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Higher levels of perceived burden by respondents can lead to ambiguous responses to a
questionnaire, item nonresponse, or refusals to continue participation in the survey which can
introduce bias and downgrade the quality of the data. Therefore, it is important to understand
what might influence the perception of burden in respondents. In this article, we demonstrate,
using U.S. Consumer Expenditure Survey data, how regression tree models can be used to
analyze the associations between perceived burden and objective burden measures
conditioning on household demographics and other explanatory variables. The structure of
the tree models allows these associations to easily be explored.

Our analysis shows a relationship between perceived burden and some of the objective
measures after conditioning on different demographic and household variables and that these
relationships are quite affected by different respondent characteristics and the mode of the
survey. Since the tree models were constructed using an algorithm that accounts for the
sample design, inferences from the analysis can be made about the population. Therefore, any
insights could be used to help guide future decisions about survey design and data collection
to help reduce respondent burden.
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1. Introduction

The Consumer Expenditure Survey (CE) is a national survey conducted by the U.S.
Bureau of Labor Statistics (BLS) to collect data on how American households spend their
money. The collected data are used to estimate consumer expenditures, which are
published twice a year, as well as to annually produce public-use microdata files to allow
researchers to do their own analyses. This is the only federal survey that provides
information on U.S. consumer expenditures as well as household income and demographic
characteristics, making the data it collects critically important to government and private
agencies examining the association of consumer expenditures and income to household
characteristics. This type of analysis is used by economic policy makers to understand the
effects of policy changes on households among diverse socioeconomic groups.
Importantly, CE data are inputs for producing the Consumer Price Index (CPI), a
Principal Federal Economic Indicator, used by The Federal Reserve to help set U.S.
monetary policy. The data are used to construct new “market baskets” of goods and
services, determine the relative importance of components, and to derive cost weights for
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the market baskets used in the calculation of the CPI. CE data are also used by the
Department of Commerce for calculating the Supplemental Poverty Measure, by the
Department of Agriculture for estimating the cost of raising a child, by the Internal
Revenue Service for calculating alternate sales tax standard deductions and by the
Department of Defense for determining cost-of-living allowances for military personnel.

Because of the essential role that CE data play in setting policy and in the managing of
the U.S. economyj, it is imperative that the quality of the data be maintained at the highest
level possible. Lower response rate is one way that the quality of survey data can be
degraded. A low response rate can potentially introduce response bias as well as increase
the variability of statistics obtained from the data (Groves 2006). In addition, low survey
response rates erode user confidence in the data.

For these reasons, the BLS has put a great deal of effort into maintaining a high response
rate for its surveys. These efforts include the introduction of computer-assisted personal
interviewing and an instrument to track interviewer contacts, as well as a redesign of the
survey (Edgar et al. 2013a,b). Despite these changes the CE has observed a decay of the
response rate to its surveys over the last two decades.

Figure 1 shows the response rates of the CE interview survey falling from a rate of
around 80% to a rate of less than 50% over a 21 year period. Falling response rates is
hardly unique to CE. Czajka and Beyler (2016) found that response rates were declining at
a similar rate for all the U.S. federal surveys that they studied including the National
Health and Nutrition Examination Survey and the Current Population Survey. The large
dip in the CE response rate that occurred late in 2013 was due to the disruption of data
collection and nonresponse follow-up efforts caused by the government shutdown.

One factor that may have an effect on response rates of a survey is the amount of burden
a survey puts on respondents. Burden is something that is difficult to bear, worrisome,
stressful, or oppressive. In survey research, burden is often thought of as the collection of
all costs that the survey respondent incurs for responding to the survey, including loss of
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Fig. 1. Response rate of CE interview survey from january 2000 to june 2020.
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time, exertion of effort, and stress associated with providing the requested information
(Ashmead et al. 2017).

While how much stress or worry is felt by a respondent will depend on the individual,
there are objective measures of burden that can be collected for each survey interview.
These include length of the interview, number of questions asked, and whether
information from records were required to answer the questions. Because of its breadth,
the CE Quarterly Interview Survey (CEQ) is likely burdensome based on these measures,
taking almost an hour to complete with many questions requiring the respondent to look
through receipts or other records to answer.

