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Abstract 

We present a comparison of results of similar analyses of a particular social 
program using two sources of data: one representative of the general population, and 
one representative of the population that actually is eligible for the social program. To 
do this, we focus on a particular public assistance program as implemented in Florida 
as our public policy program of choice. We compare the results of an analysis of the 
program’s participation rates using US Census data for the general population of 
Florida to the results of the exact same model using a dataset that includes only the 
population of Florida that is actually eligible for the program. We find that while 
generally signs of effects remain the same, they do not always remain the same. 
Moreover, significance differs, and the marginal effects of various demographic and 
socio-economic factors on program participation rates vary greatly. We submit that 
such differences are important for policymakers to recognize so that they can 
effectively target programs to those individuals and geographic areas most in need of 
such programs.  
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I. Introduction 

 The use of accurate data is paramount in properly analyzing many of the 

complex economic questions being asked today. Generally data are vigilantly collected, 

and most researchers take great care in ensuring the data collected are accurate, 

relevant to the question(s) posed, and correctly used in estimations. In some cases, the 

data a researcher most wants are proprietary or unavailable for some other reason. Such 

is the case in many analyses of public assistance programs in place today; due to 

confidentiality requirements for program recipients, information on the characteristics 

of participants is limited. In such cases, researchers often employ datasets that contain 

the target population as well as other persons. When this is done, researchers may 

attempt to account for any data shortfalls through various statistical methods and 

alternative estimations. For example, a paper by Currie and Yelowitz (2000) uses data 

from the Survey of Income and Program Participation (SIPP) and the Current 

Population Survey (CPS), and US Census data to study the effects of public housing on 

children.  The paper provides a cursory analysis of take-up rates but finds the databases 

used undercount the number of recipients and equally importantly, seem to over-

represent White recipients and undercount Hispanic recipients. Similarly, in a study 

examining the effects of welfare programs on the labor supply, Gensler and Walls 

(1995) limit the dataset used in an attempt to focus solely on welfare recipients; 

however, they acknowledge that even within their limited parameters, forty-four 

percent of the population within their sample received no welfare payments. This 

implies a substantial subset of their dataset examining effects of welfare programs do 

not participate in such programs. Ideally, researchers might have preferred to know 
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exactly who is enrolled in each program and the precise demographic and socio-

economic characteristics of these participants, but such data were unavailable. 

Using as an example a particular public assistance program, the Lifeline 

Assistance Program (Lifeline) as implemented in Florida, we consider erroneous 

conclusions that might be drawn when overly broad datasets are used.  Lifeline is a 

nationwide telephone discount program created by the Federal Communications 

Commission (FCC) in 1984 and implemented on a state-by-state basis to help low-

income households afford telephone service. The Telecommunications Act of 1996 

made it compulsory for states to implement Lifeline programs.  

Recently there has been interest in why so few low-income households who 

qualify for the Lifeline Program actually take advantage of it. As of April 2004, only 

one-third of eligible households in the United States actually subscribed to the 

program, and states varied greatly in their participation rates: California had a 131.9 

percent participation rate, whereas West Virginia had a 3.3 percent participation in 

2002 (FCC, 2004).1 While the FCC includes Lifeline statistics in many of its annual 

telecommunications reports that provide excellent information on the status of the 

Lifeline program, the reports provide only limited analysis of factors that drive the rate 

of participation. As with other public assistance programs, the participation rate is of 

critical interest to policymakers.  

Our goal in this paper is not an analysis of the Lifeline program per se, but 

rather a comparison of results of similar analyses using different sources of data.2 We 

                                                 
1 Due to the manner in which the state of California enrolls Lifeline subscribers, more than 100% of 
eligible households enrolled in the program, i.e., some enrolled despite not meeting eligibility criteria. 
2 Our formal analysis of the Lifeline Assistance Program in Florida is currently under review; our 
analysis of the Lifeline Assistance Program nationwide is forthcoming in Public Finance Review.  
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simply use the Lifeline program as our public policy program of choice to compare the 

results of an analysis of Florida’s Lifeline participation rates using Census data for the 

general population of Florida to the results of the exact same model using a dataset that 

includes only the population of Florida that is actually eligible for the Lifeline 

program. We find that while generally signs of explanatory variables remain the same 

across models using different datasets, they do not always remain the same; moreover, 

the significance of effects differs across datasets, and the marginal effects of various 

demographic and socio-economic factors on program participation rates vary greatly. 

We submit that such differences are important for policymakers to recognize so that 

they can effectively target programs to those individuals and geographic areas most in 

need of those programs.  

The paper proceeds as follows. Section II describes the Lifeline program and 

literature in which more general datasets have been used to answer public program 

participation questions. Section III provides a theoretical model to explain why key 

estimates differ when various independent variables differ, and details the empirical 

models from which our results are drawn. Section IV provides an explanation of our 

datasets that are used for the comparison, and Sections V and VI provide the results 

and conclusion, respectively. 
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II. Background and Literature Review 

Background on Lifeline 

In Florida, Lifeline provides low-income households with a discount of up to 

$13.50 on the price of basic local telephone service.3 Under the FCC guidelines that 

pertain to all US states, there are four tiers of monthly federal Lifeline support. The 

first tier of federal support is a credit ($6.50 at the time of this study) available to all 

eligible households for the federal subscriber line charge. The second tier of federal 

support is a $1.75 credit. The third tier of federal support is one-half the amount of 

additional state support up to a maximum of $1.75 in federal support. Because 

Florida’s telecommunications carriers that qualify to participate in Lifeline provide an 

additional $3.50 credit to Lifeline customers’ bills, Florida Lifeline subscribers during 

the period of our study (2003-2005) received a total monthly credit of $13.50. At no 

time is the consumer’s bill for local service less than zero. The fourth tier of federal 

support is available only to eligible consumers living on Native American tribal lands, 

but no tribal lands in Florida qualified for this support at the time of our study. 

