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ABSTRACT:

The Internet has become a popular medium for collecting survey data due to the growth in Internet penetration rates and the fact that Internet surveys have lower marginal costs than telephone and in-person surveys.  The utility of Internet surveys as a replacement for telephone polls of the general adult population is still being examined.  Mixed mode and panel surveys are some of the solutions that have been proposed to the coverage bias problem.  Post-stratification on variables such as age, education, ethnicity, and income alleviates but does not eliminate the bias caused by excluding individuals without Internet access.  This study investigates whether Internet users that have only limited access to the Internet can be useful in further reducing coverage bias by using them to represent those without Internet access at all.  The proposed weighting methods, which employ raking and propensity scores, can be used in Internet-only surveys that collect basic demographic information and data about Internet use and access.  The schemes are applied to data from the Current Population Survey’s Computer Use Supplement.  This data was collected in-person, allowing us to use estimates from the full data set as benchmark values against which to compare estimates from the subset of the data containing only respondents with Internet access.  For most of the variables we consider, poststratification via location of Internet access results in a significant reduction in coverage bias.  In addition, the implementation of propensity scores in conjunction with post-stratification methods brings small additional reductions in bias.  A bootstrap analysis shows that the increase in variance from our weighting schemes is offset in the mean square error by the reduction in coverage bias.
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1. INTRODUCTION
Internet access has seen steady growth since the early 1990’s.  The Harris Poll reports that in 1995, only 9% of adults in the United States were online with that number increasing to 81% by late 2008 (Harris Interactive, 2008).   With this significant rise in penetration, the Internet has become an attractive option as a mode for survey administration.  When compared to traditional methods, such as phone surveys and in-person interviews, Internet surveys can be much more efficient.  In a study conducted in 2002, Schonlau indicated an average savings of over $40 per case when Internet surveys were used in place of telephone surveys and found that the average time to completion for an individual case was 3.5 weeks on the Internet as compared to three months for a comparable telephone survey (2002).  Electronic means of survey administration have many additional benefits such as easy coding of skip patterns and response option ordering as well as the ability to display graphics and video.  

While the Internet may be an economical way of collecting data, researchers are still working on issues such as recruiting respondents, the integrity of the responses, and whether data collected via the Internet can be generalized to the entire population.  Coverage bias refers to any error introduced into a study due to the use of samples that are not representative of the target population (Lohr, 1999).  Internet surveys that attempt to draw conclusions about the population as a whole are extremely vulnerable to coverage bias because the sampling frame excludes those who are still without Internet access.

The survey community faced a similar problem when telephone surveys were coming into use and survey administrators could not sample households without a telephone.  Some of the proposed methods for reducing coverage bias were based on the idea that individuals with breaks in their telephone service were more representative of the population without telephone service than were individuals who maintained continuous service.  Brick et. al. (1996) used weighting class adjustments while Duncan and Stasny (2001) used propensity scores in conjunction with poststratification methods to adjust for the non-telephone population.  These methods were inspired by the landmark study of Politz and Simmons who incorporated a participant’s availability to be included in a study into weight adjustments (1949).  While Duncan and Stasny’s study provided strong preliminary evidence that weighting and poststratification are plausible methods for reducing bias in telephone surveys, it was limited in that benchmark values including the non-telephone population were not available to assess the weighting schemes.  

This paper adapts techniques for minimizing coverage bias in telephone surveys for use with Internet surveys using the assumption that the intermittent portion of the target population is similar to the segment of the population that is missed.  With respect to the Internet population, Internet users can be broken into three mutually exclusive groups; Internet access at home, Internet access outside the home only, and no Internet access at all.  If the respondents with access outside the home only are more representative of the non-Internet population, weighting schemes and poststratification methods similar to those introduced earlier may reduce the coverage bias observed in Internet surveys.

Data for this study was obtained from the October 2003 Computer Use Supplement published by the Current Population Survey (CPS).  This survey was conducted in-person, and included questions regarding Internet access and availability.  Thus, this survey provides the necessary information with which to construct benchmarks which include the non-Internet population and can also be used to estimate population values using only the Internet population.  

The next section investigates the differences between Internet populations (at home/outside home/no access) and gives a description of the CPS.  Section 3 details the techniques to be applied in the weighting schemes, including raking and propensity scores.  In section 4, the proposed weighting schemes to reduce coverage bias are introduced and applied to the CPS data.  Section 5 provides a comparative analysis of the schemes through a discussion of the tradeoff between increased variability and decreased bias.  Section 6 summarizes the findings and indicates areas for future research.