Though these objective measures do not measure the actual burden felt by a respondent
(perceived burden), one would expect that they are related and therefore have an effect on
the response rate. However, evidence of the effect objective measures of burden have on
the response rate of a survey have been mixed in the literature. Indeed, Bogen (1996)
reviewed several observational and experimental studies of the relationship between
questionnaire length and the response rate and found evidence both supporting and
refuting a relationship. For instance, Lynn (2014) found no evidence that the initial
interview length affected the participation rate for subsequent interviews while Galesic
and Bosnjak (2009) did find evidence that the length of the questionnaire affected response
rates and data quality. Nevertheless, time required to take a survey is definitely a cost that
potential respondents weigh when deciding whether to participate in a survey and must be
accounted for when measuring burden. Interview length was a significant input variable in
the respondent burden model of Fricker et al. (2014).

These mixed results may be attributed, in part, to the fact that it is the perceived burden
that affects a potential respondent’s decision whether or not to participate and how a
respondent reacts to the objective measures of burden vary for different respondents
(Sharp and Frankel 1983). The amount of burden felt (or perceived) by a respondent is
likely not perfectly correlated with the objective measures of burden like length and
difficulty of the survey, but rather an interaction between these measures and
characteristics of the respondent. For example, though Fekete et al. (2017) do not find a
strong correlation between objective and subjective burden, they find that high subjective
burden was linked to poorer general health. Though not tested in their report, this result
could indicate that respondents with health issues are more sensitive to the objective
measures of burden than other respondents.

Though a short survey is likely to have less perceived burden than a long survey in
general, which surveys are judged to be short, and which are judged to be long will depend
on the individual doing the judging, on their current circumstances, on their interests and
on the topic of the survey, among other things. Likewise, which questions are difficult to
answer can vary considerably among people depending on their household and personal
situation at the time they are participating in the survey. Therefore, a measure of the
amount of perceived burden a survey is likely to impose along with the objective measures
of burden is needed to determine how the response rate of a survey is likely to be affected
by the objective measures of burden.

Another factor found to influences the relationship between perceived burden and
quantitative measures of burden is the participant’s impression of the importance of the
survey or it’s salience. Salience is defined as “the quality of being particularly noticeable
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or important” (Cannell et al. 1981). Survey researchers have long known that how salient
the topic of a survey or particular questions are to a respondent can affect the response
rates. For instance, Bradburn (1978) found that a boring questionnaire may drive
respondents away, while an interesting one may motivate them.

Bradburn (1978) explained that survey interviews are social interactions and researchers
must first understand the respondent’s motivation to participate in a survey interview. He
recommended using a sense of civic duty and knowledge about the importance of the
survey as motivators for participation, putting emphasis on how the questionnaire design
can contribute or mask burden of a survey; noting that burden appeared to become more
tolerable for respondents who are persuaded that the collected data are crucial.

Groves et al. (2000) found evidence that respondents maybe more willing to participate
in a burdensome cognitive activity for a salient topic than for a non-salient one. Groves
et al. (2001) used measures of opportunity cost and salience as components of social
interaction. Likewise, Connelly et al. (2003) studied mail survey response rates and found
the salience of the study topic was among the five most significant explanatory variables in
their model for response rate. They found a 25% increase in response rates for the highly
salient survey compared to the non-salient survey. Fricker et al. (2014) also suggests that
the perception of burden was associated with non-salient (less motivated) topics.

For example, participating in a survey on early childhood education that takes a half
hour to complete might feel like no burden to a respondent who is concerned about their
young children’s education, but may seem like a big inconvenience to someone without
young children. Therefore, Cannell et al. (1981) suggest that helping a respondent
recognize that the intent of the survey is important to them could mitigate survey burden.

For a given survey, the amount of perceived burden that responding to it will induce
depends on the current circumstances of the individual, the quantitative measures of
burden for the survey, as well as the survey’s salience to that individual. This suggests that
to estimate the likely burden of a survey, one must account for the characteristics of the
individual respondent as well as the objective measures of burden and that this relationship
between the factors could be complicated.

Getting an accurate understanding of how perceived burden for a given respondent is
affected by changes to the survey design is very important to CE. This could help drive
future changes to the survey that reduce burden and slow or stop the decline of response
rates. Besides reducing response rates, there is evidence that higher levels of burden are
associated with measurement error which also impact data quality (Abayomi et al. 2018;
Ashmead et al. 2017). Therefore, understanding and measuring what impacts the burden
felt by the respondent is necessary for mitigating the burden put on respondents which is
critical for maintaining the quality of the data and the sustainability of the survey.

