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Abstract

Understanding how online probability panels affect data quality is an area of growing research interest. This work contributes to the literature by using the Federal Reserve Board’s “Consumers’ Use of Mobile Financial Services” survey to explore the connection between online probability panels and unit nonresponse. The Mobile survey was conducted for five years, with each subsequent year after the first containing both a new sample and a resampled group that can be analyzed as a panel dataset. The data also contains information on those individuals who were invited to take the survey but did not start, allowing for a comparison between respondents and non-respondents. A latent class analysis (LCA) is employed here to better understand the profiles of respondents and non-respondents. The results indicate that when viewed as a whole, the respondents and non-respondents follow patterns seen in the literature; but the profiles developed through the LCA give detail and nuance that differs from the literature.


I. Introduction

Unit nonresponse can lead to substantial error in data collection. This is especially the case when nonresponse rates are different for specific sub-groups of the population. The question asked in this research is whether there are characteristics of an individual who has agreed to be part of an online probability panel that makes them more or less willing to respond to a survey request. 

Analyzing and predicting which respondents won’t respond to a survey request to join an online panel or participate in an online survey is a relatively new field. To better understand the non-respondents to online probability panel surveys, this research closely follows Lugtig, Das and Scherpenzeel (2014), building on work that explores nonresponse to traditional mail and in-person surveys with the addition of a new technology that adds a layer of complexity. The results aims to be a “robustness check” on the literature’s current findings. If different profiles emerge through the LCA than are seen in the literature, there may be concern that errors are being introduced to our (unweighted) data by missing those individuals.

This paper will continue by briefly reviewing the literature on nonresponse, then will describe the data that will be used in the analysis as well as the model that will be used. The model will use demographic characteristics of the respondents and non-respondents to create the profiles. In the results that follow, the profile groups of the respondents (defined as any individual who, as a member of the panel, received a request to take an online survey and responded to a single year, any year, or all years of the survey) and non-respondents (defined as any individual who, as a member of the panel, received a request to take an online survey but refused to respond to the request) will be reviewed. 

II. Literature Review: Characteristics of Survey Respondents and Non-Respondents

Unit nonresponse is the total failure of an individual to respond to a survey and occurs due to one of three reasons: the failure of the surveyor to deliver the survey request, the refusal of the respondent to participate, or the inability of the respondent to participate.

Focusing on the refusal of a respondent to participate, most of the literature noted here studies non-response to traditional mail or in-person surveys. That said, the trends from these studies are relevant in making hypothesis and in better understanding the non-response to online probability panel respondents. 

Groves & Couper (1998) find that people in single households are less likely to be contacted for surveys, as are people in highly urbanized areas, due to the difficulty in finding the potential respondents. De Leeuw & Hox (2011) observed that the elderly tend to be less willing to complete online panel surveys, but, once they become panel members, they are less likely to attrite. The elderly tend to be less willing to complete online panel surveys because they are more likely to be negative towards the Internet as a survey mode. From earlier work, Kish (1965) found that the young, and the married young, are difficult to find but have lower refusal rates, and the employed are harder to find than the unemployed. 

Kish (1965) also noted that it is more difficult to find individuals in higher socio-economic classes, regardless of whether the classes are defined in terms of income, education, occupation, or purchasing behavior. The middle of these classes may be the easiest to find.  

But once found for a survey, there are characteristics of these individuals that may make them more or less willing to respond to a second round of the survey. For example, it has been shown that women attrite less often than men (Behr, Bellgardt, & Rendtel, 2005; Lepkowski & Couper, 2002). Other correlates of attrition are marital status (never being married), whether someone has moved or is planning to move (Lillard & Panis, 1998), and the size of the household (Lipps, 2009). The fact that household composition is important may be due to persuasion by other household members to stay involved in the panel survey or also drop out.

III. Data

This work uses the Federal Reserve Board’s “Consumers’ Use of Mobile Financial Services” (Mobile Survey) to further explore the connection between online probability panels and survey nonresponse. This data is collected by fielding a nationally representative survey on GfK’s KnowledgePanel®. It is important to note that the demographics of potential respondents who refuse to be in the panel are not captured in the data. Therefore, before exploring the dataset used, a background on GfK and the KnowledgePanel will be given. 