The eligibility criteria for Florida’s Lifeline program evolved moderately 

during the time of our study. General guidelines, however, held that a household 

qualified for Lifeline if it was at or below 125 percent of the federal poverty guidelines 

(this increased to 135 percent in 2005) or participated in one or more of the following 

programs: National School Lunch Program, Temporary Assistance to Needy Families 
                                                 
3 During the time period for this study (2003-2005), some bills of Florida’s Lifeline customers show 
Lifeline credits to be in excess of $13.50.  As part of the telecommunications price rebalancing in 
Florida, BellSouth (recently merged with AT&T), Sprint (now called Embarq), and Verizon were 
restricted by statute from increasing local telephone prices for Lifeline customers. BellSouth 
implemented this restriction by providing a credit on the bills for its Lifeline customers equal to the 
increase in local telephone prices that occurred with BellSouth’s price rebalancing. Instead of providing 
a new credit on their customers’ bills, Sprint and Verizon increased the Lifeline credit on the bills of 
their Lifeline customers, so the Lifeline credits to their customers’ bills appear to exceed $13.50. 
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(TANF), Medicaid, Food Stamps, Supplemental Security Income (SSI), Federal Public 

Housing Assistance (Section 8), Low Income Home Energy Assistance Program, and 

Bureau of Indian Affairs Programs. To participate in Lifeline, a household must sign 

up and verify that it is eligible to participate. The processes for signing up and for 

verifying eligibility have varied over time but have not changed so dramatically that 

they might cause significant changes in participation rates in Florida.4 

Literature Review 

There is a wealth of research considering the Lifeline program and associated 

Universal Service Fund programs.5 Using general population data, Burton and Mayo 

(2005) concluded that restrictions on Lifeline subscribers, such as the inability to 

subscribe to second lines or to services such as call waiting, reduced the probability of 

an eligible household signing up for Lifeline. They found similar impacts from higher 

costs of enrollment in Lifeline and lower local telephone prices. Also using general 

population datasets, Hauge, Jamison, and Jewell (2007) found that higher local 

telephone prices, greater Lifeline discounts, higher education levels for the head of 

household, and higher concentrations of households on public assistance were 

positively correlated with Lifeline participation. 

Furthermore, Garbacz and Thompson (1997, 2002, and 2003) focus on Lifeline 

and Link-Up and on estimating demand for telecommunications services.6 These 

                                                 
4 Holt and Jamison (2006) provide a history of Florida’s eligibility criteria. 
5 The Universal Service Fund (USF) is an FCC program amended by the Telecommunications Act of 
1996 to provide various levels of support to programs designed to ensure all US citizens have affordable 
access to basic telecommunications service. The USF covers four programs: high-cost support for 
incumbents operating in financially uneconomic areas; Lifeline and Link-Up to reduce low-income 
consumers’ basic telephone expenses; schools and libraries to reimburse telecommunications providers 
for discounts on services provided to schools and libraries; and rural health to provide discounts to rural 
health care providers for telecommunications and Internet services.   
6 Link-Up provides a one-time subsidy to low-income households to help initiate telephone service.  
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papers show that Lifeline and Link-Up have a negligible effect on telephone 

penetration rates and that the price elasticity of demand for telecommunications service 

is very low.  They do not attempt to explain how governments and telecommunications 

carriers might more effectively target beneficiaries. Of additional interest for our 

purposes among these papers is the data employed. In each case, the authors 

incorporate the characteristics of the general population rather than characteristics of 

those individuals the policy is designed to assist.  

 Studies of telecommunications policies are not alone in their use of “best 

available” data. A number of papers study take-up rates for programs other than 

universal service. For example, Blundell, Fry, and Walker (1988) analyze take-up rates 

for a program in the United Kingdom that is analogous to the public housing program 

in the United States. The authors comment on data integrity issues inherent in UK 

government surveys that are similar to data integrity issues in some US government 

surveys; however, they do not consider the population of the dataset to be a potential 

source of error.  Similarly Currie and Yelowitz (2000), and Bitler et al (2003) address 

problems with the datasets they use. However in each case, the authors focus on 

deficiencies in the datasets; they do not address the issue of including a population that 

is not directly relevant for the study. Our research concentrates on just this issue. We 

submit that even if the Census data perfectly represented a geographic population, it 

would not be appropriate to use complete socio-economic and demographic data to 

study a public assistance program that applies only to a subset of the population (in this 

case, the low-income population). Therefore, we examine how closely the results of 

our policy analysis using Census data match results of the same policy analysis using 
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alternative data, more specifically, data on the eligible population rather than the total 

population. The next section will discuss the models employed to study the Lifeline 

program, followed by the theoretical implications of using general data.  

