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Abstract: 
 
Panel studies, in which the same person is repeatedly interviewed over time, offer several 
advantages for researchers, but they have two factors that threaten their data quality, 1) attrition, 
which we define here as the reduction in size, number or strength of our sample at any point in 
its data collection, and 2) panel conditioning, whereby participation in earlier waves of the panel 
effects responses to subsequent waves of the panel.  Both attrition and panel conditioning may 
result in sample bias of both cross-sectional estimates and longitudinal estimates. We examine 
the The American Panel Study for effects of attrition and panel conditioning to determine how 
panel attrition and panel conditioning affect data quality. We find evidence of panel effects in the 
TAPS panel data. We including likelihood ratio tests and a comparison of parameter t-statistic 
differences to test for panel effects. Both tests provide evidence that there is panel bias in the 
data. However, it is unclear from these analyses whether the bias is due to panel attrition or panel 
conditioning or both.   
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What are the effects of assessing attitudes and behavior on data quality with panel 

respondents as opposed to cross sections of respondents in survey research designs?  The survey 

based method is one of the most commonly used approaches to assessing citizen attitudes toward 

public policy, evaluations of political leaders, and in journalism are heavily relied upon to 

forecast election outcomes.  Although panel studies, in which the same person is repeatedly 

interviewed over time, offer several advantages for researchers, they also have several 

disadvantages that make them potentially worrisome for calculating point estimates for the 

population they are supposed to represent.   

Two factors typically threaten panel designs and these include 1) attrition, which we 

define here as the reduction in size, number or strength of our sample at any point in its data 

collection, and 2) panel conditioning, whereby participation in earlier waves of the panel effects 

responses to subsequent waves of the panel.  Both attrition and panel conditioning may result in 

sample bias of both cross-sectional estimates and longitudinal estimates.  

Panels are common in political science and have been used for decades.  Perhaps the very 

first study that introduced this methodology and revolutionized public opinion research was the 

Columbian School, which focused on a sociological understanding of decision-making in the 

context of a presidential campaign.  Paul Lazarsfeld, Bernard Berelson, Joseph Klappe , Elihu 

Katz and William McPhee relied upon monthly surveys (from May to November)  of nearly 600 

residents of Elmaira, New York in 1940 to assess voter decision- making.  Their work is 

highlighted in a number of books, but most prominently The People’s Choice (Lazarsfeld, 

Berelson and Gaudet (1948) and Voting (Berelson, Lazarsfeld and McPhee 1954).  Their work 

highlighted the value of panel studies and tracing how opinion did, or rather in their case did not, 
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change in response to the presidential campaign and how these results could inform theories of 

voting behavior. 

Subsequent to that the major infrastructure surveys in both political science and sociology, 

The American National Election Studies (ANES) and The General Social Survey (GSS), 

followed suit, embedding panel studies in their designs to assess the effect of the election 

campaign or other societal events, voting, and other attitudes and behavior.   

Advances in survey research over the last 15 years, especially with regard to Internet-

based surveying have expanded the supply of “panel respondents” and “panel surveys.”  So-

called survey panels have proliferated to create large sample frames or pools of potential panel 

respondents who have agreed to be recruited into surveys based upon their demographic 

characteristics for rewards.  The online panel sample frame does not reflect the population under 

study, but it is used to create a representative sample through matching with a theoretically 

derived probability sample (Ansolabehere and Shaffner 2014).  The advent of online panels like 

the GFK Knowledge Networks, YouGov, and the RAND American Life Panel at the industry 

level, various university collaborative panel studies, such as the Cooperative Congressional 

Election Study (CCES) or Cooperative Campaign Analysis Project (CCAP), as well as various 

scholarly opportunities through Time Sharing Experiments for the Social Sciences (TESS), 

various collaborations by news organizations such as the 2008 Associated Press-Yahoo!News 

Election Panel or the CBS/New York Times/YouGov 2014 Election panels has solidified their 

position as important actors in public opinion research. 

Many of these panels are qualitatively different than we have seen before. These panels 

are attempting to assess long-term attitudes and opinions on a regular basis with a nationally 

representative sample of citizens.  For example, The American Panel Study (TAPS) based at the 
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University of Washington, St. Louis was established in late 2011 and produces monthly surveys 

on the “economic and political attitudes and behavior of the American public,” (Smith and 

Sinclair, nd: 1).  At this point TAPS has over 3 years of monthly data and has added fresh 

respondents in mid-2012 and early 2013 due to panel attrition.   

Previous work has examined panels for attrition and conditioning, but these panels were 

qualitatively different than the online panels of today.  Many traditional panels were only a few 

waves (say 2 to 4) and administered over a relatively short period of time (e.g. ANES 

presidential panel, 1980 ANES Major Panel) or over a few years (ANES 1952-56, 1956-60, 

1972-76, 1990-92, 1992-97 panel studies) or have many waves over a long period of time 

(National Longitudinal Survey of Youth).  The new survey environment of online panels, 

however, allows panel members to be interviewed frequently and panel members come in and 

out of the panel on a monthly basis. 

Our study examines one such panel survey –The American Panel Study– for effects of 

attrition and panel conditioning to determine how panel attrition and panel conditioning affect 

data quality.  Our interest is in identifying the effects of attrition or conditioning to determine 

who drops out and who stays in and its influence on panel estimates.  

Background and Theoretical Overview 

Panel surveys are surveys in which the same person is repeatedly interviewed over time.  

Generally we think of these surveys in the context of a single survey research design in which a 

scholar or analyst plans a study, enlists sample respondents and interviews them several times 

over the duration of the study.  Today many online panels recruit respondents into many different 

studies.  Thus some panel members are repeatedly interviewing and may exhibit panel 

conditioning effects, but we are unable to assess how previous surveys efforts conditioned 
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responses.  These individuals we consider professional respondents (Adams, Atkeson, Karp 2014, 

Hillygus, Jackson and Young 2014). Other new panels interview at regular interviews and add 

fresh respondents as respondents attrit.  This survey model is the focus of our examination of 

attrition and panel conditioning effects. 