GfK and the KnowledgePanel

The KnowledgePanel was first developed in 1999 by Knowledge Networks, a GfK company. The KnowledgePanel is a probability-based panel designed to be statistically representative of the U.S. population. The KnowledgePanel consists of about 55,000 adult members (ages 18 and older) and approximately 3,000 teens (ages 13 to 17) whose parents or legal guardians, usually themselves panel members, have provided their consent. 

When the panel was initially developed, panel members were recruited using random-digit dialing (RDD) but address-based sampling (ABS) has been employed since April 2009. ABS[footnoteRef:4] allows for probability-based sampling of addresses from the U.S. Postal Service’s Delivery Sequence File. Individuals residing at randomly sampled addresses are invited to join KnowledgePanel through a series of mailings. Non-responders are phoned when a telephone number can be matched to the sampled address (Design Summary). The mail recruitment package contains instructions on how to join the panel either via mail, telephone, or online (Callegaro, 2014). [4:  Address-based sample (ABS) provides a statistically valid sampling method with a published sample frame of residential addresses that covers approximately 97% of U.S. households. These households include households that have unlisted telephone numbers, do not have landline telephones, are cell phone only, do not have current Internet access, and/or do not have devices to access the Internet.] 


Those who agree to participate, but are not already on the Internet, are provided a web-enabled computer and free Internet service so they can also participate as online panel members (Design Summary). Demographic information is collected for all new panel members using an online “profile” survey. Once this survey is completed, the panel member is considered “active”. Samples are drawn from among active members using a probability proportional to size (PPS) weighted sampling approach. On average, most GfK panelists participate in about two surveys a month (Design Summary). The panel is refreshed annually. 


Mobile Survey

The “Consumers’ Use of Mobile Financial Services” survey was fielded annually between 2011 and 2015[footnoteRef:5]. For this work, data from 2012 through 2015 will be used. This survey was initially fielded to monitor rapid developments in the mobile financial services arena as well as gain insights into consumers’ usage of and attitudes towards mobile financial services.  [5:  All reports and data can be found at: https://www.federalreserve.gov/consumerscommunities/mobile_finance.htm] 


Each iteration of the survey included a subsample of respondents who voluntarily completed both the current and previous waves of the survey. As discussed above, the surveys were administered by GfK, an online consumer research company. The survey was conducted using a sample of adults ages 18 and over from the KnowledgePanel. 

Table 1 in the appendix displays an overview of the data. For each year of the survey there was at least a 59% cooperation rate, which is aligned with GfK’s normal completion rates[footnoteRef:6], with no fewer than 2,500 respondents. Additionally, each year included a re-interviewed sample of at least 1,000 respondents from the previous year.  [6:  The completion rate for KnowledgePanel is 65% with some variation depending on survey length, topic, and other fielding characteristics. In contrast, non-probability, opt-in, online panels typically achieve a survey completion rate in the 2% to 16% range (Design Summary).] 


For this work, it is assumed that non-respondents don’t respond simply because they are refusing to respond. It is assumed that GfK delivered the survey request properly and the respondent had the ability to respond to the survey request. 


Descriptive Statistics

Before describing each of the samples, a few caveats need to be addressed. First, these descriptive statistics are descriptions of individuals who agreed to join the panel. Not much is known about those who did not join the panel. Second, the survey offers small incentives to the respondents. It is assumed that the incentives have a very small, if any, effect because all panel members receive a small incentive through GfK for participating in the survey. Third, the survey is only offered in English. There may be an race/ethnicity bias with the survey only offered in English. Fourth, this is a survey that asks about technology uses on a new technology platform. This may be upwardly biasing our findings in relation to technology use as individuals who choose to respond to this survey may by more comfortable with newer technologies and have demographic characteristics different from the general population. All of these caveats will be explored in more detail in the future.