III. Theoretical Models  

Lifeline Participation Models 

To analyze Lifeline participation rates in our initial research, we used a 

theoretical model of household utility maximization and an empirical model that 

includes measures of demographic factors for eligible households at the county level 

and company-specific measures to ascertain the determinants of the Lifeline 

participation rate.7 The model is described briefly as follows. Assume that household i 

located in county j maximizes per period utility, given in equation (1), subject to the 

budget constraint given in equation (2). 

(1) Uij = U[Tij, Zij] 

(2) Iij = (Pj×Tij)+ Zij 

Utility is a function of telephone services (T) and consumption of a composite good 

(Z). Income (I) and the price of telephone services (P) are exogenous, and the price of 

the composite good is normalized to one. Further assume that this household is eligible 

for the Lifeline program, which allows the household to purchase a fixed amount of 

telephone services (L) at a discounted price. The price of telephone service when 

receiving the Lifeline benefit is the difference between (P) and the amount of the 

discount (S). In addition, it is possible there is some degree of stigma attached to 

                                                 
7 This model is from the paper “Participation in Social Programs by Consumers and Companies: A 
Nationwide Analysis of Participation Rates for Telephone Lifeline Programs” by Hauge, Jamison, and 
Jewell, forthcoming in Public Finance Review, 2007. 
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Lifeline participation that may be a function of income and other individual 

characteristics. Assume the Lifeline stigma cost (C) must be subtracted from a 

household’s utility if the Lifeline subsidy is accepted, and assume that stigma cost can 

vary across households.8 For simplicity, assume that program knowledge (K) is a 

binary variable equal to one if a household knows about the Lifeline program and equal 

to zero if the household is uninformed.9 Under the above assumptions, utility 

maximization implies the following decision rule for Lifeline participation: 

(3) participate if Kij×{U[Lij, Iij – (Pj – S)×Lij] – Cij} ≥ U[Tij, Iij – Pj×Tij] and 

do not participate otherwise. 

Thus, a household will choose to participate in Lifeline if and only if the utility 

associated with participating is greater than or equal to the utility associated with not 

participating and if and only if the household is aware of the program. Label the utility 

difference in equation (3) yij, and assume it takes on a linear functional form, so that the 

decision rule becomes the following: 

(4) participate  if yij = γxij + eij and 

do not participate otherwise. 

With household-level data, the vector of household-level parameters γ is 

normally estimated using either probit or logit, depending on the assumed distribution 

                                                 
8 We expect stigma costs to be low given studies that have shown stigma decreases with program 
participation and the primary manner of proving eligibility for Lifeline is through proving participation 
in another welfare program. Furthermore, a household can enroll from the privacy of their home, 
avoiding any stigma associated with visiting a welfare office. In addition to stigma, the Lifeline program 
carries some effort cost of enrolling. In Florida, most enrollment is accomplished through checking a 
box on a form received upon receipt of any other qualifying welfare service. Additionally, applicants can 
request Lifeline online through the Department of Children and Families.  
9 Surveys conducted by the Public Utility Research Center at the University of Florida reveal a lack of 
information about the program to be a main reason for non-participation. Surveys are available at 
http://www.purc.ufl.edu. The surveys include interviews of Floridians in person and over the telephone, 
as well as written surveys of households that qualify but do not participate and those that qualify and had 
disconnected their telephone service.  
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of e. However, we do not observe household Lifeline choices in our data. Instead, we 

observe the number of Lifeline households that participate out of the number eligible 

within each Florida county.10 Although we do not observe household decisions, we can 

use the utility maximization model discussed above to motivate our county-level 

empirical analysis. If the data are generated in the manner given in equation (4), then 

the determinants of Lifeline participation at the county level will be the determinants at 

the household level (i.e., components of the matrix xij) aggregated up to the county 

level. Note that although the determinants at the county level are assumed to be the 

same as the determinants at the household-level, the coefficients from our county-level 

analysis cannot be interpreted as household-level effects due to aggregation issues. 

Specifically, we cannot recover the vector γ of household-level parameters. 

We observe the number of positive outcomes (Lifeline subscribers) based on a 

total number of potential positive outcomes (eligible households); thus, our outcome 

variable is grouped in percentage terms: the number of households participating in 

Lifeline divided by the total number of eligible households. Models with grouped data 

are normally estimated with weighted least squares, as weights are needed to account 

for the heteroskedasticity associated with observations being clustered by county. We 

employ a minimum logit chi-square specification in which the dependent variable is 

the logit of the Lifeline participation rate, i.e., the natural log of the Lifeline 

participation rate divided by one minus the Lifeline participation rate (Maddala, 1983, 

p. 30; Papke and Wooldridge, 1996, p. 620; Greene, 2003, p. 687).11 

                                                 
10 The number of Lifeline participants is provided by each company at the city level. We aggregate to the 
county level to correspond to the level of the eligible household data. 
11 The weights are 1/[nipi(1-pi)], where ni is the total eligible households of county i, and pi is the logit 
probability of the Lifeline participation rate in county i. As discussed by Greene (2003), pi must be 
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We construct our model using a complete panel of observations on all 67 

Florida counties for the years 2003 through 2005.12 The panel nature of the data allows 

us to use a random effects estimator.13 In the random effects model, county-specific 

effects measuring unobservable county characteristics are modeled and estimated as 

being randomly distributed across counties. Our random effects specification is given 

in equation (5), where j indicates county, t indicates year, and ρ is the Lifeline 

participation rate.  

