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Abstract:  In this Policy Paper, we analyze the variation in broadband adoption rates among the respective United States.  Significantly, we find that 91% of the variation is explained by demographic and economic conditions, such as household income, education and, most significantly, income inequality.  Our research therefore indicates that policies that focus on these demand-side factors perhaps offer more “bang for the buck” in terms of increasing broadband penetration than supply-side policies, including subsidies for networks or regulation of providers.  For example, programs that focus upon educational institutions in low-income communities with school age children—like ConnectKentucky’s “No Child Left Offline” initiative—may boost broadband adoption rates considerably, as they leverage demand-side drivers that encourage broadband subscription (having a child in school) in a way that may overcome or mitigate the problem of income inequality.  Programs that target broadband education for older and retired persons may also be helpful.

Table of Contents:

2I.
Introduction


6II.
An Empirical Approach to Analyzing the Conditions that Affect Broadband Penetration


8A.
The Empirical Model


11B.
Data and Expectations


13C.
Estimation Details


14D.
Least Squares Results


18III.
The Impact of Data Collection and Quality


19IV.
Conclusion


21Appendix A:




I. Introduction
While it is generally understood that broadband adoption rates vary across countries, it is also true that the rate of broadband adoption in the United States varies substantially among the states.  According to data collected by the Federal Communications Commission, state-by-state broadband penetration rates vary widely—from 0.87 broadband subscribers per household in New Jersey to only 0.25 subscribers per household in Mississippi.
  The pace of broadband availability and adoption is drawing increased attention from policymakers at the state, local and federal level, as a growing body of evidence shows a strong link between broadband and economic development.  A recent report prepared for the U.S. Department of Commerce states that “broadband access does enhance economic growth and performance,” noting that communities in which mass-market broadband was available “experienced more rapid growth in employment, the number of businesses overall, and businesses in IT-intensive sectors, relative to comparable communities without broadband.”  But the report specifically found that for most of those impacts to appear, “broadband had to be used, not just available.”
 
Numerous states have implemented programs to encourage broadband deployment and adoption, including the successful ConnectKentucky program, which is becoming a national benchmark.
  However, the differences in broadband adoption rates among the states can be a thorny issue politically, as the debate can often degenerate into a discussion of “rankings” that treat broadband adoption like the college football season.  This emphasis upon subscription rankings ignores the substantial role that demographic and economic conditions play in the adoption of broadband technology by households and businesses.  As noted by John B. Horrigan of the Pew Internet & American Life Project, “the tenor of the current debate obscures” an important question: “What is the nature of unmet demand for broadband in the United States?”

Earlier this year, Phoenix Center Policy Paper No. 29 demonstrated that demographic and economic conditions, such as income, income inequality, education level, geographic density and population age, explain approximately 86% of the variation of broadband adoption rates in OECD member countries, leaving very little variation that could be explained by differences in policy regimes.  After accounting for the respective economic endowments of the OECD countries, we created an index of performance for the OECD countries based on the difference between expected and actual broadband subscription rates.  This Broadband Performance Index, or BPI, provided a very different picture of the relative performance of the countries than did raw subscription numbers.  Clearly, a relatively poor country like Turkey will not have as high a subscription rate as a wealthy country like Luxembourg, but our analysis showed that broadband penetration in Turkey exceeded its demographic and economic expectations, while broadband in Luxembourg lagged behind.  Broadband “miracles” such as Japan and Korea were found to have subscriptions rates essentially consistent with their endowments.  These findings suggest that simply comparing raw subscription numbers across countries with different economic endowments is misguided and does not paint an accurate picture as to whether policy in those countries is succeeding or failing.
  