In order to properly understand the relationship between perceived burden and the
objective measures of burden using data collected as part of the survey, one must account
for both the differences in respondents as well as the survey’s sample design. In this article
we demonstrate the use of regression tree models to study relationships between perceived
burden and objective burden measures conditioned on characteristics of the survey
respondent using CE data. Regression trees are an easily interpreted nonparametric
conditional model type that can make it easy to understand interaction effects. In this case
the interactions between objective and subjective burden and survey, respondent, and
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household characteristics. To obtain these models, we use the # package rpms which
builds regression trees that account for the sample design in their estimation (R Core Team
2020; Toth 2020).

When trying to assess the amount of perceived burden a survey puts on a participant,
objective measures such as measures of the time and effort required to complete the survey
are often used as a proxy (Rolstad et al. 2011). Our analysis will show that the effect of
these objective measures of burden on the perceived burden are different for different
households in the CE interview survey. Our findings also show the effect of respondent
characteristics and the mode of the survey on these relationships.

If the proposed models could “predict” the perceived burden outcome variable
accurately conditionally on the household data collected during the first wave of
collection, the predicted values could be used to warn of respondents who are likely to
experience high levels of burden which could lead to nonresponse or data quality issues in
future waves. This could potentially allow survey administrators to intervene before the
next data collection or make changes to collection procedures to head off potential issues.

The rest of the article is organized as follows. The CE survey data and how it is collected
is described in Section 2. This section includes a description of the variables in the data set
used for the analysis, including the created perceived burden measure. Section 3 contains
the regression tree model analysis showing how the relationship between subjective
burden and the objective burden measures depend on the household and demographic
characteristics of the respondent. A discussion of the study results and their potential
utility in future survey designs is contained in Section 4.

2. CE Interview Survey Data

The CE data on household spending, demographic and socioeconomic characteristics are
collected through two separate household surveys, the CEQ and the Diary Survey. While
the Diary Survey collects data on smaller purchases and irregular expenditures, the CEQ is
designed to collect data on large and recurring expenditures that consumers can be
expected to recall for at least three months, such as rent and utilities. Together, the data
from the two surveys cover the complete range of consumer expenditures.

The interview survey is conducted through a structured questionnaire using one of two
collection modes: personal visit or telephone. Households are selected to be in the panel
using a two-stage cluster sample of addresses where the clusters are geographical regions
defined by groups of counties. The 91 clusters are selected using a PPS (probability-
proportional-to-size) sample with 23 certainty units and then addresses are randomly
selected within each chosen cluster.

Data are collected from the sample of households over four waves. During the first wave, a
field representative collects the demographic and social-economic characteristics of the
household and the spending during the previous month to use as a baseline. Expenditure data is
collected for each household in the sample using a multiple panel questionnaire during the
second, third and the final waves. See Yang (2019) and U.S. Bureau of Labor Statistics (2018)
for more information on the sample design and data collection procedures.

The response rate is defined as the proportion of eligible sampled housing addresses
from which usable interviews were obtained. A sampled housing address is determined to
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Fig. 2. Illustration of the CE interview survey process.

be ineligible if the house is vacant, under construction, destroyed, abandoned, converted to
nonresidential use, or contains temporary residents.

The CE interview survey collects household expenditure data over four waves occurring
every three months. In the first wave, demographic questions about the household are
asked. Also in the first wave, income and employment information is collected. This
information is then updated in the final wave of the survey. After completing the interview
in the fourth wave, the respondent was asked four questions aimed at measuring the
amount of burden they felt as a result of taking the survey. The burden questions are not
part of the usual CE interview survey process and were only asked between the April 2017
and March 2018 study period. In general, the response rate of the interview survey tends to
drop from wave 1 to wave 4.

The length and difficulty of a survey is likely to contribute to the attrition of respondents
between the first and fourth waves (Kashihara and Ezzati-Rice 2004; Young et al. 2006;
Gustavson et al. 2012). For instance, CE lost 22.5% of respondents to the interview survey
between wave 1 and wave 4 of the survey in 2017 (Yang 2018). Because the attrition of
respondents could impact data quality, it is important to try to reduce attrition by
mitigating the burden that the survey imposes on respondents as much as possible through
changes to the design and/or collection methods of the survey (Kashihara and Ezzati-Rice
2004; Baird et al. 2008; Cohen et al. 2013).

In order for CE to make meaningful changes to their data collection efforts, it is
important to monitor and understand what causes a respondent to feel burdened by the
survey and whether or not variables usually thought to be associated with burden, the
objective measures of burden, are related to the amount of perceived burden actually felt
by respondents. It is important to account for other survey features or respondent
characteristics when assessing the relationship between perceived burden and the
objective measures of burden because these can affect a respondent’s experience of
burden. Ignoring these other factors can lead to a misleading interpretation of how certain
objective measures of burden are related to perceived burden including making them
appear unrelated (Fricker et al. 2014).