2. BACKGROUND

2.1 Internet Population Groups:

A comparison of Internet populations is needed to reveal the magnitude of the potential for coverage bias in Internet surveys.  Sociological research into the associations between Internet access and demographic characteristics has found that individuals who do not have Internet access at all are more likely to be African American or Hispanic, poor, modestly educated, disabled or elderly (Victory and Cooper, 2002).  In addition, individuals currently employed are more likely to have access than those who are unemployed; parents of children less than 18 years of age living at home are more likely than non-parents to be online, and urban Americans are more likely to be in the Internet population than those who live in rural America (Madden, 2003).  

Of particular interest to this study is the extent to which those individuals with Internet access outside their homes only can represent those without Internet access at all.  The Computer Use supplement of the CPS, which asks about where respondents have access to the Internet, if they have access at all, provides suitable data to investigate this question.  We will refer to respondents who have access outside the home only as transients since they move in and out of the Internet access population.  Table 1 gives the distributions of race, educational attainment, employment status, and income for the three internet populations using the CPS data.      

***INSERT TABLE 1 HERE: ***

For race, education, and income the transient population does indeed fall between the non-Internet and access at home groups. As noted previously, blacks, individuals in households with lower incomes, and those with less education are less likely to have Internet access.  While still falling closer to the Internet at home group, the transient group does inch toward to the no Internet access group.  Evidence of this relationship is important as this is the basis for the weighting adjustment schemes to reduce coverage bias.  Employment status does not follow the same pattern of transients falling between the non-Internet and access at home groups.  Individuals with access outside the home only are more likely than respondents in other groups to be employed.  This is explained by the fact that a workplace is the most common source of Internet access outside the home.

2.2 Current Population Survey

The data used in this study was obtained from the Current Population Survey (CPS) administered by the Bureau of the Census for the Bureau of Labor Statistics (BLS).  This survey is an in-person, monthly survey that reaches approximately 50,000 households.  The survey’s primary goal is to obtain current information about labor force characteristics in the US population.  Data is also collected on population demographics, making the survey an appropriate means for gathering summary data about the US population as a whole between decennial censuses.

In addition to conducting a general labor statistics survey, the BLS outsources specific supplemental inquiries throughout the calendar year one being the School Enrollment and Computer Use Supplement designed by the National Telecommunications and Information Administration (NTIA), part of the United States Department of Commerce.  This supplement was administered most recently in October 2003 with the goal of obtaining information on computer use, the Internet, and other emerging technologies used by the US population.  This information is summarized in the NTIA’s major publication, A Nation Online (Victory and Cooper, 2002), which is published as new information becomes available.  More detailed accounts of the design and administration of the CPS and the NTIA supplement are available in the CPS Technical Paper 63 (Kostanich and Dippo, 2002), and the Supplement File for the CPS. 

3. METHODS

3.1 Poststratification

Poststratification is a commonly used weighting adjustment technique for making a sample match up with known population values.  If a particular subset of the population is underrepresented in the sample, the weights of these individuals are increased so their proportion matches the true proportion in the population.  Likewise, the weights of specific units that are overrepresented are decreased.  Raking is a poststratification technique that can be implemented when the marginal distributions of poststratification variables are known, but their joint distribution is unknown (Lohr, 1999).  For instance, raking can be beneficial when the distributions of race/ethnicity and education level are known for the population, but the breakdown of education level by race/ethnicity is not available.  Post-stratification is conducted on each variable in turn and the algorithm is repeated until the marginal sample values converge to the known population values.  

Much research has been conducted on the effects of raking on reducing bias in surveys.  Brackstone and Rao (1979) took a theoretical approach to raking and measured the reduction of bias in successive iterations of raking in a single stage cluster sample.  Oh and Scheuren (1983) investigated the implication raking has on surveys that have a high incidence of non-response.  They were able to show that raking as a poststratification technique can significantly reduce the overall bias in a study.  