In this Paper, we apply a similar statistical approach to data on broadband adoption domestically and look at the demographic and economic factors that influence subscription rates among the respective states.  Utilizing data released by the FCC and U.S. Bureau of the Census, we show that demographic and economic conditions explain about 91% of variation of broadband penetration among the states.  The findings are consistent with those of our international research—broadband adoption is positively related to income, population density, and education, and negatively related to income inequality and age.  We also find that once other demographic and economic factors like household income are taken into account, the nation’s immigrant community is substantially more likely to subscribe to broadband services than the native-born population.  Broadband service also appears to be integral to a modern education—households with at least one family member in school and the percent of college educated persons in a state are very important determinants of broadband subscription.
Our analysis therefore indicates that demographic and economic endowments, and not necessarily specific regulatory policies directed at broadband providers or subsidizing broadband networks, are the most important drivers of broadband adoption.  For all intents and purposes, the factors that we identify by and large describe almost all of the differences in broadband adoption among the states that we analyze.  In other words, despite large actual differences in subscription rates among the states, demographic and economic factors explain almost all of the differences.    
That said, public policy is not irrelevant.  Indeed, our results should encourage policymakers to focus their attention on policies that will cultivate or enhance the endowments that increase broadband penetration or that will counterbalance the adverse effects of endowments that suppress penetration.  For example, programs focused on overcoming the effect of income and income inequality might significantly spur broadband adoption.  Income inequality is found to have a considerably suppressive effect on broadband penetration, similar to our international findings in Phoenix Center Policy Paper No. 29.  This effect domestically is substantial—a 10% increase in the Gini Coefficient (a measure of income inequality) decreases broadband subscriptions in a state by about 15.1%.  In fact, the effect of income inequality is of far larger magnitude than income itself or the presence of rural and farm households in a state.
  Taken together, these findings indicate that programs that focus upon low-income communities with school age children may provide the largest “bang for the buck” in terms of increasing broadband penetration.  ConnectKentucky’s “No Child Left Offline” is one example of such a program.
  Programs that target broadband education for older and retired persons may also be helpful, as might improvements in and deployment of telehealth technology. 

Broadband adoption is an input that is expected to improve economic growth and development, facilitate education and healthcare, and positively impact well being in a variety of other ways.  As a result, broadband policy should be considered as part of a range of public policy choices that serve the same end, and all policy recommendations should be accompanied by a cost-benefit analysis.   Our analysis suggests that broadband adoption is intimately tied to demand-side factors like income inequality and education, and policies directed at those factors may be more cost effective than supply-side subsidies and regulation.
II. An Empirical Approach to Analyzing the Conditions that Affect Broadband Penetration

The number of residential and business broadband connections per household varies considerably across the U.S. states.  Table 1 presents data derived from the FCC’s June 2006 High Speed Internet Access Report and the Census Bureau.  As of June 2006, per household broadband subscription rates ranged from 0.87 in New Jersey to 0.25 in Mississippi—a difference of over 300%.
  However, this outcome is less shocking when one considers that the average household income in New Jersey is more than twice that in Mississippi ($73,260 to $32,315), that nearly twice as people in New Jersey have a college degree or better than do so in Mississippi (28% to 16%), and that only 5% of households in New Jersey are classified as being rural while 51% of Mississippi households are in rural areas.  At first glance, it appears economic endowments matter, so looking solely at raw subscription figures might paint an inaccurate picture on broadband adoption in the United States. 