The advantages of panels are many and with the proliferation of online Internet panels the 

opportunities for panel designs is expanding and perhaps becoming more affordable (Iyengar, 

Soon and Lelkes 2012; Hillygus,	  Jackson,	  and	  Young	  2014;	  Baker	  et	  al.	  2010;	  Yeager	  et	  al.	  

2011;	  Henderson,	  Hillygus	  and	  Thompson	  2010).   Perhaps	  the	  biggest	  advantage	  of	  panel	  

data	  is	  that	  it	  allows	  for	  analysis	  of	  opinion	  change	  at	  the	  individual	  level.	  	  It	  also	  allows	  

scholars	  the	  opportunity	  to	  examine	  opinion	  or	  behavior	  change	  after	  an	  event,	  

intervention,	  or	  crisis,	  which	  creates	  a	  research	  design	  that	  can	  better	  tackle	  questions	  of	  

causality.	  	  In	  the	  case	  of	  survey	  experiments,	  panels	  can	  provide	  a	  pre-‐treatment	  

assessments	  of	  attitudes	  and	  behaviors	  and	  then	  respondents	  can	  be	  treated	  and	  then	  

retested	  to	  determine	  the	  post-‐treatment	  effects.	  Continuing	  cross-‐sections	  that	  ask	  the	  

same	  questions	  over	  time	  also	  provide	  important	  information	  about	  the	  changing	  nature	  of	  

society	  and	  its	  preferences,	  but	  they	  cannot	  look	  at	  which	  individuals	  changed	  their	  opinion	  

and	  why	  (Tourangeau	  2003;	  Visser	  et	  al.	  2014).	  	  Monitoring	  within	  subject	  change	  over	  

time	  is	  the	  critical	  aspect	  of	  panel	  studies	  that	  make	  them	  a	  powerful	  tool	  for	  

understanding	  and	  explaining	  change.	  

This	  is	  true	  even	  when	  there	  is	  not	  a	  controlled	  treatment	  or	  intervention	  by	  the	  

experimenter.	  	  Many	  political	  scientists,	  in	  particular,	  are	  interested	  in	  describing	  and	  

understanding	  the	  “real	  world”	  and	  will	  monitor	  people	  over	  the	  election	  campaign.	  	  

Having	  measures	  early	  in	  the	  campaign	  and	  late	  in	  the	  campaign	  provides	  at	  least	  a	  
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necessary	  condition	  for	  assessing	  outcomes	  at	  a	  later	  time.	  	  For	  example	  Atkeson	  (1993)	  

used	  	  the	  1980	  4	  wave	  panel	  that	  began	  in	  February	  1980	  and	  ended	  after	  the	  election	  to	  

examine	  how	  attitudes	  of	  supporters	  of	  losing	  and	  winning	  presidential	  nomination	  

candidates	  changed	  toward	  the	  party	  nominee	  as	  the	  candidate	  field	  winnowed	  and	  the	  

campaign	  moved	  from	  the	  nomination	  to	  the	  general	  election	  stage.	  

Panel	  data	  also	  provide	  information	  on	  measurement	  error	  in	  survey	  response	  

(Bartels	  2006;	  Carmines	  and	  Zeller	  1979).	  	  Comparing	  the	  same	  measure	  over	  time	  allows	  

researchers	  to	  determine	  the	  reliability	  of	  the	  concept.	  

Threats	  to	  Panel	  Designs	  

Attrition	  

Of	  course,	  panel	  designs	  also	  face	  potential	  unique	  threats	  that	  can	  reduce	  the	  

quality	  of	  the	  data	  and	  reduce	  the	  ability	  to	  make	  inferences	  to	  the	  population	  of	  interest.	  	  

Two	  such	  potential	  threats	  are	  panel	  attrition	  and	  panel	  conditioning	  or	  panel	  learning.	  	  

Panel	  attrition	  is	  the	  reduction in size, number or strength of our sample at any point in its data 

collection.  We use this broader definition because the survey we examine is monthly and we 

find that respondents drop in and out and therefore a more traditional definition that defines 

attrition as a respondent who fails to complete subsequent waves problematic. 	  

We need to make an important distinction between attrition and attrition bias.  Attrition 

does not automatically lead to attrition bias, even when attrition is large.  Of course, high 

attrition leads to smaller sample sizes and from a statistical perspective leads to a decrease in the 

precision of estimates of population parameters because sample size is in the denominator of the 

standard error formula used to calculate confidence intervals.  But this problem does not 

necessarily imply there is attrition bias.  Attrition bias occurs when there are systematic 
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differences between “respondents” and “nonrespondents” in terms of outcome variables of 

interest, regardless of the magnitude of the follow-up response rate.   When respondents are 

missing completely at random (MCAR), that is in such a way that missingness is independent of 

both observed and unobserved data, it does not effect the overall representativeness of the 

sample, but when they are not it could influence the accuracy of population means.   

Failure to reinterview some respondents may result in selection bias if nonresponse is 

correlated with substantively important characteristics of the respondent (Heckman 1976; Bartels 

1976; Achen 1986; Ahern and LeBrocque 2005; Traugott and Rosenstone 1994; Zabel 1998).  In 

general, research has found that individuals do not drop out completely at random and that 

propensity of dropping out is systematic (Behr, ellgardt and Rendtel 2005; Olsen 2005).  One 

solution, if the scholar believes that the data are missing at random, that missingness depends on 

observed data only, is to use post survey adjustment weights to  “fix” the sample (Henderson, 

Hillygus and Tompson 2010).  While weighting can help reduce the bias in many cases it may 

not be successful if the weight does not include the variables that are causing the nonresponse 

bias and leads to biased estimates of relationships.  For example, Bartels (1999) shows that panel 

attrition in the 1992-96 ANES panel overestimated political interest and Frankel and Hillygus 

(2014) show it biased the relationship between gender and campaign interest.   