Raking is an intrinsic part of the CPS data analysis.  The CPS performs a three-way rake repeated through six iterations.  The raw data is raked by state, then Hispanic origin/Gender/Age, and finally by Race/Gender/Age.  Since these raking variables are strongly associated with Internet access, raking does a good deal to control the coverage bias when we consider only respondents with Internet access.  In evaluating the proposed weighting schemes we will look for additional reductions in coverage bias beyond what is achieved by raking on these three variables.  
3.2 Propensity Scores

A propensity score is the probability that a unit in the sample takes on a specified value of a dependent variable conditioned on a collection of covariates.  Propensity scores are usually calculated via logistic regression.  Rosenbaum and Rubin suggested using propensity scores to form strata for poststratification (1983).  This technique has been employed to reduce selection bias in phone surveys and in mixed mode surveys administered to Internet and phone samples (Schonlau et. al, 2006).  The method requires knowing population cell counts for many combinations of covariates.

An alternative use of propensity scores for telephone surveys was presented in Duncan and Stasny (2001) where logistic regression was used to compute a propensity for transiency, or having had an interruption in phone service.   This approach gives each unit in the sample a weight adjustment equal to the inverse of the propensity score; 1/(1-P(transient)).  This weighting scheme did not provide significant reduction in bias when used alone.  However, when combined with raking, the overall bias of selected response variables was significantly reduced.  Cobben and Bethlehem (2005) confirmed these results with a different data set.  

4. WEIGHTING SCHEMES

In this section, we describe our proposed weighting schemes, the computation of the benchmark values against which the schemes will be evaluated, and the variables from the data set used for the comparisons.   

The CPS cases for respondents over 18 were partitioned into those who have Internet access anywhere (62,325 entries) and those who do not have Internet access at all (41,566 entries).  Target values for our variables of interest were calculated using all 103,891 entries with weights computed using the CPS’s prescribed three-way rake.  The target gives a goal, or “true” value for each variable.  The other benchmark, referred to as the base scheme, gives estimates using only respondents with Internet access and without applying any weight adjustments beyond the CPS’s three-way rake.  The three alternative schemes attempt to improve upon this base scheme.  They include; a four-way rake, a three-way rake in conjunction with propensity scores, and a four-way rake in conjunction with propensity scores.  The fourth variable in the four-way rake is based on location of Internet access.

Eight items from the CPS supplement were chosen to be used is assessing the schemes.  They include; citizenship, metropolitan status, marital status, military service, home status (own/rent), cell phone possession, cable television within the household, and satellite television.  These variables were selected with the expectation that the technology items would be highly susceptible to coverage bias while the demographic variables would be impacted less.  For a complete description of these variables and how they were coded, refer to Table A.1 in the appendix.  

4.1 Base (Three-Way Rake)

The base scheme imposes the CPS’s weighting method on the subset of respondents with Internet access.  As discussed in section 3.1, this involves a three-variable rake which weights the responses via a state category, an age/gender/race category, and an age/gender/Hispanic origin category (US Census Bureau).  It is this base scheme that will be used as a benchmark to investigate how the more complicated weight adjustments perform.  

Table 2 provides a summary of point estimates for the eight response variables under the different schemes.  Also, as a means of rudimentary comparison, a raw estimate with no weighting is given.  

***INSERT TABLE 2 HERE***

For the five variables citizenship, marital status, cell phone, satellite TV, and home ownership, the point estimates have the expected relationship.  The base falls between the raw and the target with the amount of bias in the base scheme for these variables ranging from 1.6 percentage points for satellite TV to 11 for cell phone ownership.  For cable TV, the base scheme was slightly farther from the target in the same direction as the raw estimate.  For metropolitan status and military service, the raw and base estimates were off from the target in different directions.  This may be explained by overweighting a specific group sensitive to these variables in the design of the CPS.  The direction of the bias in the base scheme for metropolitan status is in the direction that one would expect, with a higher estimate of the proportion of people living in metropolitan areas when we exclude those without Internet access.  The direction of the bias in the base scheme for military service is also in the expected direction, with a higher estimate of the proportion of people who have ever done military service when we exclude those without Internet access.  Those who have ever done military service are more likely to have completed high school and less likely to be in the bottom income categories than those who have never done military service.  While the cell phone variable was strongly impacted by coverage bias, the magnitude of the bias for the other two technology variables was similar to that of the demographic variables.

4.2  Four-Way Rake

In this weight adjustment scheme, the complexity of the raking algorithm is increased by one level to additionally rake based on Internet access location.  The respondents with Internet access are split based on whether they have Internet access at home (50830 respondents) or outside their home only (11495 respondents).  The four-way rake weights those individuals with Internet access outside the home only such that they represent themselves and those in the population who do not have Internet access at all.  Thus, the end result is an added dimension within the raking procedure given by
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Where Wi is the raked weight for unit i, and Nno access and Noutside are the respective sums of the original person weights from the CPS who have no Internet access at all and Internet access outside the home only.  