	Table 1.  Broadband Subscription per Household, U.S. States

June 2006

	State
	Subs/HH
	
	State
	Subs/HH

	New Jersey
	0.87
	
	Nebraska
	0.53

	Nevada
	0.82
	
	Delaware
	0.53

	California
	0.82
	
	Tennessee
	0.52

	District of Columbia
	0.81
	
	North Carolina
	0.51

	Connecticut
	0.79
	
	Indiana
	0.51

	Maryland
	0.75
	
	Wisconsin
	0.50

	Massachusetts
	0.74
	
	Maine
	0.48

	Arizona
	0.73
	
	Michigan
	0.47

	Colorado
	0.70
	
	Missouri
	0.46

	Florida
	0.70
	
	Vermont
	0.45

	Washington
	0.69
	
	Louisiana
	0.44

	New York
	0.69
	
	Idaho
	0.43

	Georgia
	0.68
	
	Wyoming
	0.43

	Rhode Island
	0.68
	
	Oklahoma
	0.42

	Utah
	0.67
	
	South Carolina
	0.42

	Virginia
	0.66
	
	Kentucky
	0.40

	Oregon
	0.64
	
	Montana
	0.39

	New Hampshire
	0.64
	
	Iowa
	0.39

	Texas
	0.59
	
	New Mexico
	0.37

	Kansas
	0.57
	
	Alabama
	0.35

	Illinois
	0.57
	
	Arkansas
	0.35

	Alaska
	0.56
	
	West Virginia
	0.33

	Minnesota
	0.56
	
	South Dakota
	0.29

	Pennsylvania
	0.55
	
	North Dakota
	0.27

	Ohio
	0.54
	
	Mississippi
	0.25

	Source:  FCC, High-Speed Services for Internet Access: Status as of June 30, 2006 (Jan. 2007) at Table 10.



	
	
	
	
	


But it is one thing to say that differences in income, education, and population density impact broadband adoption—it is quite another matter to study the extent and magnitude of those effects.
  Understanding the relative importance of those differences can have a substantial impact upon public policy, because policymakers should seek to adopt programs that will have the greatest possible impact on broadband adoption.

The purpose of this Paper is to quantify the relationship between economic and demographic factors and broadband subscription among the U.S. states.  We do so using an econometric analysis similar to the method we used to study broadband adoption among the OECD countries.  Our method crystallizes and quantifies the demographic and economic factors that impact broadband adoption, because cultivating or overcoming those important factors—and not necessarily subsidization of network construction or regulation of carrier conduct—will be crucial to increasing broadband adoption.  We hope by providing policymakers with realistic guideposts that better, more focused policy initiatives will result, as will more realistic expectations of the results of government interventions.  

A. The Empirical Model

A household’s decision to subscribe to broadband is influenced by a number of factors, including income, education and availability.  Similarly, businesses decide whether or not to subscribe to broadband service based on demand and supply conditions.  When it comes to subscription rates and rankings, however, this seemingly obvious fact is typically ignored in policy debates, where the broadband subscription rate becomes solely a matter of pride.  Here, we set pride aside and focus on the genuine determinants of broadband subscription, which include economic and demographic endowments such as income, education and population density.  As we just discussed with regard to New Jersey and Mississippi, all states are not working with the same set of endowments, thus all states cannot be expected to have the same adoption rates. 

To determine the relationship between state i’s endowments, which we call Xi, and broadband subscription, which we call Bi, we estimate the following econometric model
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where (i is the zero-mean econometric disturbance term, and the ( are coefficients for each of the k endowments (including a constant term).   Equation (1) has a square-root transformation of the dependent variable.  This transformation performed best in terms of specification testing.  We include in X the following variables, utilizing data from the U.S. Census Bureau:  

· Average household income (INCOME);
· Income inequality, measured by the state’s Gini coefficient (GINI);
· The percentage of population living in cities with more than 100,000 people (CITY100);
· The percentage of rural households (RURAL);
· The percentage of farm households (FARM);
· The percentage of families where English in the primary language (ENGLISH);
· The percentage of foreign-born population (IMMIG);
· The percentage of the population with a college degree or better (EDUC);
· The percentage of households where at least one member is in some level of school (INSCHOOL); and
· The percentage of households receiving retirement income (RETIRE) which we use as an additional proxy for age.
Population density is very difficult to measure, and the effects are likely to be highly non-linear.  Thus, in addition to these variables, we include interaction terms of CITY100, RURAL, and FARM, to allow for non-linearity in density.  