Another common approach to reducing the problem of nonresponse is to introduce 

“refreshment samples” to replace respondents who have dropped out (Deng et al 2013, Ridder 

1992).  The TAPS panel uses both weighting and refreshment to correct for nonresponse.  The 

presence of refreshment samples allows us a direct method for testing the effects of attrition and 

panel conditioning on survey response. 

Panel Conditioning 
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Panel conditioning is a different problem in the aggregate because in this case it is the 

survey experience itself that causes attitudes and behaviors to change not unit nonresponse.  The 

concern is that data obtained from seasoned participants in the panel will be biased due to 

various threats to data validity including learning about the survey process and topics, attitude 

crystallization, and changes in motivation and engagement (Nancarrow and Cartwright 2007). 

Fundamentally presenting similar topics and questions to respondents overtime may draw 

attention to topics, choices and risks that held little salience before the survey, but led to changes 

in subsequent attitudes and behaviors (Williams, Block and Fitzsimons 2006; Zwane et al 2011; 

Zajonc 1968).  This happens because the question-answer environment increases the accessibility 

of beliefs and expands the scope of relevant or salient issues providing opportunities for more 

active decision-making.  In addition, repeated surveys may highlight to respondents mismatches 

between attitudes and behavior, which may lead to attitude or behavior change to remove any 

cognitive dissonance.   

At the same time, panel conditioning may result in some amount of learning on the part 

of the respondent. For example Yalch (1976) found that registered voters interviewed prior to the 

election were more likely to vote than registered voters interviewed after the election.  Many 

other studies also find a link between survey questions and attitude and behavior change across a 

variety of domains including volunteerism and altruism (Sherman 1980; Fitzsimons and 

Williams 2000), voting (Greenwald, Carnot, Beach and Young 1987; Yalch 1976), political 

knowledge (Sturgis, Allum, and Brunton-Smith 2007), health (Zwane et al 2011) and personal 

purchases (Morwitz, Johnson and Schmittlein 1993).  The problem is biased estimates are 

unreliable and invalid and will result in biased answers that incorrectly estimate the magnitude of 
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the relationship or miss the relationship altogether (Kaspryzk et al, 1989; Surgis, Allum, and 

Brunton-Smith 209; Warren and Halpern-Manners 2012). 

Data and Methods 

 We utilize the publically released files (2012-2013) of TAPS to assess panel attrition and 

conditioning effects. The panel was first recruited via mail with an address-based sample in 

November-December 2011.1 Panelists completed a profile survey after being recruited, and then 

were asked to complete a monthly online survey starting January 2012. The publically released 

files include data from the twenty-four monthly surveys fielded between January 2012 and 

December 2013. The survey topics are primarily limited to political attitudes and behaviors with 

most questions only asked across two or three survey waves.2  The panel was replenished in June 

2012 and February 2013 with 329 new panel members. These new panelists provide us with the 

leverage to test panel bias in the data. We first examine the data for descriptive evidence of 

attrition or conditioning. Then we replicate and extend Bartels (2000) method for assessing if 

there is any panel attrition or conditioning bias in the data.  

 We start by examining response rates as a simple first test of the quality of the panel data 

across survey waves. Column five of Table 1 provides the response rates for each of the twenty-

four survey waves based upon the TAPS technical documentation, which provides the total 

number of assigned participants for each survey wave. We find that the average response rate is 

82.5% with a low of 77.4% in the first survey wave and a high of 89.8% in March, 2012. These 

response rates are generally very high and comparable to ANES panel response rates and the 

reinterview rates between the pre and post election ANES surveys (Bartels 2006). These high 

                                                
1 The sample was designed to have approximately 2,000 or more respondents. 
2 The only questions asked across all twenty-four surveys include a set of approval questions, a question about 
personal finances, and a question about the national economy. However, these questions were only asked to a subset 
of the respondents in each month as a part of a split ballot experiment.    
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repeated response rates suggest that there is little non-response bias within each survey. However, 

these rates do not account for those panel members who are not being assigned the survey. There 

is no official data about response rates provided on the TAPS website, but the codebook includes 

information about the number of assigned panel members to each survey (column b) and the 

number of completed surveys (column a). There is no documentation about the process for 

whether or not an individual is assigned the survey or not, but we assume that some members are 

purged from the sample over time or they ask to be removed from the panel.In relation to the 

panel, the denominator in the panel response rate calculation within each wave should be the 

total number of individuals recruited into the panel. In column seven of Table 1 we provide the 

response rate based upon the total number of recruits instead of those assigned to each survey. 

The panel response rates are lower than the survey response rates (average=69.1%, 

minimum=61.2%, maximum=77.8%), but they are still relatively high, especially compared to 

telephone survey response rates. In general, these response rates suggest that non-response is 

relatively low within each survey, but that more than a third of all recruited panelists do not 

complete surveys by December 2013. Additionally, an implication of the high response rates is 

that panelists are frequently taking the surveys and generally appear engaged in the panel.  

<Table 1 here> 

 While Table 1 suggests that in the aggregate that panel attrition is low, nevertheless we 

find a pattern of gradual attrition when we examine the individual level data. Table 2 shows that 

one in seven individuals that were recruited into the panel only completed the profile survey, and 

never participated in another survey (17.1% in cohort 1, 8.3% in cohort 2, and 11.7% in cohort 3). 