For this work, potential respondents are defined as any individual that received a request to take the survey. Respondents as a whole are those individuals that responded to the survey at least once, and these respondents are disaggregated into respondents to each individual year, respondents to one, two or three years, and respondents who responded to all requests to take the survey. Non-respondents as a whole are those individuals who refused a request to take the survey. Like the respondents, this groups is disaggregated into non-respondents to each year but not further than that. It is important to note, that an individual who refused the survey in year 1 but then took it in year two will count as both a non-respondent and a respondent. However, this should only cause our LCA profiles to be more similar across the respondent and non-respondent groups. If a distinctly different profile still emerges, this only furthers the concern that errors may be introduced to the data by missing those members of the population. 

Table 2 gives an overview of the respondents and non-respondents to the survey, year by year. While the respondents and non-respondents differ between years, it can be seen that overall the respondents are more educated than the general population, more white, wealthier (and become more wealthy over the years), more like to be married (and become more likely to be married over the years), much more likely to live in a metropolitan area, more likely to be unemployed (but this decreases over the years), and more likely to own a home than the general population. 

The non-respondents are slightly more female, wealthier, slightly more likely to be married, more likely to live in a metropolitan area, much more likely to be unemployed but less likely to not be in the labor force, and be more likely to live in larger households than then general population. This description of non-respondents seems to go against the general findings in the literature, but when comparing the two groups as a whole, they seem to align more closely to the general findings and trends from the literature.

In comparing the respondents to the non-respondents, the respondents are older (by approximately 6 years ranging between mid-40’s to mid-50’s), slightly more male, more educated (with respondents more likely to have a bachelor’s degree or higher), less likely to be black, non-Hispanic or Hispanic than white, more likely to be married, have more individuals not in the labor force (and lower rates of both employment and unemployment), more likely to own a home, and less likely to live with larger than average sized families. Income and likelihood of living in a metropolitan area is approximately the same between the groups. This comparison of the groups appears to follow what would be expected from the literature. 

Tables 3a, 3b, and 3c give an overview of the respondents who have responded to the survey for one or more years. In table 3a, it can be seen that if a respondent takes the survey the second year they are requested to take it, they are very likely to continue responding to requests to take this survey. That said, from table 3b, it appears that for each year there is not huge variation between the respondents that take the survey 1, 2 or 3 times. The number of respondents who responded to two survey years, one of which was the 2014 survey appears to be a bit of an outlier which may be due to the fact that there was an emphasis placed on sampling heavily from respondents to the previous year’s survey. 

It is important to note that not all respondents had the opportunity to take the survey more than once, as only a portion of the sample was re-sampled between years. However, as can be seen in table 3c, the profiles of the individuals who respond to one, two, or three survey(s) do look different. As respondents answer more surveys, in this case three compared to those that responded to just one or two, they become older, more male, more educated, more white, wealthier, have a higher likelihood of being married, become less likely to be in the labor force (but with decreasing levels of employment and unemployment), become more likely to own a home, and decrease the size of the households they live with. Respondents for each of the years have a similar likelihood of living in a metropolitan area. However, all of these rates differ from the general population with respondents who reply to three years being more educated, more white, wealthier, more likely to be married, live in a metropolitan area, to not be in the labor force, to own an home, and live with a smaller than average family. 

The respondents who are members of the panel are the oldest group of respondents. They are also more likely to be male, to be highly educated, white, wealthy, married, to live in a metropolitan area, to not be in the labor force, to own a home, and to live with a family that is smaller than average size. 

From these basic descriptive statistics, it appears that the respondents, particularly those that respond to more than one survey, follow the theories of non-response found in the literature. The major discrepancy is that the respondents have a high likelihood of living in a metropolitan area. While metropolitan does not necessary mean they are living in an urban area, this does go against the literature. 

Now that there is a better understanding of the different respondent groups, a latent class analysis can be applied to determine whether there are different profiles within these groups that may exist. If there are various profiles of respondents and non-respondents within the larger groups, understanding how they differ and how large they are will allow for a better understanding of where potential error could be entering the data.