The point estimates for the four-way rake scheme are presented in Table 2 along with the values from the other schemes.  All of these estimates are closer to the target values than the estimates from the base scheme.  Marital status, cable TV, and satellite TV see over corrections, with the four-way rake and base values falling on opposite sides of the target.  For the eight variables, the four-way rake is on average 2.2 percentage points closer to the target and the size of the bias is reduced an average of 55%.  If we consider the demographic variables separately from the technology variables, demographic variables see an average reduction in bias of 1.54 percentage points and an average percent reduction of 45%.  Technology variables see an average reduction in bias of 3.3 percentage points and an average percent reduction of 71%.  These results give evidence that treating the individuals with Internet access only outside their home only as representative of those with no access via raking reduces coverage bias substantially.

4.3 Propensity Scores with 3-Way Rake and 4-Way Rake

The next set of schemes uses propensity scores to help account for coverage bias due to the non-Internet population.  Logistic regression is used to predict whether a respondent in the Internet population has access outside the home only.  This results in scores giving propensities for being part of the transient Internet population.  A weight adjustment based on the propensity score is applied before raking.  In an effort to make these results applicable to other Internet surveys, the five variables selected for the logistic regression analysis are basic demographic variables available in many surveys.  They are income, age, race, employment status, and highest school completed.  A description of how the variables were coded and the coefficients for the logistic regression are given in Table A.2 of the appendix.  All the explanatory variables were found to be significant predictors of Internet access location and the omnibus chi-square test of the model was significant, however, the Hosmer-Lemshow test rejected the null hypothesis of model fit (X2=44.7, d.f.=4, p-value<0.001) and the Nagelkerke R2 value is very small, 0.059.  This may be explained by the large sample size and relatively small number of covariate combinations in the data set. 

The weight adjustment is calculated as 1/(1-pi) where 
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 unit and is multiplied by the original CPS person-weight prior to raking.  These adjustments ranged from 1.07 to 2.00.  The propensity score adjustment was used in conjunction with both the three- and four-way rakes.  Note that including age and race in the logistic regression impacts the final weights very little because these variables are also used in raking.

Referring again to Table 2 for a comparison of the schemes, we see that propensity scores alone do reduce bias, but only modestly compared to the four-way rake.  The eight variables saw an average reduction in bias of 0.45 percentage points (0.36 for demographic and 0.6 for technology variables) and an average percent reduction in bias of 13.8% (12.6% for demographic and 15.8% for technology variables).  Propensity scores together with the four-way rake yielded an average reduction in bias of 2.21 percentage points (1.64 for demographic and 3.17 for technology variables) and an average percent reduction in bias of 56.8% (51.5% for demographic and 65.8% for technology variables).  These results indicate that propensity scores give fairly small improvements in bias over schemes that use only raking.

5. DISCUSSION

The analyses presented thus far have been restricted to point estimates.  In order to assess the overall utility of a weighting scheme, variance must be considered alongside bias reduction.  As weighting schemes become increasingly unequal, variability increases dramatically.  The CPS safeguards against this increase in variability by collapsing cells if a weighting method leads to a weight adjustment of more than two or less than 0.6 (Kostanich and Dippo, 2002).  The schemes presented in section 4 did not precaution against extreme weights; therefore, an investigation into the balance between precision and bias is necessary.  Mean square error (MSE) is an overall measure of accuracy that provides a way to quantify the bias/variance trade-off; MSE=bias2+Variance.

Since the CPS has a multi-stage survey design, variance estimation is not straightforward.  Bootstrapping is one method widely used with complex survey designs to estimate variance.  The technique involves the selection of many bootstrap samples from which the sampling distribution of estimates can be examined.  In the following comparative analysis, ten bootstrap samples were generated and each of the four weighting schemes was applied to obtain point estimates and variance estimates for the eight response variables.  

