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The U.S. Consumer Expenditure Interview Survey asks many filter questions to identify the
items that households purchase. Each reported purchase triggers follow-up questions about
the amount spent and other details. We test the hypothesis that respondents learn how the
questionnaire is structured and underreport purchases in later waves to reduce the length of the
interview. We analyze data from 10,416 four-wave respondents over two years of data
collection. We find no evidence of decreasing data quality over time; instead, panel
respondents tend to give higher quality responses in later waves. The results also hold for a
larger set of two-wave respondents.
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1. Introduction

The Consumer Expenditure Interview Survey (CE) collects data from US households

about expenditures and income. CE data contribute to the calculation of the Consumer

Price Index, which determines adjustments to social security and other federal payments,

and are also analyzed by economists and policymakers to understand consumption

patterns. The CE has a rotating panel design: each month, some households are

interviewed for the first time, others for a second time, and so on. Respondents are

interviewed up to four times over ten months (National Research Council 2013; U.S.

Bureau of Labor Statistics 2016). In each survey wave, respondents report purchases that

their household has made in the last three months. Every reported purchase triggers

follow-up questions about, for example, the month of purchase and the amount spent.

This structure may allow respondents to learn that reporting fewer purchases makes the

survey shorter. The strategy of giving false answers to filter questions to reduce the

length of surveys is called motivated misreporting. This effect has been detected across

survey modes, countries and topics (Kreuter et al. 2011; Eckman et al. 2014; Bach et al.

2020).

In a panel survey, respondents may remember from one wave to the next how the filter

questions work and underreport more in later waves. In this situation, motivated
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misreporting becomes a form of changes-in-reporting panel conditioning: participating in

a panel survey changes the answers that respondents give (Yan and Eckman 2012; Sun

et al. 2018). A well known example of this phenomenon occurs in the eight wave Current

Population Survey (CPS), which measures labor force participation and unemployment.

Each report of unemployment triggers follow-up questions, and respondents in later waves

tend to underreport unemployment (Hansen et al. 1955; Bailar 1975; Solon 1986;

Halpern-Manners and Warren 2012; Hirsch and Winters 2016; Krueger et al. 2017).

Halpern-Manners and Warren (2012) present evidence that respondents do so to avoid the

follow-up questions that a report of unemployment triggers.

The CE interview is longer than the CPS interview, with many more filter and follow-up

questions. For this reason, we hypothesize that motivated misreporting in the CE could

also worsen with additional waves. The National Research Council worried about

this possibility as well in its evaluation of the CE (National Research Council 2013;

84–85):

It seems likely that respondents learn quickly in the first interview, and are reminded in

each successive one, that the interview will last longer if they answer “yes” to these

(filter) questions. : : : Fifty percent of field representatives said (this) happened

frequently or very frequently.

We hypothesize that repeated filter questions over waves also affect responses to the

follow-up questions. For the purchases respondents do report in later interviews, they

might round the amount spent or not report the amount, because recalling or looking up

these details requires additional effort.

We test for motivated misreporting and panel conditioning in Waves 2, 3, and 4 of the

CE using data from four-wave respondents between October 2016 and September 2018.

This article expands upon preliminary results reported in a short research note in the

economics literature, which used one year of data Bach et al. (2020). Section 2 reviews

relevant previous research. Section 3 describes the CE in more detail and presents our

approach to estimating the size of the panel conditioning effect. The results of the analyses

are given in Section 4 and discussed in Section 5.

2. Relevant Literature

In this section, we review several streams of literature relevant for this study and describe

how our study fills a gap in the existing research.

2.1. Motivated Misreporting

Experimental manipulations of filter question wording have shown that respondents take

shortcuts in a survey if given the chance. When the structure of the filter questions makes it

obvious that each “yes” response triggers one or more follow-up questions, respondents

adapt their reporting behavior and answer “yes” less frequently.