(5) ln(ρjt/(1- ρjt)) = α + Xjtβ + (uj + εjt)   

The time-invariant, county-specific effect (uj) is modeled and estimated as part of a 

well-behaved, normally distributed error term (uj + εjt). The matrix Xjt contains 

household and county measures for county j in year t, and the vector β and the constant 

term α represent parameters to be estimated. The equation is estimated using weighted 

feasible generalized least squares (FGLS), allowing the variance of u to vary by 

counties to control for heterogeneity across panels (Greene, 2003). 

                                                                                                                                              
estimated since it is a function of unknown parameters. Following the prescribed procedure, we estimate 
pi using ordinary least squares (OLS) in a first stage because all that is needed is a consistent estimate of 
pi. The weights are then computed and used in a second-stage feasible generalized least squares 
estimation. Several specifications of the dependent variable are available. We choose the minimum logit 
chi-square estimator due to its similarity to the well-known logit dichotomous choice model. To test 
robustness, we estimated the model using another commonly employed specification in which the 
dependent variable is simply the log of the participation rate, finding no major differences between the 
two specifications. There are 13 year/county observations with zero subscribers. Rather than delete these 
observations, the number of subscribers is arbitrarily assigned to one in order to compute the dependent 
variable. Although clearly ad hoc, this solution is the most viable in our situation. We also include a 
dummy variable in our estimation to account for the 13 observations; the dummy variable (not reported 
for brevity) is significantly negative. 
12 Some county-level Lifeline participation data are available back to 2000; however, prior to 2003 data 
is incomplete. We choose to analyze the most-recent three years since they represent complete panels. 
Summary statistics for 2000-2005 are available from the authors.  
13 A Hausman test indicates that the assumption of the random effects model concerning the 
orthogonality of the random effects and the regressors is appropriate. The chi-square statistic (15 d.f.) is 
20.88, which is insignificant at any conventional level. Thus, we cannot reject the null of no correlation 
between the random effects and the regressors. Complete results of this test are available from the 
authors. We choose the random effects model because it allows the inclusion of time-invariant regressors 
and is more efficient than a fixed-effects model. 
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In pursuing this research, we might have used data representative of the general 

population of each county. Alternatively, we could use data representative of Lifeline 

eligible households.  It is this choice that we analyze in this paper. We develop the 

theoretical model of why this choice is important next. 

Bias in Using Population Characteristics 

 We introduce a framework to understand the biases introduced when a 

participation model is estimated using population data (in our case Census data) rather 

than data on the subgroup of the population eligible for the program (in our case 

Lifeline).14 Suppose the true model is given by:  

 (6) tc
e =β0 + β1 xc

e + εc .  

where c indexes the county and te represents the take-up by eligible subscribers, x e  

some characteristic (for example race, ethnicity, or years of education) among eligible 

subscribers, and ε is a random error term. Dropping the county subscripts for 

convenience, note that: 

(7)  x = px e + 1@ p
b c

x n     

where x is a characteristic among the whole county, p is the proportion of eligible 

subscribers in the county, and xn  is a characteristic among non-eligible people in that 

county. Assuming that p is constant (i.e., the fraction of eligible subscribers across all 

counties is the same), we can substitute (7) into (6) to get:  

(8) t e =β0 + β1
1
p
ffffff g

x @ 1@ p
p
fffffffffffffffff g

x n

H

J

I

K+ ε    

     =  α 0 + α1 x + v   

                                                 
14 Notes on this framework are attributed to Damon Clark, Assistant Professor of Economics at the 
University of Florida.  
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where α0 is equal to β0, α1 is equal to  
β1

p
ffffff , and   v =@β1

1@ p
p
fffffffffffffffff g

x n + ε . It can be 

shown that significant biases may be induced when estimating equation (8)15. 

These biases may affect estimation results to differing degrees depending on the 

parameters involved; however, some generalizations can be made. First, as the 

proportion of eligible subscribers approaches one, using the population characteristic 

will give a consistent estimate of the true effect; this is intuitively logical. Second, for 

the proportion of eligible subscribers less than one, since the variance of xe (some 

characteristic of the eligible population) is less than the variance of x, the bias will 

generally underestimate the effect. Furthermore, in cases in which the proportion of 

eligible subscribers is small, since the covariance of xe and xn is likely to be positive 

(for example common factors drive education rates among the eligible and non-eligible 

populations within a county), using the population characteristics may not only 

underestimate the effect, but may give the wrong sign. We assert that such is the case 

in our analysis of the Lifeline program as it applies to Florida.  

IV. Data 

We include in our estimates explanatory variables in three categories: measures 

of the telecommunications environment, characteristics of the eligible population, and 

county-level socioeconomic characteristics. We do not here reiterate reasons for 

choosing the independent variables in our model; those details can be found in our 

2007 paper.16   Note that prior welfare participation studies guide our empirical models 

                                                 
15 The formal proof is in the Appendix. 
16 Hauge, J. A., Jamison, M. A. and Jewell, R. T. (2007) Discounting telephone service: an examination 
of participation in the Lifeline assistance program using panel data, Working Paper No. 06-06, 
University of Florida, Public Utility Research Center, under review.  
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and serve as useful references for predicting our results. Here we take our initial model 

as given and focus solely on the results of the different datasets.  

