Xb-Xj)T >l (X X)),

where b is the treatment county, j is the potential control group county, X

is the vector of variables that measure a county’s characteristics, and X is

the variance-covariance matrix of the variables calculated over all possible
control counties. There are a number of ways to compare treatment versus
control groups in QED. In the application here, there is one control county
for each treatment county. No control county is allowed to appear more than
once in the control group. The pairwise counties are the basic unit of anal-
ysis. The difference in growth is computed for each pair. The mean and stan-
dard deviations of these differences are computed, as are t-statistics between
the treatment and control groups.

Robustness checks were made by analyzing prior-period growth rates. A
tautology did not exist between the selection of control counties and their
post-economic growth measures as the selection of control counties employs
a large array of spatial and socioeconomic factors. Control and treatment
county growth rates were more similar in the prior period, 1997-2000, than in
the treatment period, 2002-2006. Selection criteria for treatment groups were
relaxed and strengthened (i.e., cutoff points in broadband likelihood were
increased and decreased). No appreciable change in outcomes was found as

a result of these changes; the model was not sensitive to minor changes in
treatment group inclusiveness.

More analysis on the robustness, however, needs to be completed to further
substantiate the results and address more completely the issue of causality.
Treatment group selection and control group characteristic variables will be
further varied to test sensitivity in selection process.
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Appendix F: Economic Research Service
Broadband Workshop, September 29-30, 2008

Broadband in the Rural Economy

Keynote: Rural Digital Economy
Edward Malecki, The Ohio State University

Internet and Rural Business Activity

Broadband Deployment and Economic Development in Kentucky
and North Carolina
Mitch Renkow, North Carolina State University

Rural Broadband Internet Use and Rural Economy
Peter Stenberg, Economic Research Service, RRED

Comparing Rural Retailer Internet Users and Non-Users: Access Speed,
Demographics, Attitudes and Beliefs.
Leslie Stoel and Stan Ernst, Ohio State University

Rural Grocers and Technology Adoption: Attitude Matters.
Size Matters More.
Stan Ernst and Leslie Stoel, The Ohio State University

Food and Nonfarm Rural Business

Internet Marketing of Nursery and Greenhouse Products
Enefiok Ekanem and Fisseha Tegegne, Tennessee State University

Positive Examples and Lessons Learned from Rural Small Business
Adoption of E Commerce Strategies

David Lamie, David Barkley, Clemson University, and Deborah Markley,
University of Missouri

IT and E-Commerce Companies
John Leatherman, Kansas State University, and Hanas Cader, South
Carolina State University

Farm and Rural Households

Farm Businesses and Broadband Internet Use
Mitchell Morehart and Peter Stenberg, Economic Research Service

Farming and the Internet: Reasons for Nonuse
Brian Briggeman and Brian Whitacre, Oklahoma State University

What Skills Are at the End of Broadband Cables in Rural America? Do They
Match Up with Firms Wishing to Engage Rural Sourcing?
Doug Morris and Lyndon Goodridge, University of New Hampshire
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Digital Economy

IT in the Global Economy
Catherine Mann, Peterson Institute for International Economics
and Brandeis University

Effects of Broadband Deployment on Output and Employment
Robert Crandall, Brookings Institution

Home Broadband Adoption in the United States: Patterns, Barriers, and
Consequences
John Horrigan, Pew Internet & American Life Project

Community Internet Use

The Role of the Internet in Rural Community Participation—Examples from
Recent Survey Data
Michael Stern and Alison E. Adams, Oklahoma State University

Rural Distance Education
Janet Poley, University of Nebraska-Lincoln and President of the American
Distance Education Consortium

Economic Impact of Rural Telemedicine
Brian Whitacre, Oklahoma State University
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