Evidence for motivated misreporting (also called “fatigue bias” (Lehnen and Reiss 1978)

has been found in many survey modes: web (Bach et al. 2020), mobile web (Daikeler et al.

2020), telephone (Kreuter et al. 2011; Bach et al. 2020; Eckman et al. 2014) and face-to-face

(Bach et al. 2020). The effect occurs across countries (Bach et al. 2020) and across topics,
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such as: household purchases (Kreuter et al. 2011; Eckman et al. 2014), mental health

(Jensen et al. 1999; Kessler et al. 1998; Duan et al. 2007), crime victimization (Lehnen and

Reiss 1978), and labor market behavior (Eckman et al. 2014; Eckman and Kreuter 2018).

Several studies also show that misreporting extends to the follow-up questions (Kreuter et al.

2011; Eckman and Kreuter 2018; Daikeler et al. 2020). Overall, there is clear evidence from

methodologically sound (experimental) studies that, on average, respondents do misreport

within a single survey when the structure of the interview allows it.

2.2. Panel Conditioning

Motivated misreporting can be especially harmful to the quality of survey responses in

longitudinal surveys: respondents may recall how the filter questions work and use this

knowledge to avoid follow-up questions in later waves. Motivated misreporting is one way

in which respondents in longitudinal surveys may become worse-reporters over time. It is

also possible, however, that respondents become better-reporters in later waves, due to

increasing motivation or trust (Waterton and Lievesley 1989). Both the worse- and better-

reporters hypotheses are forms of panel conditioning in which participating in a survey

changes the answers respondents give.

Several studies find evidence for the worse-respondent hypothesis: for example, in

reports of expenditures for home alteration and repair jobs (Neter and Waksberg 1964),

functional limitations among the elderly (Mathiowetz and Lair 1994), and use of personal

hygiene products (Nancarrow and Cartwright 2007). Likewise, Schonlau and Toepoel

(2015) find that straightlining occurs more often among experienced respondents.

Moreover, as mentioned above, CPS respondents underreport unemployment after their

first interview (Hansen et al. 1955; Bailar 1975; Solon 1986; Halpern-Manners and

Warren 2012; Hirsch and Winters 2016; Krueger et al. 2017). Other studies support the

better-respondent hypothesis. Over waves, respondents respond more honestly

(Struminskaya 2016), more accurately (Angel et al. 2017), and are less likely to give

socially desirable answers (Waterton and Lievesley 1989).

However, other scholars find no evidence of either decreasing or increasing data quality

over the waves of a panel survey. These studies investigate reports of health care

utilization and expenditures (Cohen and Burt 1985), responses to knowledge questions

(Struminskaya 2016) and attitudinal questions (Sun et al. 2018). An experimental test of

the motivated misreporting effect over waves finds no evidence that respondents

underreport more in the second wave in a monthly online panel (Bach and Eckman 2018).

The inconclusive findings regarding motivated misreporting in panel surveys (i.e., panel

conditioning) are likely the result of the different methods used to measure panel

conditioning. Identifying panel conditioning effects is difficult, in part because of the need

to disentangle bias caused by panel attrition from bias caused by panel conditioning (Bach

2021). Unfortunately, most of the studies mentioned above do not disentangle these effects

(for exceptions, see Halpern-Manners and Warren (2012); Struminskaya (2016); and Bach

and Eckman (2018)). However, elimination of these confounding sources of error is

essential if we wish to attribute changes in reporting behavior to repeated panel survey

participation. Before we describe our approach to estimating panel conditioning, we

briefly review previous research on motivated misreporting and panel conditioning in

the CE.

Eckman and Bach: Panel Conditioning in Expenditure Survey 55



2.3. Misreporting in the CE

A handful of studies have investigated motivated misreporting and panel conditioning in the

CE. For a review of other forms of measurement error in the CE, see Fricker et al. (2015).