In comparing the estimates from the Census data to those from the data on 

eligible households, note that two of the categories (measures of the 

telecommunications environment, and county-level socio-economic characteristics not 

attributed to characteristics of subscribers) are the same in both estimates. Half of our 

explanatory variables – Percent BellSouth through Percent Welfare as listed in Table 

One – are constant across specifications because they either were not specific to the 

eligible population or we lacked measurements specific to the eligible population; the 

other half differ solely in whether they are specific to the eligible population or relate 

to the general population. Table One provides brief descriptions of the data used in the 

analyses. The variables representing the percentages of the population owning their 

own homes, having a high school degree or less than a high school degree, of white 

race, of female gender, and of various ages differ as they are from different sources 

(the US Census and our eligible households datasets). Variables from the two different 

sources are distinguished in Table One by an asterisk included in the variable 

description.  

The primary difference then in the data is due to the inclusion of specific 

demographic information with respect to households eligible to receive Lifeline. It is 

clear from Table One that the use of characteristics of eligible households adds a 

unique dimension to the original Lifeline study, allowing the results to contribute to the 

literature by focusing on characteristics of households the program is specifically 

designed to help.  In other words, a key factor in our initial Lifeline research was the 
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inclusion of the number of households and the characteristics of those households 

qualifying for Lifeline; those measures reflect the distribution of characteristics within 

the eligible population, not necessarily within the county as a whole.  

Because the difference in data is critical to our current hypothesis, we briefly 

outline the data sources used. The Census data are taken directly from the statistical 

files available at www.census.gov, Summary File 3. Summary statistics of the Census 

data appear in columns three and four in Table One. The data for eligible households 

was attained in a more complex manner. Specifically, we employ data from 

Williamson’s (2006) study of Lifeline-eligible households in Florida. The study 

describes how the demographic data on eligible households was determined through a 

combination of statistical techniques and public program data.17  

 Compiling accurate data of eligible participants was essential to the Lifeline 

study and was a complex task. One method by which prospective participants could 

prove eligibility for the Lifeline program was through verification of low income. 

Florida’s income eligibility criterion changed during the years of the study (2000 – 

2005) from a requirement that household income be at or below 125 percent of the 

federal poverty guideline (FPG) to at or below 135 percent of the FPG in 2005.  Florida 

also allowed (and still allows) prospective participants to prove eligibility through 

receipt of certain other welfare programs regardless of the income criterion. Those 

programs include Bureau of Indian Affairs Programs, Federal Public Housing 

Assistance (Section 8), Food Stamps, Low Income Home Energy Assistance Program, 

                                                 
17 Holt, L. and Jamison, M. A. (2006) Making telephone service affordable for low-income households: 
an analysis of Lifeline and Link-up telephone programs in Florida, Working Paper No. 06-05, University 
of Florida, Public Utility Research Center. The full paper is available at http://www.purc.ufl.edu.  
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Medicaid, National School Lunch Program, Supplemental Security Income (SSI), and 

Temporary Assistance to Needy Families (TANF). 

There were a number of difficulties to overcome in determining the number of 

eligible households and in defining characteristics of such households. One such 

difficulty was the possibility of double-counting a particular household. For example, a 

household receiving TANF initially would be counted as eligible for Lifeline; that 

same household also receiving SSI would be counted as eligible under that program’s 

numbers, therefore being counted twice for Lifeline eligibility. Another difficulty was 

that eligibility criteria differed among the other welfare programs so that it was 

necessary to account for differences in qualifications across programs in addition to 

accounting for households who may have been receiving benefits from multiple 

programs. Careful analysis was undertaken to ensure eligibility estimates based on the 

various social programs resulted in the number of unduplicated households meeting the 

criteria to receive Lifeline assistance.18 Summary statistics of the eligible population 

data appear in columns five and six in Table One.  

It is immediately evident that the characteristics of the county populations differ 

from the characteristics of the eligible population. To ascertain whether the apparent 

differences in the data are statistically significant, we ran a series of two sample mean 

comparison tests assuming unequal variances between Census and eligible data. We 

found that in all cases the means are statistically different from each other at any 
                                                 
18 Williamson worked with various agencies as well as undertaking her own statistical calculations. For 
example, the Department of Children and Families supplied participation data for the TANF, Medicaid, 
and Food Stamp programs for the years 2003 through 2005. These data were given by individual 
recipients; therefore, a case study number (typically applied by household) and further calculations were 
used to estimate eligible households. Additionally, data for recipients of Section 8 Housing assistance 
from 2001 through 2005 were compiled using primary data provided by Housing and Urban 
Development (HUD). Details of the methodology for estimating the total number of households and 
various characteristics of heads of household are provided in Williamson (2006). 
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conventional level.19 Our subsequent analysis considers the degree to which these 

differences affect the results of our participation rate model. 

V. Results 

 The results of the weighted FGLS estimations are presented in Table Two. Due 

to the non-linear construction of the dependent variable, the coefficients cannot be 

interpreted as marginal effects. We include marginal effects calculated as elasticities 

for ease of comparison.20 Interestingly, only one of the eight independent variables 

from the different datasets maintained its sign and significance across both models 

(Percent Female). Three for which there was no effect in the original (eligible) model 

gained significant signs using Census data (Percent White, Percent Age 25-54, and 

Percent Age 55-74). One variable became insignificant (Percent High School) when 

using the Census data. More disturbingly though are the three variables that changed 

signs and were significant in both models: Percent Own Home, Percent No High 

School, and Percent Age 75+. These results are disturbing due to the implications for 

policy. For example, consider conducting a study of the Lifeline program in Florida 

without the benefit of the dataset developed by Williamson (2006). Results from an 

estimation using Census data might lead us to suggest to those responsible for 

improving enrollment or notification procedures that there is no specific age group that 

they should focus on reaching.  Our analysis of the eligible data, however, suggests 

differently: those over age 75 are less likely to participate than others. For practical 

purposes, this difference might be significant. For example, one of the changes Florida 