In preliminary and investigative work, we considered a wide range of other variables, including alternative measures of density, household characteristics, cost of living indexes, and so forth.  In the end, most of these other variables were not consistent contributors to the explanatory power of the model, and some had weak theoretical justification.  In some cases, the correlation with other variables was too high to warrant inclusion.
  Also, we have chosen to use the variable RETIRE rather than simply including a variable for the percent of population age 65 or older (AGE65).  Surprisingly, we did not find any statistically significant result on AGE65 across a wide range of models.  However, the RETIRE variable was consistently found to be an important determinant of subscription.  This indicates that age alone may not be as related to broadband adoption in the U.S. as is whether or not the potential user is in the active workforce.
  

Finally, unlike our international analysis, we do not include a measure of broadband price in the regression.  We suspect that there is very little variation in average broadband prices across the United States (when measured on a statewide basis), so our model assumes that to be the case.  Moreover, we have not found any reliable data source for broadband prices (either advertised prices or actual prices) at the state level.  The information used in our international analysis consists of nationwide average advertised prices compiled by the OECD; no similar data for each state in the U.S. are available.  Without variation across states, the effect of price is included in the constant term of the regression.  Our specification does allow price to change over time, but price is assumed not to vary across states.

Variable selection is, of course, a very important component of our model.  As described below, the variables we have selected explain approximately 91% of the variation in broadband adoption rates among the states, and statistical tests indicate the model is well specified.  It is possible that other factors that we did not consider may play a role in explaining the pace of broadband adoption.
  Different models that consider other variable of course may produce different results, but we expect that alternative, well-specified models will lead to similar conclusions. 
B. Data and Expectations

The data on broadband subscriptions is provided by the FCC’s High-Speed Services for Internet Access report.
  We include in the sample subscription rates for June 2005 and December 2005.  For these periods, data is available for forty-nine states and the District of Columbia.  Because the FCC has not consistently reported data for Hawaii, we exclude that state.    The data comes as raw counts of broadband connections.  For our regression analysis, we divide these connections by total households in the state.  