IV. Model: Latent Class Analysis & Results

Latent class analysis (LCA) identifies unobservable subgroups within a population by categorizing respondents on the similarity of their response patterns. Or in this case, on the similarity of their demographic characteristics. Not all of the respondents within the same class or profile necessarily follow the exact same characteristic pattern. To determine the appropriate number of classes in which to aggregate the respondents, the model first identifies all possible combinations of subgroups then the researcher, using fit statistics, identifies the optimal number of latent classes. In order to achieve perfect alignment between an individual respondent’s characteristics and the class in which they are placed may require one respondent per class, which with so many classes, does not allow for any aggregation or larger generalizations about the profiles. 

For this work, a LCA Stata Plugin from the Methodology Center at Penn State[footnoteRef:7] is used to develop profiles and to test theories about the hidden subpopulations within the respondent and non-respondent groupings; this is different from the other use of these models, to evaluate survey error and misspecification.                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                          [7:  https://methodology.psu.edu/downloads/lcastata] 


To determine the appropriate number of latent classes, the respondents and non-respondents have been grouped based on the indicators: employment, age, education, ethnicity/race, household size, income, marital status, region of the country, ownership status of living quarters, gender, metro area, and household head. 

The fit values used to determine the appropriate number of classes were the AIC, BIC and entropy values. The lowest AIC and BIC is generally preferred because it provides a balance between two factor models: model fit and model parsimony. However, there is not a test to identify whether one result is significantly lower than another result to indicate that one model is superior to another (Biemer, 2011). The entropy values measure the approximate data-model fit to determine how well the specified number of classes are able to classify all of the respondents and non-respondents to this survey. Therefore, determining the appropriate number of classes can be a slight art for the researcher. The fit measures are meant to be a measure of comparative fit and provide a rough guide for model selection. The three measures of fit must be balanced against the size (or numbers of individuals) that are desired in the smallest classes. For this research, it was more or less arbitrarily decided that no classes should contain less than 100 individuals.

Upon reviewing the fit tests for a number of different classes, this analysis will be conducted with 7 classes for the full sample of respondents and non-respondents and 6 classes for the panel respondents. 






V. Latent Class Results

All Potential Respondents

Looking at the results for all potential respondents shown in table 5, classes 1, 2, and 3 are split between respondents and non-respondents; classes 4 and 5 are the non-respondent classes; and classes 6 and 7 are the respondent classes.

The classes that contain both respondents and non-respondents (classes 1, 2, and 3) contain the youngest respondents as well as the poorest, those least likely to be married, and those least likely to own a home. The first class is split between respondents and non-respondents. This class contains the youngest individuals who have relatively high levels of education, earn between $40,000 and $74,999, are highly likely to live in a metropolitan area, and live with the largest families of all the classes. 

The second class leans towards the non-respondent classes, with 74.4% of the classes predicted to be non-responders. This class contains individuals who have lower levels of education and income and are more likely to be a minority. That said, this class is not perfectly aligned with the non-respondent group as a whole or the other non-respondent classes, but does mirror some findings in the literature that individuals in both high and low socio-economic groupings are harder to reach.

The third class leans towards the respondent classes, with 64.9% of the classes predicted to be responders. This class contains some of the most educated individuals. This class is not perfectly aligned with either the descriptions of the respondents as a whole from above or the other respondent classes. 

The non-respondents (classes 4 and 5) contain the oldest individuals as well as both the most and least likely to be employed. Class 4 contains the oldest individuals, who are more likely to earn between $40,000 and $74,999 and be married than other classes. These individuals are also the most likely to not be in the labor force and to own a home. This class of respondents closely matches the full panel respondents (described below). 

The fifth class is the largest of all of the classes. It contains some of the highest educated and the highest income individuals. The individuals in this class are also likely to be married. This class closely matches the descriptions of non-respondents as a whole discussed earlier.

Over all, the descriptive statistics of the non-respondents indicated that they would be (compared to the US population) slightly older, slightly more male, more educated, wealthier, more often married, more likely to live in a metropolitan area and more likely to own a home. The classes of non-respondents and the general descriptive statistics follow along with other findings in the literature. That said, class 4 mirrors the panel respondents which is interesting because it indicates that while these individuals look alike, it may not be easy to predict whether they will respond to the survey request or not.