The bootstrap samples were selected with the goal of making these samples more similar to an Internet survey than the CPS.  Since the CPS is conducted in person, the set of respondents to the CPS who have Internet access likely differs significantly from the group of respondents to an Internet survey.  For instance, individuals who have Internet access but use it infrequently may not respond to an Internet survey.  Weighting schemes may be greatly affected by this difference.  Specifically, an actual Internet survey that gets a smaller proportion of transients in its sample than the CPS would have higher raking weight adjustments in the schemes employing a four-way rake.  In order to assess the variance of schemes in a more realistic way, unequal probabilities of selection were used when drawing bootstrap samples.  A frequency of Internet use variable, which was recorded in the CPS, was used as the basis for a probability of responding, with those who use the Internet daily being more likely to respond than those who are online less frequently.  Table 3 gives the probability of responding adjustments assigned to the frequency of use groups.

***INSERT TABLE 3***

The motivation behind the choice of these values was the chance that the sampled individual would be able to respond to the request to complete the survey during a one or two week period in the field.  The sensitivity of the results to this choice of response probabilities has not been studied.

The size of each bootstrap sample was limited to approximately 7.5% of the total responses available.  This yielded bootstrap samples of about 4600 entries.  This is a more in keeping with the typical size of Internet surveys seen in research today (Day, Davis, et al, 2005) than if we were to keep the sample size near that of the number of respondents with Internet access in the CPS.

In our application of bootstrapping we did not replicate the sampling design of the CPS which stratifies by state, selects primary sampling units (composed of counties) within states, and then selects clusters of four households as the ultimate sampling units.  The goal of the bootstrap analysis was to study the variance introduced by the weighting schemes as they would affect an Internet survey rather than to give variance estimates for values from the CPS survey.  Therefore, individuals were used as the sampling units for bootstrapping.  Ignoring the cluster structure of the data may result in slight underestimates of variances, but this is not likely to impact the relative performance of the weighting schemes.

Table 4 summarizes these bootstrap samples by providing point estimates, standard errors, mean square errors, and 95% confidence intervals.  

***INSERT TABLE 4***
We first note that the weight adjustments for the four-way raking schemes did indeed lead to higher variances.  With the exception of the cable TV variable, the standard errors were larger in the four-way raking schemes than in the base.  The largest difference was in the own home variable where the four-way propensity scheme had a standard error 1.7 times larger than the base scheme’s standard error.  The three-way propensity scheme did not differ much from the base scheme in regards to standard error due to the fact that the propensity weight adjustments did not exceed 2.

In comparing MSE between the four-way rake and base schemes, two of the eight response variables, citizenship and military service, have a larger MSE under the four-way rake.  However, these increases were small and for the six variables where the four-way rake performed better, the MSEs were substantially smaller.  No great difference is observed between the technology and demographic variables.  Marital status and own home see reductions in MSE as impressive as those for cell phone and cable TV.  

When the three-way propensity scheme is compared to the base scheme in regards to MSE, a reduction in MSE is seen for all eight variables.  These reductions range from 16% for citizenship to 50% for cable TV.  The four-way propensity scheme also has smaller MSE than the base scheme for all eight variables with reductions ranging from 8% for citizenship to 96% for own home.  When compared to the four-way scheme with no propensity adjustment, the four-way propensity scheme has lower MSE for five of the eight variables making it the overall best performer of the proposed schemes.

Ninety-five percent confidence intervals were also constructed for each of the eight variables using the four schemes.   In Table 4, confidence intervals that contain the target value are denoted with an asterisk.  The base scheme did not capture any target values in its confidence intervals, the four-way rake captured four, the three-way propensity scheme captured two, and the four-way propensity scheme captured five target values.  Since the intervals for the four-way schemes are wider due to larger standard errors, it is to be expected that they would be more likely to contain the target value.  If we construct intervals around the adjustment schemes’ estimates that are the same width as the base scheme’s intervals, the results are very similar with the only change being that the four-way rake scheme fails to capture the target for the own home variable.  This is another indication that the weight adjustment schemes do produce estimates closer to the true population values despite their increased variance.

6. CONCLUSION
The CPS’s Computer Use Supplement provided a tool with which to test the hypotheses that individuals with limited access to the Internet can be representative of those with no access to the Internet and that weighting schemes based on location of Internet access can help reduce coverage bias in Internet surveys.  Exploratory data analysis confirmed that adults with Internet access outside the home only fall between the no Internet access and Internet access at home populations with regards to most demographic variables, though they are considerably closer to the Internet access at home group.  
A propensity score weight adjustment was one method proposed for reducing coverage bias.  This type of adjustment can be used in an Internet survey that asks about location of Internet access and collects other demographic variables that are predictive of belonging to the Internet access at home only group.  The weight adjustments, which are applied before raking, tend to be fairly small with their size being affected by the prevalence of the Internet access at home only group in the sample.  Our results were similar to those reported for phone surveys; the propensity adjustment leads to reduced bias without increasing variance, giving smaller MSEs.  However, the gains were modest and achieved at the cost of higher complexity.