For each survey wave, about one percent of panelists will not take another survey (see Table 

A.2).  
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Table 2 also provides the number of surveys completed and the percentage of eligible 

surveys completed. As expected from the high response rates, Table 2 shows that, on average, 

most respondents complete the majority of the surveys that they are invited to complete.3 Across 

all three cohorts, the respondents are taking a large number of surveys with over one in two 

respondents (55%) being surveyed 19 or more times. These wave level results provide some 

initial descriptive evidence that there may be opportunities for either or both panel conditioning 

and panel attrition in the TAPS data.   

<Table 2 here> 

Assessing Panel Effects within the TAPS Survey Data 

 We replicate and extend the analysis presented by Bartels (2000) to assess the panel 

effects within the TAPS survey data. These analyses focus on a comparison of the differences in 

responses in the seventh survey (the first survey that cohort 2 was eligible) between those 

individuals recruited in cohort 1 (panel) with the fresh cross-section that becomes cohort 2 

(cross-section). Comparing the two groups with the same survey allows for an “unusually 

straightforward and powerful assessment of the effects of both panel attrition and panel 

conditioning,” (Bartels 2000: 5). We start with an examination of demographic differences 

between the first and second cohort in wave 7. We then present the summary regression results 

from all substantive variables in the seventh survey. The full models of two variables, vote 

turnout in 2010 and a knowledge index are examined more closely to better understand how 

panel effects might be biasing all of the models. The final analysis is an investigation of the t-

values across models. These tests will provide us with ample evidence to determine if there are 

panel effects present in the TAPS survey data.  

                                                
3 The full frequency tables for total number of surveys completed by cohort and the last survey completed by cohort 
are presented in Appendix A. 
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 The first test of panel effects is to compare the panel respondents to the fresh cross-

section on demographics that were collected in the profile survey.4 We find that four (work for 

pay, Internet use, political interest, and ideology) of the twenty eight variables in the profile 

survey show a significant difference between the cross-section and panelists on a variety of 

demographic factors (age, education, income, gender, race/ethnicity, composition of the 

household, marital status, home ownership, employment status, telephone status, Internet use) 

and a few political and social variables (political interest, ideology, partisanship, and partisan 

strength, and religious attendance frequency). The political variables, in particular, may be 

problematic if they structure or moderate opinions, which research suggests both political 

interest and ideology do. Thus these results leave us slightly concerned that there may be 

potential for panel effects. 

<Table 3 here> 

In the multivariate assessment of panel effects, we extend the method used by Bartels 

(2000), where he estimated regression models for six variables5 across 1992 and 1996 and 

compared them for panel effects. To assess panel effects, we estimate five regression models for 

each of the 133 substantive variables in the seventh survey wave of TAPS. These models are: 

(1) A “pooled model”, which does not distinguish whether a respondent is a cross-section 

or panel type,  

(2) A semi-pooled model, which includes a dichotomous variable of whether the 

respondent was from the fresh cross-section (1) or a panel member (0), 

                                                
4 Except for party identification and subsequently partisan strength for the panelists. This was not included in the 
profile survey data file for panelists downloaded from Dataverse. Instead we use party identification as measured in 
the seventh survey for panel respondents.  
5 These dependent variables included “Clinton ‘morality’ ratings, correct relative ideological placements, economic 
perceptions, campaign interest, presidential turnout, and presidential vote, which were regressed on age, education, 
income, black, female, partisan strength, and days before the election.  
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(3) A weighted semi-pooled model, 

(4) A semi-pooled interaction model, which includes interactions of those from the fresh 

cross-section dichotomous variable with each of the control variables, and 

(5) A weighted interaction model. 

We utilize OLS regression for each non binary dependent variable and logistic regression for 

each binary variable. We do this to create consistency across our measures and for comparability 

of coefficients across over 130 variables we examine. We include seven explanatory variables in 

these models, including age, education (coded one to six from no high school degree to more 

than a Bachelor’s degree), income (coded one to five from less than $30,000 to more than 

$100,000), race/ethnicity (dichotomous variables for black/African-American and Hispanic, with 

white as the comparison category), and party identification (coded from one to seven from strong 

Democrat to strong Republican). We utilize likelihood ratio tests of models two-five compared to 

the pooled model to assess if there are significant differences between the cross-section and 

panel respondents.  

 Table 4 presents the likelihood ratio p-values for the four models (semi-pooled, weighted 

semi-pooled, interaction, and weighted interaction) each compared to the pooled model for 

thethirty-eight variables that displayed a significant value (p<0.1) in at least two models. These 

variables group into somewhat distinct categories, including; elections/participation (8), 

knowledge items (5), thermometer scores (3), personality items (3), related to news (4), Supreme 

Court opinion items (8), and miscellaneous political opinions (7). These tests show the benefit of 

including a dummy variable for panel members or a fully interactive model that interacts panel 

membership with each model variable for panel respondents rather than ignoring the data 

completely.  
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<Table 4 here> 

The results from all 133 variables are summarized in Table 5. All the models show that 

there are quite a number of p-values less than 0.05 and quite a bit more with values less than p 

0.10.  This suggests that the panel effects are present and that it may be important to estimate the 

panel effects with at least a dummy variable model.  We find that six percent of variables display 

a significant likelihood ratio test in all four models, almost seven percent display significant tests 

in three models, almost sixteen percent display significant tests in two models, and almost 

twenty-nine percent of variables display a significant likelihood ratio test in only one model. 

Less than half (42.9%) of all 133 variables displayed no significant tests across the four models. 

Overall, 139 of the 532 (25.9%) total likelihood tests were significant at the p<0.1 level. This is 

above the 10% rate that we would expect by chance given the significance level. These results 

provide evidence that panel effects are present in the TAPS online panel.  