While the FCC has published data on broadband subscriptions for each state in June and December 2006, the use of this state-specific data is complicated by the marked growth in reported mobile broadband lines.  We believe that excluding these observations is necessary because the FCC itself has stated that it does not appear to be counting wireless broadband lines in the same way that it counts wireline broadband lines.  Earlier this year, the FCC noted that the instructions for FCC Form 477 direct mobile providers to report the number of handsets and devices that are “capable” of sending or receiving data at 200 kbps or above, without regard as to whether subscribers actual subscribe to a mobile broadband data service plan, stating that “the current [data reporting] instructions make it likely that more and more mobile voice service subscribers will be reported as mobile broadband subscribers merely by virtue of purchasing a broadband-capable handset, rather than a specific Internet plan.”
  This approach of reporting broadband “capability,” rather than actual broadband connections, is different than the data collected for wireline broadband service.  As a result, over the last two reporting periods (June and December 2006), this reporting quirk has had a substantial and growing impact on the FCC broadband data reports.
  Moreover, an inspection of the data suggests that mobile broadband capability is not being incorporated into the state-specific estimates consistently—some states experienced sizeable increases in reported mobile lines in June 2006 whereas others reported sizeable increases in December 2006.
The FCC has noted that “we are currently unable to determine from the reported data the number of subscribers who make regular use of a broadband Internet access service as part of their mobile service package.”
  For purposes of our analysis, we are of course interested in the household’s decision to subscribe to broadband service and not the purchase of equipment that may not be used for broadband service.  Moreover, it is impossible to adjust much of the state-specific subscription counts for this irregularity, because of missing and redacted data.  As a result, until these data reporting issues are addressed, we believe it important to exclude the effect of these mobile devices from our analysis and limit our analysis to year 2005 data.  For those interested, we also report in Appendix A the estimated model including June 2006 and both June and December 2006 data.  
Census data is used for the variables measuring economic and demographic endowments.
  Based upon our regression results in Policy Paper No. 29 and other research on broadband subscription, we have the following expectations regarding the regressors.
  We expect broadband subscription to be positively related to income (INCOME) but negatively related to income inequality (GINI).  Research also shows those with more education have a higher demand for broadband service, so EDUC should have a positive coefficient.
  We also expect homes with students will have a larger demand for broadband, so we expect a positive coefficient on the variable INSCHOOL.  Research, including ours, suggests older persons are less likely to buy broadband.
  If so, then we expect a negative sign on RETIRE.  Survey research suggests subscription in rural areas is lower, so we expect negative signs on RURAL and FARM, with a larger effect expected on FARM, and a positive sign on CITY100.  Subscription rates increase over time, so the JUNE05 and DEC05 dummy variables will have negative signs.  Finally, we make no a priori predictions as to the signs on ENGLISH or IMMIG.  Descriptive statistics are provided in Table 2.
C. Estimation Details
We considered a variety of functional forms for the least squares model, but the square-root transformation of the broadband per household subscription rate (the dependent variable) was preferred by specification tests (RESET and White) across a range of specifications and data sets.
  These tests did not indicate that a transformation of the regressors was desirable, so we use the linear form of the regressors.  We could not reject the null hypothesis of homoscedasticity, so we proceeded with ordinary least squares estimation.   We do, however, use White’s robust standard errors to compute the t-statistics.
  Our total sample contains 100 observations (49 states, Hawaii excluded, and the District of Columbia over 2 semi-annual periods).  
Our model has period-specific dummy variables for each time period in the sample.  Given that the regressors are held constant over the time period, we cannot include state-specific dummy variables (i.e., fixed effects estimation).  Given fixed value regressors, state-specific dummy variables will be collinear with the regressors.  
D. Least Squares Results
The regression results are summarized in Table 2, including approximate elasticities based on a 10% change in the regressor, the Partial R2 which is a measure of relative explanatory power, and the descriptive statistics of the regressors.
  The model fits the sample data very well, with an R2 of 0.91.  Thus, about 91% of the variation in broadband subscription rates is explained by the regressors in the model, which is similar to model in Policy Paper No. 29 that analyzed OECD data (with an R2 of 0.86).  Most of the variables in the model are statistically different from zero at the 5% level or better, with only the interaction terms being of weak significance.  Two of the marginal effects of the density variables are statistically different from zero at better than the 5% level, whereas one is statistically significant only at the 12% level.
  We can easily reject the null hypothesis that the coefficients of the interaction terms are jointly zero indicating that the non-linear specification of density is preferred to a simpler model.
  The null hypothesis of the RESET (“no specification error”) and White’s Test (“homoscedastic disturbances”) are not rejected even at the 10% level.  Overall, the model appears to be good one. 
	Table 2.  Regression Results and Statistics

	
	Coef.

(t-stat)
	Approximate

Effect 

(10% Increase)
	Partial R2
	Mean

(St. Dev.)

	Constant
	0.073

(0.68)
	…
	…
	…

	INCOME
	0.002

(2.53)*
	3.8%
	0.07
	53.889

(8.120)

	GINI
	-1.068

(-7.61)*
	-15.1%
	0.33
	0.448

(0.026)

	IMMIG
	0.644

(5.22)*
	1.4%
	0.29
	0.070

(0.055)

	ENGLISH
	0.146

(2.12)*
	3.9%
	0.04
	0.855

(0.085)

	INSCHOOL 
	1.238

(6.00)*
	28.1%
	0.30
	0.221

(0.042)

	 EDUC
	0.336

(2.51)*
	2.4%
	0.10
	0.718

(0.017)

	RETIRE
	-0.773

(-3.30)*
	-4.0%
	0.08
	0.165

(0.021)

	CITY100
	0.050

(3.05)*
	0.6%a
	0.18
	0.189

(0.166)

	RURAL
	-0.140

(-2.79)*
	-0.7%
	0.07
	0.292

(0.155)