The other weight adjustment proposed was the use of raking to weight the Internet outside the home only group to represent themselves and the no Internet access group.  In order to apply this weight adjustment, the proportion of the population that has Internet access at home must be known.  In the CPS data set, raking on location of Internet access led to sizable reductions in bias.  This strategy is a bit riskier as it causes less even weighting and higher variance.  MSEs for these schemes still compared very favorably to the base scheme which used only the poststratification prescribed by the CPS, even when weights were made more unequal in bootstrap samples that lowered the probability of making it into the sample for individuals who use the Internet less frequently.    

The two adjustments presented in this work made use of the location of Internet access variable.  Another variable available in the CPS data and in many Internet surveys is the frequency of Internet use.  Adjustments based on frequency of use, akin to Politz-Simmons methods that weight for the probability of reaching a telephone respondent, may show promise for reducing coverage bias too.  A scale of Internet access would include more individuals in the representation of the non-Internet population than the dichotomous Internet outside the home variable which should lead to smaller weight adjustments than the four-way raking schemes. 

 
Technologies, and people’s use of them, are ever-changing.  The recent trends toward wireless Internet and smaller mobile devices already challenge our breakdown of the Internet population. Having Internet access at home no longer requires an expensive personal computer and hardwired service from an Internet service provider, so the make-up of the Internet at home population will be changing.  While Internet penetration is expected to continue to grow, coverage bias will remain an issue for Internet surveys.  As the survey medium and recruitment methods change, the main finding of our research, that overall accuracy can be improved by using those with limited access to represent those who could not be reached, should remain relevant.
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APPENDIX:

***INSERT TABLE A.1***

***INSERT TABLE A.2***
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Table 1

Internet Penetration for U.S. Adults in 2003 

	
	No Access
	Outside 

Home Only
	Internet at Home

	Race
	
	
	

	
	White
	78.6
	79.1
	85.7

	
	Black
	15.5
	13.8
	7.6

	
	Asian
	3.6
	4.2
	4.7

	
	Mixed/other
	2.3
	2.9
	1.9

	Education
	
	
	

	
	Did not Graduate H.S.
	30.3
	7.5
	4.5

	
	Graduated High School
	42.3
	30.7
	24.1

	
	Some College
	18.8
	32.6
	32.6

	
	Bachelor’s Degree
	6.1
	20.4
	25.5

	
	Graduate Degree
	2.5
	8.7
	13.3

	Household Income
	
	
	

	
	Missing/Refused
	24.4
	21.7
	14.6

	
	< $25,000
	33.5
	18.3
	9.6

	
	$25,000-$50,000
	25.1
	26.5
	21.4

	
	$50,000-$100,000
	14.1
	24.6
	35.5

	
	>$100,000
	2.9
	8.8
	18.9

	Employment Status
	
	
	

	
	Employed
	46.6
	82.3
	74.4

	
	Unemployed
	3.9
	3.7
	3.4

	
	Disabled
	28.7
	3.2
	8.5

	
	Retired
	8.5
	1.7
	1.9

	
	Other
	12.2
	9.0
	11.9


Table 2

Point Estimates for Weighting Schemes

	
	Scheme

	
	Raw
	Base
	Four-way
	Three-way (P)
	Four-way (P)
	Target

	Citizenship
	90.4
	86.5
	86.3
	86.2
	85.8
	83.9

	Metropolitan
	77.6
	84.1
	83.6
	84.0
	83.6
	81.5

	Marital Status
	62.3
	61.3
	57.0
	60.9
	55.5
	57.6

	Military Service
	10.1
	11.6
	11.2
	11.4
	10.3
	10.6

	Own Home
	77.9
	77.1
	73.6
	76.3
	72.2
	72.3

	Cell Phone
	66.4
	65.2
	59.7
	64.5
	59.6
	54.2

	Cable TV
	58.0
	58.2
	54.2
	57.4
	53.8
	54.6

	Satellite TV
	17.8
	16.9
	14.9
	16.6
	14.8
	15.3


Table 3
Bootstrapping Selection Probability Adjustments 

	Frequency of Internet Use
	Adjustment

	Every day
	1.000

	Every week, but not every day
	0.905

	Every month, but not every week
	0.660

	Less than once a month
	0.225


Table 4
Summary Statistics for Bootstrap Samples (n=10)