<Table 5 here> 

We examine the parameter estimates across the five models for two variables, vote 

turnout in 2010 and a knowledge index variable to better understand how panel effects might be 

biasing the 133 models. These two variables are selected because they are significant in all four 

likelihood ratio tests. Table 6 presents the results for vote turnout in 2010. Predictably, the 

coefficients for age, education, and income are significantly positively associated with turnout 

across all five models. Furthermore, all other control variables  (race/ethnicity, gender, and party 

identification) are insignificant in the five models. In both the unweighted and weighted semi-

pooled models, the indicator for those fresh cross-section respondents is significant and 

negatively correlated to vote turnout. We observe more differences across the two interaction 

models. First, the cross-section indicator is positive in both, but only significant in the 
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unweighted interaction. Additionally, the age, Hispanic, and female interactions are all negative 

and significant in the unweighted model, but insignificant in the weighted model. Finally, the 

coefficient for the income interaction is positive and significant in the weighted model, but not 

the unweighted model. Both the weighted semi-pooled and weighted interactive models suggest 

panel attrition or panel conditioning effects. The results suggest that panel members have a taste 

for politics, in terms of activity and interest, and appear to more conservative. 

<Table 6 here> 

Table 7 displays the OLS regression results across the five models for a political 

knowledge index. This knowledge index variable is a count of correct answers to eight factual 

political knowledge questions.6 As with vote turnout, we find that the direct effects are 

essentially the same across all five models, with the coefficients for age, education, income and 

partisan identification all being positive and significant, while females are significantly less 

likely than men and African-Americans and Hispanics are less likely than whites to respond 

correctly to the knowledge questions. The fresh cross-section respondents indicator variable 

coefficient is negative and marginally significant (p<0.1) in both the unweighted and weighted 

semi-pooled models. The indicator variable is positive, but insignificant in both of the interaction 

models. The interactions for age and female are both significant and negative across both models. 

The only difference across the two interaction models is that the coefficient for African-

American is positive and significant in the weighted, but not the unweighted model. These 

models suggest that women and younger respondents in the fresh cross are less knowledgeable 

than their counterparts in the panel. 

                                                
6 These questions include: the length of a Supreme Court justice, who decides the constitutionality of laws, which is 
the more conservative political party, which party controls the House of Representatives, which party controls the 
Senate, the number of Supreme Court decisions each year, the length of a Senate term, and the federal program that 
costs the most money each year.  
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<Table 7 here> 

A final way to assess panel effects is to estimate each of the dependent variables 

separately for cross-section respondents and for panel respondents and then compare the t-

statistics for each parameter across the two models. The distribution of the differences would 

have a zero mean and unit variance if there are no panel effects present in the data (Bartels 2000: 

11). We find that the average t-value difference (cross-section minus panel) for our 931 

parameters (133 variables * 7 control variables) is 0.349 with a standard error of 0.104, which is 

statistically different from zero (p-value =0.001). This is further evidence that there are panel 

effects within the TAPS data. The t-statistic differences are displayed with a histogram and a 

quantile normal plot in Figure 1. These graphs show that the majority of observed difference are 

normally distributed around zero, but that there quite a few parameters that display very large 

differences across the cross-section and panel t-statistics suggesting significant panel effects.  

<Figure 1 here> 

Discussion 

 To assess panel bias we used methods developed by Bartels (2000) including likelihood 

ratio tests and a comparison of parameter t-statistic differences. We find evidence of panel 

effects in the TAPS panel data. We compared panel members with up to six completed surveys 

to a fresh cross-section of respondents. While there were very few significant differences 

between the two groups on demographic measures, panel members were significantly more 

politically interested and conservative. These particular variables are concerning because of their 

role in structuring and moderating opinions. Both tests provide evidence that there is panel bias 

in the data. However, it is unclear from these analyses whether the bias is due to panel attrition or 

panel conditioning or both.  
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Our future plans are to look for further drift by examining the introduction of yet another 

fresh cross section in wave 15 as we did here with wave 7. We also want to try and tease out 

whether the potential threats are due to attrition or panel condition.  To pursue the former, we 

will turn to Heckman models and to pursue the latter we will try to leverage the length of the 

panel membership to model opinion change. 
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Table 1. Response Rates For Each Survey Wave Based on Total Number  

Survey Wave Date (a) 
Completed 

(b) 
Assigned  

Survey 
Response 

Rate 
(a/b) 

(c) 
Total 

Number of 
Panelists 

Panel 
Response 

Rate  
(a/c) 

1 Jan-12 1609 2080 77.4% 2080 77.4% 
2 Feb-12 1618 2062 78.5% 2080 77.8% 
3 Mar-12 1602 2050 78.1% 2080 77.0% 
4 Apr-12 1559 1736 89.8% 2080 75.0% 
5 May-12 1511 1732 87.2% 2080 72.6% 
6 – Cohort 2 Added Jun-12 1693 1981 85.5% 2395 70.7% 
7 Jul-12 1712 1929 88.8% 2395 71.5% 
8 Aug-12 1707 2019 84.5% 2395 71.3% 
9 Sep-12 1699 2005 84.7% 2395 70.9% 
10 Oct-12 1697 1989 85.3% 2395 70.9% 
11 Nov-12 1677 1975 84.9% 2395 70.0% 
12 Dec-12 1692 2013 84.1% 2395 70.6% 
13 Jan-13 1652 1990 83.0% 2395 69.0% 
14 – Cohort 3 Added Feb-13 1789 2152 83.1% 2712 66.0% 
15 Mar-13 1830 2277 80.4% 2712 67.5% 
16 Apr-13 1851 2276 81.3% 2712 68.3% 
17 May-13 1810 2260 80.1% 2712 66.7% 
18 Jun-13 1798 2245 80.1% 2712 66.3% 
19 Jul-13 1746 2163 80.7% 2712 64.4% 
20 Aug-13 1750 2143 81.7% 2712 64.5% 
21 Sep-13 1717 2116 81.1% 2712 63.3% 
22 Oct-13 1717 2116 81.1% 2712 63.3% 
23 Nov-13 1693 2116 80.0% 2712 62.4% 
24 Dec-13 1660 2116 78.4% 2712 61.2% 
Average  1,700 2,064 82.5%  69.1% 
Note: The total number of assigned participants was obtained from the TAPS technical 
documentation. However, this documentation only reported the numbers until September 2013. 
Consequently, we use this last month’s total in the calculation of the survey response rates for 
October 2013-December 2013.  
 