The respondents (classes 6 and 7) contain the most educated respondents, but neither is perfectly aligned to the descriptions of respondents discussed above. Instead the descriptive statistics appear to be split between the two classes, with some nuance between the profiles. Class 6 contains the highest earners as well as individuals who are likely to highly educated, married, and to live in a metropolitan area. Class 7 contains the most educated respondents as well as the individuals who are most likely to be married. 

Over all, the descriptive statistics of the respondents indicated that they would be (compared to the US population) more educated, more white, wealthier, more likely to be married, much more likely to live in a metropolitan area, more likely to be unemployed, and more likely to own a home. Interestingly, classes 6 and 7 as well as the general descriptive statistics suggest that respondents to this survey include more individuals from high socio-economic classes (both in terms of income and education) and from metropolitan areas than might be expected a priori. 


Panel Respondents

From the descriptive statistics discussed above, the panel members are the oldest of the groups, more educated, more white, slightly wealthier, more likely to be a homeowner, and to have smaller households. 

From table 6, it can be seen that the panel is divided into 6 classes. This analysis will focus only on the first 3 classes because they each contain more than 100 respondents. While having the 3 smaller classes in addition to the larger classes is important to parse the data into unique and clearer classes, in this researcher’s perspective, they are too small to bring any additional information to the analysis. 

Class 1 and 2 are older than the oldest group of respondents and have a higher number of individuals who are not in the labor force. Class 3 has the highest percentage of respondents who are employed and live within the largest households. Class 2 and 3 have the highest percentage of wealthy respondents compared to all of the respondents, are highly likely to be married (especially compared to class 1), and are highly likely to own a home. All classes are very white, and tend to live in metropolitan areas. These classes match much more closely with our initial descriptive statistics. However, there is still a surprising amount of variation. This variation maintains when you run this with a smaller number of classes. 

VI. Conclusions

After a general description of the data and a deeper dive into the subclasses that are hidden within the larger respondent and non-respondent groups, there is evidence of a deeper story about the respondents to this online probability panel survey than simple descriptive statistics can tell us. 

While comparing the respondent to the non-respondents from this survey, it is seen that the general trends from the literature exist. However, the profiles of the individuals within the respondent and non-respondent groups indicate that there are distinct profiles of individuals who are more or less willing to respond to a request to take an online probability panel survey, even after agreeing to be part of the panel. Not all of the profiles followed the larger respondent or non-respondent descriptive statistics and class 4 (non-respondent class) mirrored a class of loyal respondents (general description of panel respondents). Additionally, classes 6 and 7 (respondents) as well as the general descriptive statistics suggest that respondents to this survey include more individuals from high socio-economic classes (both in terms of income and education) and from metropolitan areas than might be expected a priori. Lastly, the profiles that existed within the panel respondent group showed a surprising amount of variation.

Overall, this work has shown that a LCA can be a useful tool as a robustness check to determine whether there are specific profiles of individuals that may be absent from a data collection. Not only will this help researchers to better understand the nuance between their responders and non-responders, it may allow for more effective error mitigation strategies to be developed before a data collection occurs. The information gained on the characteristics of individuals who agreed to be a part of an online probability panel, but then refuse to respond to a specific survey may be useful when determining where resources should be allocated when recruiting individuals to join the probability panel. 
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Appendix: Tables and Figures