                                                 
19 Results are available from the authors upon request.  
20 The marginal effects are simulated by changing the relevant independent variable, recomputing the 
predicted rate for each individual, and comparing this new prediction to the rate predicted from the 
original sample. 
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has made in an effort to increase Lifeline participation is to provide the ability to enroll 

via the Internet through the Florida Department of Children and Families (DCF) 

website. While this ability is likely to increase total enrollment, it is less likely to do so 

for the population age 75 and over who typically are less computer savvy and might 

have less occasion to visit a DCF office. If being elderly is negatively correlated with 

participation, policymakers and telephone companies might re-direct marketing efforts 

to increase the presence of Lifeline Program information in senior centers throughout 

the state. Consider another example using the results for cellular telephones. 

Policymakers’ concern over low Lifeline participation may require greater policy 

changes than altering enrollment criteria. Currently cellular telephones are not eligible 

for Lifeline, and we find the number of cellular telephones to be negatively correlated 

with participation. As the percentage of cellular usage rises, policymakers might 

consider expanding the Lifeline program to include discounts on cellular telephone 

bills as well.21 Finally, the degree to which policy changes might affect different 

groups is significant. In terms of absolute values, our analysis of the eligible data 

consistently provides larger estimates of marginal effects than does our analysis of the 

Census data, so the lessons for policymakers are more meaningful. 

 Results involving those characteristics comparable in both estimates are 

somewhat less troubling than the home ownership, age, and education variables. Three 

coefficients maintain the same sign and significance across estimates (Percent 

BellSouth, Percent Verizon, and Percent Welfare), while three lose their significance 

(Local Phone Rate, Cell Phones, and Percent Rural) with the Census model. Only 

                                                 
21 Garbacz and Thompson (2005) suggest that in developing countries, universal service might be 
promoted more effectively with subsidies for cellular telephones.  
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Percent Sprint displays a new (negative and significant) effect when considered in the 

Census model. While these differences are not as dramatic, which might be expected 

given that the data across models is the same, conclusions that we draw from these 

estimates may still be incorrect. For example, we might assert that the local telephone 

rate has very little effect on participation in Lifeline, perhaps due to highly inelastic 

demand for phone service and already high penetration rates. Certainly that idea has 

been promoted in a number of other papers (for example the 2002 and 2003 studies by 

Garbacz and Thompson). Our analysis of eligible households, however, does indicate 

that the local telephone rate is important in eligible households’ participation decisions. 

While current research typically cites highly inelastic demand for telecom services, no 

formal research has examined whether these elasticities differ at different income 

levels. In other words, while middle-income households may have inelastic demand for 

telecommunications services, it is possible low-income households have a significantly 

higher demand elasticity. Such information might cause policymakers to reevaluate the 

methods by which they intend to assist those most in need.22  

 Rather than simply asserting that the results of one model must be “better” due 

to perhaps more accurate data, we examine our results in light of evidence from prior 

research on participation in welfare programs.  If our subsequent examination finds that 

our results using the eligible population data are more aligned with prior research than 

                                                 
22 The manner by which the local telephone rate might impact household participation decisions remains 
an unresolved question. We suggest that if a poorer household is more likely to sign up for any welfare 
program, and an increase in the local telephone rate makes the household poorer, the reported 
relationship would hold. This would require an income effect off-setting the substitution effect. It is 
beyond the scope of this paper to examine these effects and the associated demand elasticities of 
households of different income levels; however, we believe it an important question for further research.  
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our results using the Census data, we would then have greater confidence in the 

accuracy of the results obtained using the eligible data.   

In light of our goal to examine data differences, we now compare the results 

from our models with existing literature by considering the variables presented in 

Tables One and Two in the order in which they appear. With respect to the effects of 

the incumbent telecommunications providers (BellSouth, Sprint, and Verizon), we see 

a difference only in Percent Sprint, which initially is insignificant and becomes 

negative and significant with Census data. It is beyond the scope of this paper to 

examine different incumbents’ policies; however, we believe that part of the effect 

shown is due to marketing efforts by the incumbents. We expect that greater marketing 

will increase participation in the Lifeline program in Florida. While it has been asserted 

that non-participation may simply be a choice (Andrade et al., 2002), we expect that 

due to program characteristics not fully described here, eligible Lifeline beneficiaries 

tend to participate if they know about the program. This view is supported by evidence 

from the previously referenced surveys conducted by the Public Utility Research 

Center at the University of Florida, analyzing various aspects of participation in 

Lifeline. The belief that enrollment efforts of incumbents are relevant is supported by 

results in both models.  

Studies of welfare participation overwhelmingly support the assertion that as 

people perceive the value of an entitlement to rise, the probability of participation in 

the entitlement program increases. (Andrade et al., 2002; Pan et. al., 2006). We submit 

that households that are relatively poorer (by virtue of facing higher local telephone 

rates) are more likely to participate in the program. This result as reflected in the Local 
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Phone Rate variable is found when using the eligible data, however not when using 

Census data. Additionally, because the Lifeline subsidy was applicable only to landline 

telephones during the period of our study, we expect a negative relationship between 

cell phones and Lifeline participation. This is borne out in the eligible data model, 

however not in the Census data model. This finding challenges researchers to examine 

substitution of wireless for wireline by population segment. 