Previous research is mixed about whether motivated misreporting occurs in the first

wave of the CE. Comparison of CE purchase reports to external measures of expenditures

reveals that CE data are generally of high quality. Small and irregular purchases (such as

clothing) and items that may be susceptible to bias due to social desirability (such as

alcohol and tobacco) are most likely to be underreported (Bee et al. 2015). McBride (2013)

investigates whether reports of household purchases decline over the course of the CE

interview using data collected in May 2011, but does not find strong evidence for his

hypothesis. Eckman (2020) estimates that respondents underreport purchases by about 5

percentage points in Wave 1 of the CE. However, Bosley et al. (1999) find no evidence of

motivated misreporting in a small study modelled after the CE.

Regarding reporting over waves in the CE, previous studies find small to no evidence

supporting decreasing quality (Silberstein and Jacobs 1989; Yan and Copeland 2010;

Shields and To 2005). These studies account for potentially confounding effects due to

attrition by restricting their analysis samples to all-wave respondents. Silberstein and

Jacobs (1989, 296) find no changes across waves in more than half of the expenditure

categories. In a follow-up paper, Silberstein (1990) detects more reports in Wave 1 relative

to later waves, which can be interpreted as evidence of motivated misreporting panel

conditioning. However, she interprets the finding as overreporting in Wave 1 due to

telescoping. Yan and Copeland (2010) study CE reports from one quarter in 2008 and

detect no panel conditioning effects in the mean number of expenditure types reported or

in total expenditures. Shields and To (2005) analyze expenditures for trips and vacations

reported by respondents between April 2001 and March 2002 and report small to no

evidence for underreporting of expenditures in these categories. These studies do not

clearly support either the worse- or better-reporters hypothesis.

Although these studies exploit the rotating structure of the CE to eliminate confounding

sources of error (attrition), their findings are limited to mean or total expenses reported

(Silberstein and Jacobs 1989; Silberstein 1990), short periods of data collection (Yan and

Copeland 2010) or a small subset of purchases (Shields and To 2005). For these reasons,

we have conducted a new study of motivated misreporting over waves in the CE, using a

diverse set of purchases and a large sample.

3. Consumer Expenditure Interview Survey

The CE uses face-to-face and telephone interviewing to administer a 60 minute interview

about household purchases (U.S. Bureau of Labor Statistics 2016). Any adults in the

household can respond to the survey, and households remain in the survey for four waves (ten

months). Data collection is continuous: each month some households are participating for the

first time and others for the second, third or fourth time (U.S. Bureau of Labor Statistics 2016).

We utilize the CE’s rotating design to investigate whether respondents in later waves change

their response behavior. We think of the respondents in a given month as having different

exposure to treatment, the survey interview, and estimate the effects of increasing exposure.

For a discussion of panel conditioning as a treatment effect, see Bach and Eckman (2019).
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3.1. Data Preparation

If we simply compare the responses collected from Wave 1 respondents to those collected

from Wave 2, 3 and 4 respondents in the same months, we risk confounding changes in

reports with changes in who responds in each wave. For example, households with stable

employment may be more likely to stay in the sample for four waves, but these households

may also have higher incomes and thus different spending habits. We want to estimate the

difference in reports over waves after controlling for differences in the characteristics of

the respondents over waves. To do so, we used the approach of Halpern-Manners and

Warren (2012) and Halpern-Manners et al. (2016).

Table 1 depicts the design. The different samples are shown down the columns. Sample

A responded for the first time in January 2016 and for the second time in April 2016. In

October 2016, when Sample A was responding for the fourth time, Sample D responded

for the 3rd time, Sample G for the second time, and Sample J for the first time. For

analysis, we use responses only from October 2016–September 2018 (shown in bold in the

table) from four-wave respondents. The data from the prior months is used only to

determine which cases in Samples A–I were four-time respondents. Similarly, data from

months after September 2018 are needed only to identify which respondents in Samples

AE–AM completed four waves of the survey. Consider Sample J, which responded for the

first time in October 2016. Not all data collected from Sample J cases in that month are

included in the analysis data set. We peek ahead to January, April, and July 2017 to see

which cases in Sample J responded four times. We then include in the analysis data set

responses in October 2017 from only those Sample J cases that went on to respond four

times. The analysis data set contains 10,416 cases and 30,487 interviews. In each month,

our data set contains responses from respondents in each wave, which eliminates

confounding with time and seasonal patterns in purchases.