Table 1: Survey of Consumers’ Use of Mobile Financial Services
	
	
	Number sampled for main survey
	Qualified completes
	Cooperation Rate

	2012 Survey
	2011 Re-Interviews
	1,852
	1,328
	71.70%

	
	2012 Fresh cases
	2,178
	1,272
	58.40%

	
	Total 
	4,030
	2,600
	64.50%

	2013 Survey
	2012 Re-Interviews
	1,840
	1,409 
	78.1%

	
	2013 Fresh cases
	2,239
	1,248 
	55.70%

	
	Total 
	4,070 
	2,657 
	65.30%

	2014 Survey
	2013 Re-Interviews
	2,308
	1,489
	64.5%

	
	2014 Fresh cases
	2,657
	1,442
	54.3%

	
	Total 
	4,965
	2,931
	59.0%

	2015 Survey
	2014 Re-Interviews
	1,364*
	1,064
	78%

	
	2015 Fresh cases
	2,324
	1,446
	62%

	
	Total 
	3,688
	2,510
	68%















Table 2: Detailed Description of Respondents & Non-Respondents
	
	Respondents
	
	Non-Respondents
	

	
	2012
(N=2,600)
	2013
(N=2,657)
	2014
(N=2,925)
	2015
(N=2,510)
	
	2013
(N=1,413)
	2014
(N=2,661)
	2015
(N=1,056)
	US Population Estimates 
Census

	Age
	49.981
	50.892
	52.337
	52.563
	
	44.374
	46.497
	44.948
	

	Male
	0.493
	0.510
	0.518
	0.516
	
	0.449
	0.407
	0.461
	49.2%

	Less than high school
	0.077
	0.072
	0.065
	0.062
	
	0.122
	0.098
	0.111
	13.3%

	High school diploma
	0.288
	0.289
	0.275
	0.263
	
	0.316
	0.255
	0.310
	27.6%

	Some College
	0.284
	0.281
	0.287
	0.304
	
	0.299
	0.343
	0.325
	28.9%

	Bachelor's degree or higher
	0.351
	0.359
	0.374
	0.371
	
	0.264
	0.305
	0.255
	29.8%

	White, non-hispanic
	0.771
	0.766
	0.766
	0.765
	
	0.619
	0.664
	0.598
	73.1%

	Black, non-hispanic
	0.077
	0.085
	0.080
	0.078
	
	0.136
	0.133
	0.157
	12.7%

	Hispanic
	0.087
	0.082
	0.085
	0.094
	
	0.172
	0.129
	0.165
	17.6%

	Less than $25,000
	0.196
	0.153
	0.159
	0.114
	
	0.162
	0.177
	0.191
	$56,516

	$25,000-$39,999
	0.191
	0.157
	0.140
	0.186
	
	0.219
	0.218
	0.190
	

	$40,000-$74,999
	0.193
	0.259
	0.169
	0.164
	
	0.164
	0.171
	0.170
	

	$75,000-$99,000
	0.146
	0.148
	0.254
	0.257
	
	0.226
	0.223
	0.223
	

	Greater than $100,000
	0.274
	0.283
	0.279
	0.280
	
	0.229
	0.211
	0.226
	

	Married
	0.587
	0.584
	0.596
	0.602
	
	0.483
	0.540
	0.501
	47.55%

	Metro
	0.834
	0.839
	0.837
	0.857
	
	0.838
	0.683
	0.847
	62.7%

	Employed
	0.558
	0.566
	0.552
	0.553
	
	0.604
	0.581
	0.620
	58.8%

	Unemployed
	0.078
	0.060
	0.055
	0.047
	
	0.108
	0.094
	0.084
	3.9%

	Not in Labor Force
	0.364
	0.374
	0.393
	0.400
	
	0.289
	0.326
	0.295
	36.9%

	Own a Home
	0.771
	0.761
	0.764
	0.761
	
	0.649
	0.685
	0.660
	63%

	Household Size
	2.689
	2.623
	2.518
	2.617
	
	2.936
	2.873
	2.875
	2.65%










Table 3a: Respondent type by years in survey	Table 3b: Number of years receiving survey, by year	 
	 