	FARM
	-4.666

(-2.25)*
	-0.8%a
	0.05
	0.014

(0.015)

	CITY100(RURAL
	-0.094

(-0.94)
	…
	 
	0.042

(0.034)

	CITY100(FARM
	5.629

(2.22)*
	…
	…
	0.002

(0.003)

	RURAL(FARM
	6.055

(1.29)
	…
	…
	0.005

(0.007)

	JUNE05


	-0.061

(-11.28)*
	-19.3%
	0.58
	0.333

(0.473)

	 R2
	0.91
	
	
	

	RESET F 
	1.03
	
	
	

	White (2
	2.59
	
	
	

	*   
Statistically significant at the 5% level or better.

**   
Statistically significant at the 10% level or better.

a   
Joint-test Statistically significant at the 5% level or better (computed at means).

	
	
	
	
	


All expectations regarding signs are confirmed.  Similar to our findings in the international arena, higher incomes (INCOME) increase subscription, but income inequality (GINI) reduces the subscription rate.  A 10% rise in average household income increases subscriptions per household by 3.8%, where a 10% increase in income inequality reduces subscriptions by 15.1% (a very large effect).  A more educated population (EDUC) increases broadband subscription, with a 10% rise in persons with at least a college degree increasing the subscription rate by about 2.4%.  Having a household member in school (INSCHOOL) has a positive and large effect, with a 10% rise in such homes increasing the subscription rate by nearly 28.1%, the largest effect by far.  Obviously, education is a key driver of broadband subscription, and broadband appears to be an important if not essential ingredient in the modern education.
  As expected, states with a larger share of older persons (RETIRE) have a lower broadband subscription rate.  Based on the marginal effects computed at the means, the larger the percentage of homes in sparsely populated rural (RURAL) and farm areas (FARM), the lower is broadband subscription, whereas the higher the population in large cities (CITY100), the greater is subscription.  However, these population density effects, while present and statistically significant, are not as large as other demand-side effects like education, income and age.  The negative coefficients on the time dummies indicate broadband subscription rates grew about 20% in the second half of 2005.
There were two variables whose effects were not predicted—ENGLISH and IMMIG.  Both variables have positive and statistically significant coefficients.  The estimated regressions indicate that states with a larger share of families speaking primarily English have a higher level of broadband subscription.  However, states with a larger portion of foreign born citizens also have higher broadband subscription levels.  These results are interesting, and several hypotheses can be postulated to explain the result.  The Pew Internet & American Life Project has studied the broadband subscription patterns of the Hispanic community and found that the relatively low rate of online usage in the Hispanic community largely “explained by socio-economic differences” between ethnic groups, although it did reveal a substantial divide between Spanish-speaking and English-speaking households with regard to online activity.
  As a result, our analysis gives reason for optimism, because if socio-economic factors like education and income inequality can be overcome, broadband growth in immigrant communities could be substantial.    

	Table 3.  Broadband Subscription and Endowments

	Variable Ranked by Size Effect
	Magnitude of Effect

(for 10% increase)
	
	Variable Ranked by Partial R2 
	Partial R2 

	INSCHOOL
	28.1%
	
	GINI
	0.33

	GINI
	-15.1%
	
	INSCHOOL
	0.30

	RETIRE
	-4.0%
	
	IMMIG
	0.29

	ENGLISH
	3.9%
	
	CITY100
	0.18

	INCOME
	3.8%
	
	EDUC
	0.10

	EDUC
	2.4%
	
	RETIRE
	0.08

	IMMIG
	1.4%
	
	INCOME
	0.07

	FARM
	-0.8%
	
	RURAL
	0.07

	RURAL
	-0.7%
	
	FARM
	0.05

	CITY100
	0.6%
	
	ENGLISH
	0.04

	
	
	
	
	

	
	
	