To test the robustness of our results, we repeat all analyses on two-wave respondents.

We repeat all of the above data preparation steps to extract Wave 1 and Wave 2 responses

collected October 2016–September 2018 from households that completed two or more

waves of the survey. This data set contains 14,442 cases and 27,852 interviews.

The data preparation approach described above should remove attrition bias. To test that

the data set is balanced across waves, we fit two multinomial regression models on the

four-wave data set. The dependent variable in each is wave, taking values 1, 2, 3 and 4.

The independent variables are housing unit, household and respondent characteristics. The

first model (n ¼ 29,886) drops cases with missing values in the independent variables. The

second (n ¼ 30,487) uses a data set where the missing values are filled via multiple

imputation. Significant coefficients in the models would suggest that respondents in a

wave differed from respondents in Wave 1. None of the variables is significantly

correlated with wave at the 5% level. These results reassure us that our approach has

eliminated confounding on these variables, suggesting that there are no meaningful

differences (in these variables) between Wave 1 respondents and Wave 2, 3 and 4

respondents, aside from their exposure to the survey. Therefore, differences in reports

between respondents with varying levels of panel experience should be due only to

experience with the survey itself. See Appendix (Subsection 6.1) for more information on

these models.
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3.2. Analysis

After creating the analysis data set, we compare the means of four outcome variables

across the waves: the number of purchases reported, the average amount spent, the number

of reports where the amount is rounded, and the number of reports for which the amount

spent is missing. We include expenditures from six sections of the CE: clothing,

memberships, utilities, vehicle licensing expenses, vehicle operating expenses, and

miscellaneous. These sections have high rates of purchases per item and are asked in the

same way in each wave. If motivated misreporting panel conditioning is present, we

should detect it in these sections. Table 2 gives descriptive statistics for the four outcome

variables for the four-wave and two-wave data sets.

Rounding is defined as a substantially higher frequency of a value relative to the

frequency of neighboring values. To flag rounded values, we first divide the reported

amounts (a) into five ranges (r): a , USD 10; USD 10 # a , USD 100; USD 100 # a ,

USD 1,000; USD 1,000 # a , USD 10,000; a $ USD 10,000. (All amounts collected in

the survey are rounded to the nearest whole dollar.) We next calculate the frequency of

each reported amount (na) and order those frequencies by the amount. We then take the

first differences – the difference in frequencies between two consecutive amounts: da ¼

na – naþ1. We find the average and standard deviation of these first differences within each

range: d̄r, sr(d). If the frequency of a given amount is more than two standard deviations

larger than the average frequency, then that amount is flagged as rounded; that is: I (da .

d̄r þ 2 £ sr(d )) (Wilson and Abdirizak 2017).

Motivated misreporting predicts fewer purchases over waves, as hypothesized by the

National Research Council report quoted above. It also predicts greater average amounts

in later waves: respondents who want to reduce the burden of the survey might fail to

report small (in price) purchases, increasing the average reported amount. Higher average

amounts would indicate that only large purchases are reported and small purchases

ignored. Following the motivated misreporting literature, we also expect to see more

rounded amounts and more missing values in Waves 2, 3 and 4 relative to Wave 1 as

respondents put less effort into the retrieval process. If we have eliminated attrition bias

from the data set, simple mean comparisons are sufficient to test for changes in responses

across waves (Halpern-Manners and Warren 2012).