* indicates 95% C.I. contains the target value
	
	
	Scheme

	
	
	Base
	Four-Way
	Three-Way (P)
	Four-Way (P)

	Citizenship
	Mean
	86.3
	86.4
	86.1
	86.2

	
	SE
	0.6928
	0.6989
	0.6607
	0.6928

	
	95% CI
	(84.9, 87.7)
	(85.0, 87.8)
	(84.8, 87.4)
	(84.8, 87.6)

	
	MSE
	6.24
	6.64
	5.32
	5.73

	Metropolitan
	Mean
	84.3
	83.8
	83.9
	83.5

	
	SE
	0.5598
	0.7471
	0.5607
	0.7835

	
	95% CI
	(83.2, 85.4)
	(82.3, 85.3)
	(82.8, 85.0)
	(82.0, 85.0)

	
	MSE
	8.15
	5.67
	6.03
	4.42

	Marital Status
	Mean
	61.6
	57.1
	60.7
	56.5

	
	SE
	0.7382
	0.7931
	0.7951
	0.9416

	
	95% CI
	(60.2, 63.0)
	(55.5,58.7)*
	(59.1, 62.3)
	(54.7, 58.3)*

	
	MSE
	16.87
	0.85
	10.18
	2.10

	Military Service
	Mean
	11.4
	11.3
	11.2
	11.1

	
	SE
	0.3900
	0.5967
	0.3490
	0.5250

	
	95% CI
	(10.6, 12.2)
	(10.1, 12.5)
	(10.5, 11.9)*
	(9.9, 12.3)*

	
	MSE
	0.81
	0.90
	0.46
	0.50

	Own Home
	Mean
	77.1
	73.8
	75.9
	72.6

	
	SE
	0.5519
	0.9098
	0.6617
	0.9370

	
	95% CI
	(76.0, 78.2)
	(72.0, 75.6)*
	(74.6, 77.2)
	(70.8, 74.4)*

	
	MSE
	23.62
	3.11
	13.18
	0.99

	Cell Phone
	Mean
	65.7
	59.7
	64.1
	58.0

	
	SE
	1.280
	1.750
	1.397
	1.827

	
	95% CI
	(63.2, 68.2)
	(56.3, 63.1)
	(61.4, 66.8)
	(54.4, 61.6)

	
	MSE
	134.35
	33.53
	98.97
	18.01

	Cable TV
	Mean
	58.5
	54.0
	57.2
	52.7

	
	SE
	1.146
	1.096
	1.207
	1.133

	
	95% CI
	(56.3, 60.7)
	(51.9, 52.1)*
	(54.8, 59.6)
	(50.5, 54.9)*

	
	MSE
	16.37
	1.56
	8.10
	5.09

	Satellite TV
	Mean
	16.6
	14.8
	16.2
	14.3

	
	SE
	0.5519
	0.7750
	0.5473
	0.7062

	
	95% CI
	(15.5, 17.7)
	(13.3, 16.3)*
	(15.1, 17.3)*
	(12.9, 15.7)*

	
	MSE
	2.07
	0.90
	1.07
	1.48


Table A.1
Coding for Response Variables

	Variable
	Code
	Representation

	Citizenship
	0
	Other

	
	1
	Native (Born in the U.S.)

	Metropolitan
	0
	Nonmetropolitan

	
	1
	Metropolitan

	Marital Status
	0
	Widowed, divorced, separated, or never married

	
	1
	Married

	Military Service
	0
	Has never done military service

	
	1
	Has ever done military service

	Own Home
	0
	Rent/other

	
	1
	Owned or mortgaged by household member

	Cell Phone
	0
	No access to cell phone

	
	1
	Access to cell phone

	Cable TV
	0
	Does not have cable TV

	
	1
	Has cable TV

	Satellite TV
	0
	Does not have satellite TV

	
	1
	Has satellite TV


Table A.2
Logistic Regression Coefficients

Response is Internet outside home only

	Variable
	
	Coefficient

	Constant

Household income < $30K
	
	-0.650

 0.834

	Did not finish high school
	
	 0.466

	Not employed
	
	 0.651

	Over 65 years old
	
	 0.231

	Non-white
	
	 0.430
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