 
 
 
 
 
 
 
 
 
 



 22 

Table 2. Surveys Completed, Percent of Surveys Completed, and Last Survey Wave Completed 
by Cohort 
 Cohort 1 Cohort 2 Cohort 3 Total 
Last Survey Wave Completed     

Never Started 17.1 8.3 11.7 15.4 
1-5 6.8 0.0 0.0 5.2 
6-13 5.9 8.9 0.0 5.6 
14-18 3.8 9.2 9.5 5.1 
19-21 3.5 3.5 6.9 3.9 
22-23 4.6 6.7 6.6 5.1 
24 58.3 63.5 65.3 59.8 

% of Surveys Completed     
0 17.1 8.3 11.7 15.4 
0.1-19.9 8.0 6.0 5.7 7.5 
20-39.9 5.3 6.7 4.4 5.3 
40-59.9 5.8 8.9 7.3 6.3 
60-79.9 6.4 8.3 7.3 6.7 
80-99.9 15.9 23.8 35.3 19.2 
100 41.5 38.1 28.4 39.5 

Surveys Completed     
0 17.1 8.3 11.7 15.4 
1-6 9.4 8.6 17.4 10.3 
7-12 4.9 10.8 71.0 13.6 
13-18 5.9 10.5 0.0 5.7 
19-23 5.3 61.9 0.0 11.4 
20-23 15.9 0.0 0.0 12.1 
24 41.5 0.0 0.0 31.6 

n 2,008 315 317 2,640 
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Table 3. Comparison of Cross-section and Panel Respondents  
 Panel 

(Cohort 1) 
X-section 
(Cohort 2) 

Difference 

Age 67.81 69.85 2.04 
Education 3.97 3.81 -0.16 
Income 2.89 2.72 -0.17 
Female 52.80% 47.64% -5.16% 
White 76.51% 75.12% -1.39% 
Hispanic 13.01% 15.57% 2.56% 
Black 10.34% 0.00% -1.25% 
Other Adults in HH 67.87% 66.04% -1.83% 
Married 50.96% 46.92% -4.04% 
Partner 5.29% 6.16% 0.87% 
Divorced 11.26% 12.32% 1.06% 
Widowed 5.90% 6.64% 0.74% 
Never Married 12.03% 12.80% 0.77% 
Other Marital Status 14.56% 15.17% 0.61% 
Children 31.26% 28.30% -2.96% 
Own Home 71.95% 66.04% -5.91% 
Work for Pay 57.92% 49.06% -8.86% * 
Looking for New Job 24.30% 32.04% 7.74% 
Only Landline 19.68% 21.53% 1.85% 
Only Cell Phone 24.67% 29.19% 4.52% 
Both Landline and Cell 55.65% 49.28% -6.37% 
Religious Frequency 3.36 3.21 -0.15 
Political Interest 3.17 3.05 -0.12 * 
Asked Political Opinions 1.85 1.83 -0.02 
Internet Use 4.67 4.80 0.13 * 
Ideology  4.12 3.85 -0.27 * 
Party ID 3.72 3.48 -0.24 
Partisan Strength 2.94 2.99 0.05 
Note: *<0.05 
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Table 4. Likelihood Ratio p-values for the Four Models (Semi-pooled, Weighted Semi-pooled, 
Interaction, and Weighted Interaction) Each Compared to the Pooled Model for Select Variables 

 

Semi-
pooled 
Model 

Semi-
pooled 

Model – 
Weighted 

Interaction 
Model 

Interaction 
Model - 

Weighted 

Vote frequency 0.001 0.002 0.000 0.000 
Plan to vote 0.001 0.002 0.023 0.001 
Whether voted in 2010 0.017 0.016 0.000 0.000 
Voted at same location in past 0.057 0.007 0.000 0.001 
Participation - contribution 0.089 0.041 0.000 0.000 
How much thought about 2012 election 0.086 0.061 0.650 0.005 
Participation - work for party 0.113 0.048 0.002 0.607 
Participation - work for candidate 0.366 0.013 0.001 0.700 
Knowledge index 0.053 0.071 0.021 0.023 
Knowledge SCRT term length 0.081 0.002 0.007 0.075 
Knowledge - which party more cons. 0.049 0.115 0.003 0.007 
Knowledge - senate majority 0.085 0.039 0.122 0.078 
Knowledge - house majority 0.072 0.037 0.140 0.502 
Thermometer - conservatives 0.056 0.284 0.031 0.030 
Thermometer - congress 0.098 0.126 0.058 0.514 
Thermometer - business 0.477 0.237 0.034 0.028 
Personality - warm 0.066 0.938 0.031 0.388 
Personality - critical 0.568 0.139 0.011 0.045 
Personality - quiet 0.891 0.074 0.041 0.760 
Agree with view of newspaper of choice 0.012 0.010 0.000 0.121 
Newspaper of choice covers important issues 0.017 0.126 0.007 0.296 
Trust accuracy of newspaper of choice 0.095 0.016 0.030 0.304 
Receives news from radio 0.096 0.367 0.277 0.007 
SCRT opinion - reduce controversy 0.029 0.008 0.001 0.038 
SCRT opinion - remove controversial judges 0.013 0.011 0.036 0.223 
SCRT opinion - court should follow public opin. 0.108 0.003 0.041 0.418 
SCRT opinion - court too conservative 0.265 0.745 0.012 0.034 
SCRT opinion - court involved in politics 0.277 0.001 0.015 0.384 
SCRT opinion - court too political 0.804 0.047 0.072 0.983 
SCRT opinion - awareness of court 0.864 0.316 0.001 0.063 
SCRT opinion - approval of court job 0.089 0.036 0.508 0.409 
Reduce federal funding of education  0.014 0.116 0.094 0.043 
Expect to save in next year 0.429 0.039 0.000 0.001 
Approval - congress 0.399 0.881 0.009 0.011 
External efficacy 0.679 0.111 0.049 0.077 
Free speech not worth extremist views 0.719 0.856 0.003 0.002 
Society should not respect minority opinions 0.878 0.842 0.004 0.043 
Allow federal health funds for abortion 0.759 0.080 0.110 0.083 
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Table 5. Count and Frequency of the Number of Models (Semi-pooled, Weighted Semi-pooled, 
Interaction, and Weighted Interaction) for Each Dependent Variable that Displayed a Significant 
(p<0.1) Likelihood Ratio Test 
 Count Percent 
4 8 6.0% 
3 9 6.8% 
2 21 15.8% 
1 38 28.6% 
0 57 42.9% 
Total 133 100.0% 
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Table 6. Full Model Results (Pooled, Semi-pooled, Weighted Semi-pooled, Interaction, and 
Weighted Interaction) for Logistic Regression of Vote Turnout in 2010 
 Pooled Semi-