Table 3 presents the results of the first regression shown in Table 2 in a different format.  In Table 3, we rank the endowments by their relative impacts on broadband subscription, and do so based on two measures of “impact.”  To show which demographic and economic condition have the most impact on broadband subscriptions, the left side of Table 3 simply sorts the factors we study based on their marginal effects as summarized in Table 2.  Other than the time dummies, the largest marginal effect (measured as an elasticity) is the INSCHOOL variable, with GINI being second.  Other large effects are observed for ENGLISH, EDUC and RETIRE.  The right-hand side of Table 3 sorts the regressors by their partial-R2, which is a measure of their independent contribution to the explanatory power of the regression.  The five factors contributing most to explaining the variance in broadband subscriptions are the percentage of foreign born citizens (IMMIG), income inequality (GINI), the percentage of farm population (FARM), rural population (RURAL), the having a family member in school (INSCHOOL). 

From this analysis, it appears that an effective broadband policy must deal with issues that arise from income inequality.  As Horrigan (2007) suggests, “[o]ne answer is to renew focus on demand-side stimulation targeted at hard-to-reach populations.”
  Ideas might include programs that counterbalance the effects of poverty by making computers available to poorer households—as with the “No Child Left Offline” program in Kentucky or Nicholas Negropante’s “One Laptop Per Child” program, which could have both domestic and international implications.
  Education policy is likewise implicated, since broadband appears to now be an important, even essential, ingredient in modern education.  For example, both the INSCHOOL and EDUC variables suggest that Georgia’s use of lottery funds to provide large numbers of college scholarships is likely to increase broadband subscription in that state.

III. The Impact of Data Collection and Quality

There is considerable debate about the quality of the FCC’s data on broadband availability and adoption, and the FCC is currently considering changes to its data collection methodology.
  As discussed above, however, the inclusion of “capable” mobile devices in subscription counts is plainly invalid and requires us to exclude data from 2006 for our analysis.  Appendix A contains the results of our model if we do include FCC data from 2006, which includes broadband “capable” mobile devices.

We also note that there may be reporting problems, however, even with the earlier data.  For instance, the most-recent FCC data report changes the 2005 figures for both North and South Dakota without explanation.  As a result, we believe it important to examine the sensitivity of our model to the possibility of errors in the data that we utilize.
Under plausible conditions, the actual and potential data defects may not substantially bias our coefficients estimates reported in Table 2 and Table A-1.  However, these expected data problems are sufficiently severe to prevent us from computing the Broadband Performance Index (or BPI) for each state as we did in Policy Paper No. 29 for the OECD countries.  To demonstrate why, say the reported broadband subscriptions contain a error component u, so that broadband subscriptions are B + u.  A regression model of subscriptions on endowments now looks like
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Under certain conditions, the error in the measurement of Bi does not impact the coefficient values, since the disturbance of the regression simply incorporates both the idiosyncratic component (i and the mismeasurement component ui.
  The standard errors of the coefficients, however, are inflated, thereby reducing the t-statistics on the coefficients.  In other words, the estimated coefficients and their marginal effects summarized in Table 2 remain legitimate, although the t-statistics will be understated.  (Compare Table 2 and Table A-1 for a demonstration of the stability of the estimated effects across datasets despite known data defects.)  Since most variables are statistically significant at the 5% level or better, the inflation of the standard errors does not appear to be of much significance.  In contrast, because the BPI is derived directly from the residual, the BPI calculation will suffer markedly if there are mismeasurements in the data.  With error in the subscription count, a state’s BPI includes two components, (i and ui.  Therefore, the BPI reflects not only idiosyncratic deviations from average performance but also includes the measurement error directly.  As a consequence, we do not include in this Policy Paper the calculation of the BPI for the states.  
IV. Conclusion
The rate of broadband adoption is strongly related to a number of demographic and economic conditions, including household income, income inequality, and education.  In this Paper, we provide a method that quantifies each of these important variables in a way that provides a useful “snapshot” of the reasons that broadband subscription currently varies widely throughout the United States.  
We find that income inequality is a significant driver in suppressing broadband penetration in the United States.  This result is consistent with our international analysis in Phoenix Center Policy Paper No. 29.  Education is also an important factor that increases broadband growth.  In fact, income and education effects impact broadband adoption at a far larger magnitude than the extent of rural and farm households in a state.  These findings are important for policy they identify the areas where targeted programs might increase broadband subscription substantially and cost-effectively.  In particular, our analysis shows that demand-side factors like income inequality and education matter more for broadband adoption than supply-side factors, such as population density.