With respect to our measure of rural environment, we again find evidence to be 

stronger in the eligible model. If lack of information is a primary reason for lack of 

participation, and it is more costly for telecommunications companies to market the 

Lifeline program in rural areas than in urban areas, we would expect a negative 

correlation between Percent Rural and participation. Alternatively, we may assert that 

rural households, even when aware of Lifeline, do not participate to the same degree as 

those in urban areas. This possibility is supported by other research finding that rural 

areas have a higher level of non-participation in welfare programs than urban areas (for 

example see Pan et al., 2006)  Lower participation in rural areas is reflected in the 

eligible data model but not in the Census data model.  

With respect to participation in welfare programs, past research has found that 

such participation is higher in states with relatively more recipients of any government 

assistance program (McGarry, 1995; Yelowitz, 2000). Because of the manner in which 

Lifeline participants frequently prove eligibility (by proving receipt of another welfare 

program) and because of the wealth of other studies reporting such correlation, 
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participation in Lifeline should be positively correlated with Percent Welfare. We find 

this to be the case in both models.23  

With respect to the variables for which data differs between the models, we first 

address owning one’s home. While prior studies are ambiguous as to the effects of 

home ownership on welfare participation, we submit that owning one’s home should be 

positively correlated with participation. Enrolling in Lifeline occurs generally when a 

householder first connects his or her telephone service. Enrolling, while not overly 

burdensome, adds to the effort expended while connecting, disconnecting, and 

reconnecting telephone service. A homeowner may not wish to exert such additional 

effort for a temporary subsidy. If, however, a homeowner plans to remain in his own 

home for an extended period of time, that effort to connect the telephone service and 

sign up for Lifeline would result in a benefit for months if not years into the future. 

This assertion is supported by the results of our eligible data model, however not by the 

results of the Census data model.  We do find some tangential evidence of this effect in 

Pan et al. (2006), in which the authors find the probability of moving to be positively 

correlated with leaving a particular welfare program in Iowa.  

The next variables measure education. Studies evaluating participation in other 

welfare programs have concluded that participation falls with education (Andrade et 

al., 2002). Again, this result is borne out in the eligible data model, however not in the 

Census data model. There is a greater negative correlation with higher education than 

with less education.  

                                                 
23 Interestingly, a 2004 paper by Kang, Huffman and Jensen analyzing TANF found that an increase in 
non-labor income decreases welfare participation. For our study, this would suggest that participation in 
TANF, Food Stamps or SSI, for example, would decrease participation in Lifeline. Further research into 
this possibility seems warranted.  
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In keeping with prior studies, we expect that race and gender may affect costs 

and preferences (Blundell, Fry, and Walker, 1988; Blank and Ruggles, 1996; Hoynes, 

1996). While different studies find different effects of race, we cannot predict greater 

or less participation. We find in our models that both reflect positive coefficients on 

Percent White; the Census data model finds the result to be significant. We therefore 

can support the Census data model with respect to race. With respect to gender, some 

studies of welfare program participation focus on female heads of households (e.g., 

Moffitt, 1983; Blank, 1985; Fraker and Moffitt, 1988; Gensler and Walls, 1995; Blank 

and Ruggles, 1996). In general, these studies find that factors other than gender more 

frequently determine participation; among such factors is single-parenthood. Since 

over 80 percent of single parents are women, we expect Lifeline participation to be 

positively correlated with the percentage of the population that is female.24 This result 

is found in both models.  

Finally, results of prior studies generally find that participation in welfare 

programs declines with age (Blundell, Fry, and Walker, 1988; Stuber and Kronebusch, 

2004). This result is marginally reflected in our eligible data model; it is completely 

opposed in the Census data model.  

Because of the manner in which we estimate the models, there is no standard 

measure to determine “goodness of fit.” To attempt to determine the strength of the 

models, we estimated a random effects model using a generalized least squares 

estimator. While we believe the feasible generalized least squares method to be the 

most appropriate for our data, the former model provides an R2, which can be used as 

                                                 
24 In 2003, there were 12,402,000 single parents in the United States. 81.78 percent (10,142,000) were 
single mothers. (US Census 2004). 
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an indicator of goodness of fit. In the model using the Census data, the R2 is 0.3316; in 

the model using the eligible population, the R2 is 0.4324. While not a definitive result, 

this does provide us with additional confidence in our assertion that using the data 

specific to the eligible population provides a more accurate result than using data 

reflecting characteristics of the entire population.  

VI. Conclusion 

 In summary, we reiterate the importance of choosing the most applicable data, 

and stress that it is imperative that researchers take great care in more than just 

construction of their empirical models. Using one representative public policy 

program, we have shown how different conclusions can be drawn given different 

sources of data; one source is arguably more applicable than the other in that it 

represents the subset of the population relevant to the study. We suggest that the most 

readily available or most widely used data does not necessarily imply the best data for 

any particular study. Further studies might focus on re-examining other public 

assistance programs with respect to their effects on the low-income population, or the 

specific population a particular policy is designed to assist.  
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Table One 
Low-Income Households 

County-Level Summary Statistics 
N = 201 

 Census Eligible 
Variable Variable Description Mean     Std.Dev. Mean    Std.Dev. 