pooled 
Semi-
pooled 

Weighted 

Interaction Interaction 
Weighted 

 b/se b/se b/se b/se b/se 
Age 0.036*** 0.036*** 0.034*** 0.047*** 0.044*** 
 (0.00) (0.00) (0.01) (0.01) (0.01) 
Education 0.221*** 0.217*** 0.299*** 0.232*** 0.367*** 
 (0.05) (0.05) (0.08) (0.05) (0.09) 
Income 0.286*** 0.282*** 0.322*** 0.266*** 0.238** 
 (0.05) (0.05) (0.09) (0.06) (0.09) 
Black -0.061 -0.086 -0.142 -0.003 -0.339 
 (0.23) (0.23) (0.39) (0.24) (0.40) 
Hispanic -0.330# -0.330# -0.189 0.032 0.000 
 (0.19) (0.19) (0.30) (0.22) (0.35) 
Female -0.147 -0.157 -0.322 -0.025 -0.221 
 (0.14) (0.14) (0.22) (0.15) (0.24) 
Party ID 0.032 0.028 0.066 0.058 0.080 
 (0.03) (0.03) (0.05) (0.04) (0.06) 
X-section Indicator  -0.456* -0.717* 2.679** 1.284 
  (0.19) (0.30) (1.00) (1.50) 
X-section Interactions      
Age    -0.030** -0.023 
    (0.01) (0.02) 
Education    -0.016 -0.408# 
    (0.13) (0.23) 
Income    0.065 0.558* 
    (0.15) (0.24) 
Black    -0.050 1.406 
    (0.69) (1.16) 
Hispanic    -1.590** -1.073 
    (0.53) (0.74) 
Female    -0.811* -0.782 
    (0.40) (0.61) 
Party ID    -0.148 -0.081 

    (0.10) (0.15) 
Constant -3.005*** -2.895*** -3.300*** -3.855*** -3.968*** 
 (0.41) (0.41) (0.64) (0.48) (0.73) 
n 1350 1350 1350 1350 1350 
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Table 7. Full Model Results (Pooled, Semi-pooled, Weighted Semi-pooled, Interaction, and 
Weighted Interaction) for OLS Regression of Political Knowledge  
 Pooled Semi-

pooled 
Semi-
pooled 

Weighted 

Interaction Interaction 
Weighted 

 b/se b/se b/se b/se b/se 
Age 0.020*** 0.021*** 0.018*** 0.025*** 0.022*** 
 (0.00) (0.00) (0.01) (0.00) (0.01) 
Education 0.397*** 0.395*** 0.381*** 0.381*** 0.383*** 
 (0.03) (0.03) (0.05) (0.04) (0.06) 
Income 0.139*** 0.136*** 0.243*** 0.140*** 0.242*** 
 (0.04) (0.04) (0.06) (0.04) (0.06) 
Black -0.828*** -0.835*** -0.877* -0.849*** -1.080** 
 (0.17) (0.17) (0.38) (0.19) (0.37) 
Hispanic -0.682*** -0.680*** -0.398 -0.626*** -0.234 
 (0.15) (0.15) (0.26) (0.16) (0.26) 
Female -0.716*** -0.722*** -0.820*** -0.618*** -0.690*** 
 (0.10) (0.10) (0.17) (0.10) (0.17) 
Party ID 0.051* 0.049* 0.069 # 0.053* 0.064 
 (0.02) (0.02) (0.04) (0.03) (0.04) 
X-section Indicator  -0.271 # -0.544 # 0.861 1.662 
  (0.14) (0.30) (0.74) (1.54) 
X-section Interactions      
Age    -0.016* -0.021 # 
    (0.01) (0.01) 
Education    0.122 0.047 
    (0.10) (0.17) 
Income    -0.044 -0.155 
    (0.10) (0.21) 
Black    0.413 1.928 # 
    (0.53) (1.15) 
Hispanic    -0.117 -1.076 
    (0.41) (0.73) 
Female    -0.751** -1.258* 
    (0.29) (0.52) 
Party ID    -0.010 0.039 
    (0.07) (0.13) 

Intercept 2.508*** 2.552*** 2.345*** 2.244*** 1.993*** 
 (0.29) (0.29) (0.50) (0.33) (0.50) 
R2 0.306 0.308 0.345 0.317 0.369 
n 1174 1174 1174 1174 1174 
Note: #<0.1, *<0.05, **<0.01, and ***<0.001. 
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Figure 1. Histogram and Quantile Normal Plot of the Distribution of T-Statistic Differences 
Across All Parameter Estimates. 
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Appendix A. Supplemental Tables 
 