As a result, policies that focus on these demand-side factors perhaps offer more “bang for the buck” in terms of increasing broadband penetration than supply-side policies such as subsidies for networks or regulation of providers.  For example, our research indicates that programs that focus upon demand-side factors, such as those programs that focus on educational institutions in low-income communities with school age children, may boost broadband adoption rates considerably, as they leverage a demand-side drivers that encourage broadband subscription (having a child in school) in a way that may overcome or mitigate the problem of income inequality.  Such policies, like ConnectKentucky’s “No Child Left Offline” initiative, may be substantially more cost-effective in driving broadband adoption than subsidies for construction of networks.  Programs that target broadband education for older and retired persons may also be helpful.  
Appendix A:
Table A-1 summarizes the regression output when using the2006 data on broadband subscriptions. In the first two columns, the results are based on December 2005 and June 2006 data.  In the second two columns, the results are based on the June 2006 and December 2006 data.  In both cases, there are 100 observations.  The marginal effects are very similar to those reported in Table 2.
	Table 2.  Regression Results and Statistics
(Using 2006 Data)

	
	Coef.

(t-stat)
	Approximate

Effect 

(10% Increase)
	Coef.

(t-stat)
	Approximate

Effect 

(10% Increase)

	
	December-05, June-06 Data
	June-06, December-06 Data

	Constant
	0.169
(0.81)
	
	0.621
(2.96)*
	

	INCOME
	0.002
(2.56)*
	3.5%
	0.001
(0.67)
	1.2%

	GINI
	-1.232
(-6.87)*
	-15.7%
	-1.516
(-7.43)*
	-17.1%

	IMMIG
	0.670
(5.51)*
	1.3%
	0.599
(3.34)*
	1.1%

	ENGLISH
	0.189
(2.33)*
	4.6%
	0.171
(1.51)
	3.7%

	INSCHOOL 
	1.317
(4.15)*
	26.9%
	1.066
(3.14)*
	19.2%

	EDUC
	0.405
(2.81)*
	2.6%
	0.672
(3.28)*
	3.7%

	RETIRE
	-0.866
(-3.30)*
	-4.1%
	-0.697
(-1.77)**
	-2.9%

	CITY100
	0.066
(2.06)*
	0.6%a
	0.104
(3.59)*
	0.3%

	RURAL
	-0.281
(-5.39)*
	-1.0%a
	-0.339
(-5.50)*
	-1.9%a

	FARM
	-7.699
(-4.99)*
	-1.0%a
	-6.733
(-3.22)*
	-0.9%a

	CITY100(RURAL
	-0.164
(-1.01)
	
	-0.439
(-2.04)*
	

	CITY100(FARM
	7.019
(3.38)*
	
	5.420
(1.96)**
	

	RURAL(FARM
	13.693
(4.82)*
	
	11.041
(2.69)*
	

	DEC05
	-0.077
(-12.84)*
	-22.0%
	…
	.

	JUNE06
	…
	…
	-0.111
(-12.54)*
	-27.8%

	 R2
	0.92
	
	0.88
	

	RESET F 
	0.15
	
	0.88
	

	White (2
	0.01
	
	1.75
	

	*   
Statistically significant at the 5% level or better.

**   
Statistically significant at the 10% level or better.

a   
Joint-test Statistically significant at the 5% level or better (computed at means).
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