	 Number of Years
	 

	
	1
	2
	3
	 

	Recontact 
	124
	604
	3,234
	3,962

	Fresh 
	1,894
	1,678
	558
	4,130

	Non-Respondent
	2,145
	2,724
	261
	5,130

	Total 
	4,163
	5,006
	4,053
	13,222


	 
	Years
	 

	 
	2013
	2014
	2015
	 

	1
	1,265
	1,696
	1,202
	4,163

	2
	1,441
	2,526
	1,039
	5,006

	3
	1,364
	1,364
	1,325
	4,053

	Total 
	4,070
	5,586
	3,566
	13,222




Table 3c: Description of MultiYear Respondents
	
	1 Year (N=2,018)
	2 Year (N=2,282)
	3 Year (N=3,792)
	US Population Estimates 
Census

	Age
	50.497
	49.855
	53.947
	

	Male
	0.499
	0.507
	0.528
	49.2%

	Less than high school
	0.076
	0.092
	0.045
	13.3%

	High school diploma
	0.272
	0.300
	0.263
	27.6%

	Some College
	0.303
	0.283
	0.288
	28.9%

	Bachelor's degree or higher
	0.349
	0.326
	0.404
	29.8%

	White, non-hispanic
	0.744
	0.720
	0.805
	73.1%

	Black, non-hispanic
	0.089
	0.103
	0.064
	12.7%

	Hispanic
	0.096
	0.099
	0.074
	17.6%

	Less than $25,000
	0.156
	0.168
	0.121
	$56,516

	$25,000-$39,999
	0.163
	0.179
	0.147
	

	$40,000-$74,999
	0.171
	0.190
	0.214
	

	$75,000-$99,000
	0.228
	0.191
	0.233
	

	Greater than $100,000
	0.282
	0.272
	0.284
	

	Married
	0.569
	0.551
	0.633
	47.55%

	Metro
	0.845
	0.841
	0.844
	62.7%

	Employed
	0.571
	0.574
	0.540
	58.8%

	Unemployed
	0.063
	0.060
	0.046
	3.9%

	Not in Labor Force
	0.366
	0.366
	0.414
	36.9%

	Own a Home
	0.735
	0.724
	0.799
	63%

	Household Size
	2.630
	2.621
	2.535
	2.65%









Table 4: Description of Panel Respondents
	
	All Panel Respondents (N=648)
	US Population Estimates Census

	
	mean
	s.e.
	

	Age
	56.517
	15.92
	

	Male
	0.548
	0.50
	49.2%

	Less than high school
	0.028
	0.16
	13.3%

	High school diploma
	0.255
	0.44
	27.6%

	Some College
	0.295
	0.46
	28.9%

	Bachelor's degree or higher
	0.423
	0.49
	29.8%

	White, non-hispanic
	0.843
	0.36
	73.1%

	Black, non-hispanic
	0.049
	0.22
	12.7%

	Hispanic
	0.068
	0.25
	17.6%

	Less than $25,000
	0.096
	0.29
	$56,516

	$25,000-$39,999
	0.190
	0.39
	

	$40,000-$74,999
	0.165
	0.37
	

	$75,000-$99,000
	0.276
	0.45
	

	Greater than $100,000
	0.273
	0.45
	

	Married
	0.653
	0.48
	47.55%

	Metro
	0.860
	0.35
	62.7%

	Employed
	0.498
	0.50
	58.8%

	Unemployed
	0.039
	0.19
	3.9%

	Not in Labor Force
	0.463
	0.50
	36.9%

	Own a Home
	0.813
	0.39
	63%

	Household Size
	2.418
	1.19
	2.65%

















Table 5: Results, All Potential Respondents
	(means)
	Class 1 (N=764)
	Class 2 (N=1634)
	Class 3 (N=1280)
	Class 4 (N=769)
	Class 5 (N=2324)
	Class 6 (N=1941)
	Class 7 (N=1853)