Lifeline Subscribers Total Number of Lifeline Subscribers 2,186 6,039 2,186 6,039 

Eligible Households Total Number of Eligible Households 15,335 27,565 15,335 27,565 

ln(ρit/1- ρit) Logit of the Lifeline Participation Rate -2.60 1.58 -2.60 1.58 

Percent BellSouth Percent of Telephone Service Provided by 
BellSouth 32.66 41.46 32.66 41.46 

Percent Sprint Percent of Telephone Service Provided by 
Sprint 39.97 42.61 39.97 42.61 

Percent Verizon Percent of Telephone Service Provided by 
Verizon 6.76 20.09 6.76 20.09 

Local Phone Rate Average Monthly Charge for Single 
Residential Line 9.85 1.22 9.85 1.22 

Cell Phones Average Number of Cell Phones per 
Household 1.14 0.62 1.14 0.62 

Percent Rural Percent Rural Households 41.19 33.30 41.16 33.64 

Percent Welfare Percent Households Receiving Government 
Assistance 2.60 1.10 2.60 1.10 

Percent Own Home *Percent of Households Owning Home 76.28 7.34 58.23 11.26 

Percent No High 
School 

*Percent Heads of Households Not 
  Finishing High School 

10.57 27.02 43.16 7.92 

Percent High School 
*Percent Heads of Households with High 
  School Degree Only 

65.03 10.19 31.44 3.33 

Percent White 
*Percent Heads of Households who are 
  White 

80.25 10.20 66.53 15.19 

Percent Female 
*Percent of Heads of Households who are 
  Female 

49.11 3.50 54.39 4.57 

Percent Age 25-54 
*Percent of Heads of Households Age 25  
  to 54 

51.59 8.36 44.57 6.07 

Percent Age 55-74 
*Percent of Heads of Households Age 55  
  to 74 

31.15 5.77 29.17 4.86 

Percent Age 75+ 
*Percent of Heads of Households Age 75 
  and Up 

12.88 4.96 17.32 4.93 

Year Year 2004 0.82 2004 0.82 
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Table Two 
FGLS Results 

Dependent Variable = Logit of Lifeline Participation Rate 
N = 201 

 
 Census Eligible 
 Marginal  Marginal 
 Variable  Coefficient  S.E.  Effect  Coefficient  S.E.  Effect 

Percent BellSouth 0.0015*** (0.0004) 0.001 0.0022*** (0.0007) 0.062 

Percent Sprint -0.0012** (0.0005) -0.001 0.0010 (0.0006) 0.033 

Percent Verizon 0.0034*** (0.0006) 0.001 0.0050*** (0.0008) 0.029 

Local Phone Rate -0.0002 (0.0002) -0.021 0.0358** (0.0150) 0.306 

Cell Phones 0.0003 (0.0006) 0.003 -0.1215*** (0.0370) -0.120 

Percent Rural -0.0013 (0.0013) -0.005 -0.0188*** (0.0021) -0.666 

Percent Welfare 0.8686*** (0.0666) 0.091 0.5488*** (0.0317) 1.219 

Percent Own Home -0.0112* (0.0061) -0.074 0.0513*** (0.0063) 2.613 

Percent No High 
School 

0.0114* (0.0058) 0.024 -0.0102* (0.0054) -0.381 

Percent High School -0.0022 (0.0063) -0.007 -0.0272*** (0.0093) -0.741 

Percent White 0.0152*** (0.0029) 0.001 0.0034 (0.0025) 0.193 

Percent Female 0.1117*** (0.0081) 0.006 0.0303*** (0.0056) 1.438 

Percent Age 25-54 0.0705*** (0.0097) 0.004 -0.0018 (0.0076) -0.068 

Percent Age 55-74 0.0534*** (0.0094) 0.002 0.0083 (0.0091) 0.211 

Percent Age 75+ 0.0285*** (0.0106) 0.001 -0.0437*** (0.0109) -0.654 

Constant -0.1468 (0.0089)  -5.976*** (0.6183)  
 
 *** Significant at 1% 
 ** Significant at 5% 
 * Significant at 10% 
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Appendix25 
 
Accounting for biases when estimating equations in which the true data is a subset of 
the total dataset can be illustrated as follows. 
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25 This proof is attributed to Damon Clark, University of Florida Assistant Professor of Economics.  
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With respect to the above equation, note the following: 
 
1. As p → 1, the numerator approaches var (xe) and the denominator approaches var 
(xe). Therefore  α1

^ OLS
Q β1  . This is what we would expect. As the proportion of 

eligible beneficiaries approaches 1, using the population characteristic will give a 
consistent estimate of the true effect.  
 
2. For p < 1, since  var x e` a

< var x
` a

, γ< 1. Hence in general, this approach will 
underestimate the effect.  
 
3. For p small, since  cov x e ,x n

b c

 is likely positive,  γ < 0 . Hence, when eligibility 
rates are small, using the population characteristics may give the wrong sign. 
 
 
 
This proof involves the simple case in which there is one variable in question and no 
omitted variables, and eligibility is assumed constant across counties. These 
assumptions are made for simplicity, however the results hold given multiple variables 
and varying rates of eligibility.26 When eligibility rates are high, using population 
characteristics gives estimates that are close to consistent. However, as eligibility 
decreases, the population approach is likely to underestimate the effects and may even 
reverse the signs.  

                                                 
26 Formal proof is available upon request.  