Table A.1. Frequency of Total Number of Completed Surveys by Cohort 
 Cohort 1 Cohort 2 Cohort 3 Total 
0 17.1 8.3 11.7 15.4 
1 2.9 2.2 5.7 3.1 
2 1.9 2.2 2.5 2.0 
3 1.8 1.6 1.9 1.8 
4 1.4 1.6 3.2 1.7 
5 1.4 1.0 4.1 1.7 
6 1.2 2.5 3.2 1.6 
7 1.1 1.6 4.1 1.5 
8 0.7 2.2 6.6 1.6 
9 1.0 1.9 28.7 4.4 
10 1.1 2.5 28.4 4.5 
11 1.2 2.2 0.0 1.1 
12 1.1 1.9 0.0 1.0 
13 1.2 1.9 0.0 1.1 
14 1.3 1.3 0.0 1.2 
15 1.2 3.2 0.0 1.3 
16 1.0 5.7 0.0 1.4 
17 1.1 4.8 0.0 1.4 
18 1.7 13.3 0.0 2.9 
19 1.5 38.1 0.0 5.7 
20 1.9 0.0 0.0 1.5 
21 2.3 0.0 0.0 1.8 
22 4.4 0.0 0.0 3.3 
23 7.2 0.0 0.0 5.5 
24 41.5 0.0 0.0 31.6 
n 2,008 315 317 2,640 
 
 
  



 30 

Table A.2. Frequency of Last Survey Completed by Cohort 
 Cohort 1 Cohort 2 Cohort 3 Total 
0 17.1 8.3 11.7 15.4 
1 2.2 0.0 0.0 1.7 
2 1.2 0.0 0.0 0.9 
3 1.4 0.0 0.0 1.1 
4 1.2 0.0 0.0 0.9 
5 0.9 0.0 0.0 0.6 
6 0.8 2.2 0.0 0.8 
7 0.7 1.0 0.0 0.6 
8 0.9 0.0 0.0 0.7 
9 0.6 0.6 0.0 0.5 
10 0.5 1.0 0.0 0.5 
11 1.1 1.0 0.0 1.0 
12 0.8 1.0 0.0 0.7 
13 0.8 2.2 0.0 0.8 
14 1.2 1.0 2.2 1.3 
15 0.5 0.6 1.6 0.6 
16 0.8 2.9 1.6 1.1 
17 0.5 2.9 2.2 1.0 
18 1.0 1.9 1.9 1.2 
19 1.0 1.6 3.5 1.4 
20 1.1 0.6 2.8 1.3 
21 1.4 1.3 0.6 1.3 
22 2.1 2.5 6.6 2.7 
23 2.5 4.1 0.0 2.4 
24 58.3 63.5 65.3 59.8 
n 2,008 315 317 2,640 
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Table A.3. Select Demographics Across Types of Panel Members 
 All Cohort 1 Cohort 2 Cohort 3 Never 

Responded 
Attriters   

Age 65.01 66.73 65.15 53.75 63.42 62.91 
Education 3.81 3.85 3.80 3.59 3.24 3.53 
Income 2.75 2.78 2.67 2.59 2.28 2.56 
Female 52.99% 53.08% 52.28% 53.07% 54.67% 57.14% 
White 62.63% 69.65% 71.08% 75.62% 59.23% 60.05% 
Hispanic 22.63% 13.45% 13.98% 11.96% 22.09% 22.33% 
Black 9.80% 10.98% 10.46% 8.44% 12.71% 13.39% 
Asian 3.16% 3.69% 2.77% 2.19% 2.88% 2.77% 
Native 1.76% 2.06% 1.54% 1.56% 2.88% 1.62% 
Other Adults in HH 67.93% 68.53% 68.09% 64.42% 67.21% 65.70% 
Married 48.38% 49.70% 45.73% 43.69% 41.42% 42.00% 
Partner 5.80% 5.74% 5.79% 6.15% 7.90% 8.02% 
Divorced 11.84% 11.31% 10.98% 15.69% 11.72% 13.63% 
Widowed 6.08% 5.79% 7.01% 6.77% 8.17% 5.35% 
Never Married 11.48% 11.69% 10.98% 10.77% 10.08% 12.83% 
Other Marital Status 16.42% 15.77% 19.51% 16.92% 20.71% 18.19% 
Children 32.75% 33.66% 31.00% 29.44% 37.67% 36.07% 
Own Home 68.69% 68.09% 67.79% 65.34% 59.56% 61.11% 
Work for Pay 55.56% 56.94% 51.06% 52.47% 47.25% 50.80% 
Looking for New Job 26.19% 25.24% 34.73% 23.53% 28.49% 30.20% 
Only Landline 19.58% 19.58% 20.92% 18.21% 25.21% 17.11% 
Only Cell Phone 25.49% 24.57% 26.77% 29.32% 21.61% 29.14% 
Both Landline and 
Cell 

54.93% 55.85% 52.31% 52.47% 53.19% 53.74% 

Religious Frequency 3.41 3.42 3.35 3.44 3.71 3.4 
Political Interest 3.1 3.1 3.04 3.14 2.93 3.05 
Asked Political 
Opinions 

1.83 1.83 1.8 1.87 1.82 1.77 

Internet Use 4.6 4.59 4.65 4.65   
Ideology  4.11 4.13 3.85 4.23 4.21 4.01 
Party ID 3.63 3.65 3.46 3.64   
Partisan Strength 2.93 2.91 2.98 2.99   
Note: Attriters defined as those respondents who did not complete any surveys after survey wave 
20. 
 
 
 
 
 