All analyses were done in R 4.0.2 (R Core Team 2020); Appendix (Subsection 6.2)

gives the packages used. The analyses are unweighted and do not account for the

clustering in the sample, because the goal is not to make inference to the population but

rather to investigate the response behavior of the panel respondents.

4. Results

For each case-wave in the four wave analysis data set, we calculate the number of

purchases reported, the average amount of each purchase, the number of rounded amounts,

and the number of missing amounts. Figure 1 shows the mean of each measure by wave

(indicated by a dot) as well as the 66% and 95% confidence intervals on the estimate of the

mean.

Looking at the upper left graph, the average number of purchases reported by

respondents increases from Wave 1 to Wave 2 and decreases again in Waves 3 and 4, but
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no wave is significantly different from Wave 1. This pattern does not match our

expectations that the average number of reported purchases would decline over waves. In

the upper right graph, we see lower average amounts reported in Waves 2, 3 and 4, though

only Waves 3 and 4 differ significantly from Wave 1 (t ¼ 23.41, t ¼ 22.52,

respectively). We interpret lower average amounts as an indicator of better data quality –

respondents take the time to report small purchases that they could underreport if they

wanted to make the survey shorter. In the bottom row of Figure 1, there are fewer rounded

and missing amounts in later waves than in the first wave; the means in all waves are

significantly lower than Wave 1 at any conventional threshold (t ,25.5 for all

comparisons of later waves with Wave 1). These results are clear evidence that four-wave

respondents become better reporters after the first interview.

The results are similar when we broaden the analysis sample to include those who

responded in two (or more) waves (Figure 2). Again the number of reported purchases and

the average amount spent are not significantly different across waves. The decrease in the

number of rounded and missing amounts is highly significant (t ,27.8).

9.5 195

190

185

180

Purchases Average Amount

Rounded Amounts Missing Amounts

Wave

9.4

9.3

9.2

9.1

2.9

2.8

2.7

2.6

2.5

0.14

0.12

0.10

0.08

2.4

1 2 3 4

Wave
1 2 3 4

Wave
1 2 3 4

Wave
1 2 3 4

Fig. 1. Estimates of means of outcome variables among four-wave respondents, by wave.

Note: Figures show mean and 66% (thick lines) and 95% (thin lines) confidence intervals.
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We find no evidence that respondents on average underreport purchases or introduce

more measurement error in later waves of the CE. In fact, there is strong evidence that they

become better reporters over the four waves.

5. Discussion

We have tested the hypothesis that CE respondents underreport purchases in later waves to

reduce the length and burden of the survey. To estimate the effects of panel conditioning,

we took advantage of the rotating structure of the CE and limited analysis to respondents

who completed four interviews. This approach to measuring panel conditioning shoud

eliminate confounding with attrition. Our results show that panel conditioning occurs in

the CE; respondents change the way they respond over time as a result of participating in

the study. However, the direction of the changes is different than we hypothesized.

Contrary to expectations, respondents become better reporters in later waves. Four-wave

respondents do not appear to underreport purchases in later waves to avoid follow-up

questions. In later waves, they are less likely to report rounded and missing amounts.
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Purchases Average Amount

Rounded Amounts Missing Amounts

Wave
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0.14
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0.10

1 2

Wave
1 2

Wave

Wave

1 2

1 2

Fig. 2. Estimates of means of outcome variables among two-wave respondents, by wave.

Note: Figures show mean and 66% (thick lines) and 95% (thin lines) confidence intervals.
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These results are not good news for all users of CE data, however. Economists often use

the longitudinal CE data to understand how household purchases change over time in

response to policy or income changes (Parker et al. 2014). If measurement error were

constant over waves, it would fall out of estimates of changes and not bias results.

However, our results show that measurement error is not constant. Thus, the panel

conditioning we detect in this study can introduce bias into longitudinal estimates. We

recommend that researchers carefully think through how changing measurement error

over waves may affect the results of their analyses.