	Non-respondent
	0.487
	0.744
	0.351
	1.000
	1.000
	0.000
	0.000

	Respondent
	0.513
	0.256
	0.649
	0.000
	0.000
	1.000
	1.000

	Age
	26.889
	40.344
	58.805
	65.857
	43.059
	52.546
	56.380

	Male
	0.537
	0.413
	0.439
	0.437
	0.426
	0.521
	0.557

	Less than high school
	0.102
	0.291
	0.039
	0.081
	0.033
	0.048
	0.031

	High school diploma
	0.332
	0.415
	0.232
	0.336
	0.194
	0.252
	0.264

	Some College
	0.415
	0.264
	0.295
	0.336
	0.355
	0.298
	0.266

	Bachelor's degree or higher
	0.151
	0.029
	0.434
	0.248
	0.419
	0.402
	0.439

	White, non-hispanic
	0.610
	0.380
	0.788
	0.858
	0.688
	0.768
	0.857

	Black, non-hispanic
	0.081
	0.286
	0.110
	0.073
	0.090
	0.069
	0.039

	Hispanic
	0.187
	0.255
	0.049
	0.038
	0.136
	0.085
	0.060

	Less than $25,000
	0.059
	0.624
	0.249
	0.060
	0.014
	0.047
	0.052

	$25,000-$39,999
	0.174
	0.321
	0.262
	0.269
	0.117
	0.131
	0.130

	$40,000-$74,999
	0.221
	0.043
	0.212
	0.260
	0.179
	0.165
	0.175

	$75,000-$99,000
	0.242
	0.011
	0.167
	0.261
	0.330
	0.299
	0.307

	Greater than $100,000
	0.304
	0.000
	0.110
	0.150
	0.360
	0.357
	0.337

	Married
	0.000
	0.165
	0.000
	0.828
	0.780
	0.818
	0.861

	Metro
	0.866
	0.766
	0.806
	0.612
	0.801
	0.855
	0.840

	Employed
	0.577
	0.354
	0.548
	0.208
	0.843
	0.630
	0.536

	Unemployed
	0.246
	0.214
	0.021
	0.010
	0.042
	0.025
	0.026

	Not in Labor Force
	0.177
	0.431
	0.430
	0.782
	0.115
	0.345
	0.437

	Own a Home
	0.793
	0.206
	0.673
	0.970
	0.772
	0.835
	0.873

	Household Size
	3.753
	2.864
	1.000
	2.124
	3.336
	2.846
	2.713












Table 6: Results, Panel 
	(means)
	Class 1 (N=106)
	Class 4 (N=209)
	Class 6 (N=149)
	Class 2 (N=71)
	Class 3 (N=76)
	Class 5 (N=37)

	Age
	66.915
	69.703
	49.081
	30.282
	52.421
	40.946

	Male
	0.387
	0.641
	0.456
	0.535
	0.605
	0.757

	Less than high school
	0.038
	0.033
	0.000
	0.042
	0.000
	0.108

	High school diploma
	0.274
	0.325
	0.161
	0.282
	0.197
	0.243

	Some College
	0.283
	0.258
	0.248
	0.282
	0.513
	0.297

	Bachelor's degree or higher
	0.406
	0.383
	0.591
	0.394
	0.289
	0.351

	White, non-hispanic
	0.840
	0.909
	0.933
	0.690
	0.645
	0.811

	Black, non-hispanic
	0.094
	0.024
	0.020
	0.070
	0.105
	0.027

	Hispanic
	0.009
	0.033
	0.020
	0.113
	0.250
	0.162

	Less than $25,000
	0.340
	0.029
	0.013
	0.211
	0.026
	0.027

	$25,000-$39,999
	0.368
	0.211
	0.040
	0.085
	0.237
	0.270

	$40,000-$74,999
	0.104
	0.187
	0.067
	0.310
	0.329
	0.000

	$75,000-$99,000
	0.094
	0.316
	0.275
	0.211
	0.276
	0.703

	Greater than $100,000
	0.094
	0.258
	0.604
	0.183
	0.132
	0.000

	Married
	0.000
	0.986
	0.966
	0.113
	0.368
	1.000

	Metro
	0.896
	0.847
	0.893
	0.873
	0.868
	0.649

	Employed
	0.264
	0.182
	0.772
	0.775
	0.737
	0.838

	Unemployed
	0.028
	0.014
	0.060
	0.127
	0.013
	0.000

	Not in Labor Force
	0.708
	0.804
	0.168
	0.099
	0.250
	0.162

	Own a Home
	0.698
	0.957
	0.933
	0.465
	0.658
	0.838

	Household Size
	1.377
	2.129
	3.081
	2.732
	2.053
	4.514