The results presented here help clear up the contradictory findings in previous

investigations of motivated misreporting in the CE. Eckman (2020) detects underreporting

in Wave 1, but Bosley et al. (1999) does not. However, the latter study used a panel design

and tested for underreporting only in the second wave. The results in this article suggest

that behavior in the second wave is different than it is in the first.

However, if respondents underreport in Wave 1, why does the effect not grow in later

waves? A possible explanation is that respondents become more engaged with the

interviewing task over time (Waterton and Lievesley 1989; Yan and Eckman 2012). After

the first interview, respondents may realize how important it is that they give accurate

reports of their spending. Previous research has shown that respondents make more use of

records in later waves (Edgar 2010) and record use is associated with fewer rounded and

missing responses (Edgar and Gonzalez 2009).

A second explanation is that motivated misreporting occurs in the CE through attrition

rather than through measurement error. That is, respondents who found the survey

repetitive or burdensome may simply choose not to participate in additional waves. If so,

only those who did not find the filter questions burdensome would go on to the Waves 2, 3

and 4, explaining why we do not find motivated misreporting in these waves.

We can find some support for the hypothesis that motivated misreporting in the CE

leads to attrition rather than measurement error by comparing the CE to the CPS. Both are

longitudinal surveys collected by U.S. Census Bureau interviewers and selected from the

same household frame. But, as discussed above, CPS respondents engage in motivated

misreporting in later waves, while CE respondents do not. What might explain the

different response behavior in the CE and CPS? An important difference between the two

surveys is their response rates. In September 2018, the last month in our analysis data set,

the CE response rate was 56.5%; in the same month, the CPS response rate was 85.1%

(U.S. Bureau of Labor Statistics 2020). It may be that CE respondents who would

underreport in later waves attrit instead, whereas CPS respondents do take part in later

waves and underreport unemployment. However, Bach et al. (2020) finds little evidence

that reluctant respondent engage in more motivated misreporting than others. We hope

future research will investigate this hypothesis further.
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6. Appendix

6.1. A Balance Across Waves Among Four-Wave Respondents

The approach we use to study panel conditioning restricts analysis to data collected from

four-wave respondents between October 2016 and September 2018. In this data set, we

compare the responses given by respondents at different waves. This approach relies upon
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the assumption that there are no other differences in the respondents at each wave except

their exposure to the survey.

We test this assumption with a multinomial model. The dependent variable in the model

is the wave indicator. The independent variables are household and respondent

characteristics collected in the CE. The household characteristics used are number of

rooms, bedrooms and bathrooms in the housing unit, tenure, and the number of people in

the household. The values of these variables are taken from the first-wave interview. The

respondent characteristics used are race (white/African American/other), education (eight

categories), and language of interview. Because the respondent can change over waves,

the values of these variables are taken from each wave’s interview. We do not expect that

the respondent characteristics themselves suffer from panel conditioning, because they are

collected early in the interview and do not trigger follow-up questions. About 2% of cases

(n ¼ 601) had missing values in one or more of the independent variables. We imputed

values for the missing data using predictive mean matching (Little 1988) and created five

imputed data sets.

Figure 3 displays the estimated coefficients and their standard errors from the two

models. The right side shows the coefficients from the model run on the complete cases

(n ¼ 29,886). The left side shows the results from the model run on the imputed data set

(n ¼ 30,487). In each model, no coefficients are significantly different from zero at the 5%

level, evidence that there are no substantial differences among the cases in our analysis

data set by wave.

6.2. R Packages Used

The following R packages were used in analysis: tidyverse (Wickham et al. 2019), mice

(Van Buuren and Groothuis-Oudshoorn 2011), nnet (Venables and Ripley 2002), table

(Huntington-Klein 2020), Hmisc (Harrell Jr et al. 2020), jtools (Long 2020), skimr

(Waring et al. 2020), and markdown (Allaire et al. 2019).
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