We wish to understand how the objective measures of burden, which are obtained as
part of the usual CE data collection process, are related to respondents’ perceived burden
in the CE Interview Survey conditioned on the household characteristics of the respondent.
This analysis can help determine which objective burden measures are associated with
perceived burden and by how much for different respondents.

One challenge in doing this type of analysis is that in general, surveys do not usually
collect measurements of perceived burden (Bradburn 1978). Indeed, in their meta-analysis
of studies that examined response rates in relation to a questionnaire’s length, Rolstad et al.
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(2011) found only three studies that had data that directly asked respondents which
questionnaire they preferred and why. Thus, only three of the studies used data that
measured respondent burden directly while 25 studies were found that examined the
relationship indirectly by means of response rates.

Like most surveys, the CE interview survey does not typically include questions asking
respondents directly about the burden they felt filling out the survey. In order to obtain data
measuring this more directly, CE engaged in a study with its interview survey between
April 2017 and March 2018, in which respondents in the final wave of data collection of
the CE interview survey were asked to answer four questions at the end of the
questionnaire that were designed to measure the respondent’s perception of burden.
Respondents were asked to choose answers among “Not at all”, “A little”, “Somewhat”,
“Very” or “Extremely” to questions about the amount of burden they felt filling out the
survey, how difficult it was to fill out, how sensitive the questions were and if the survey
was too long. To get the exact wording of the questions and the possible answers, see U.S.
Bureau of Labor Statistics (2017). The relative frequency of responses to the four
questions are given in Table 1. For this analysis we use the data from the 6,067 CE
interview survey respondents who answered the burden questions at the end of the last
wave of their data collection. We can see from these responses that more than half of
respondents did not feel the questionnaire was too long or that the questions were very
burdensome, difficult or sensitive.

The objective of the analysis demonstrated in this article is to understand the varying
effect objective measures of burden have on perceived burden for different household
types defined by their demographic and socioeconomic characteristics. To do this analysis,
we will need a measure of the perceived burden for each respondent as well as variables
that are considered objective measures of burden and variables capturing demographic and
socioeconomic information about each respondent and their household.

To quantify the perceived burden felt by a respondent into a single value, we create a
composite subjective burden score from the respondents’ answers to the four burden
questions. First, we assign numeric values to each of the answers of the perceived burden
questions, ranging from five for the strongest response, “extremely,” to one for the
weakest, “not at all,” and perform a principal component analysis on these values (Bollen
et al. 2001, 2002). However, as Kolenikov and Angeles (2004, 2009) point out, principal
component analysis is not well suited for ordinal data where the values are unlikely to

Table 1. The unweighted response rates for each of the response choices to questions on how burdensome,
difficult, or sensitive the questions were to answer and how long the survey was in total.

Relative frequency
Questions Not at all A little Somewhat Very Extremely
Burdensome 34.3% 30.2% 24.1% 7.4% 4.1%
Difficult 44.7% 29.9% 20.3% 3.7% 1.3%
Sensitive 35.3% 26.5% 22.3% 10.4% 5.6%
Very short Somewhat Neither short Somewhat Very long
short nor long long
Length 4.9% 15.6% 41.8% 28.0% 9.8%
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Table 2. Description of explanatory variables. For each numeric variable the mean, median, (standard
deviation) and (range) are given. For each categorical variable the percentage of each response is given. All the
statistics and percentages given in this table are unweighted.

Variable Description Descriptive statistics (unweighted)
NEXP Number of expenditures reported 31.0, 33.8, (14.2),[0.0, 120.0]
TIME Interview time (minutes) 63.4,57.3, (31.7), [6.9, 374.5]
INC Household income before tax (USD) 62,036.8, 42,000.0, (82,140.8),

[-18,572.0, 2865,000.0]

PERL6 Number of people in the household less than 6 years old 0.2, 0.0, (0.5), [0.0, 4.0]

PERLI18 Number of people in the household < 18 years old 0.6, 0.0, (1.0), [0.0, 11.0]
PERO64 Number of people in the household > 64 years old 0.4, 0.0, (0.7), [0.0, 3.0]

NCHD Total number of children 0.7, 0.0, (1.1), [0.0, 11.0]
NUMDK Number of “Don’t Know” responses 0.0, 57.3, (1.6), [0.0, 24.0]
NUMRF Number of questions not answered 0.1, 0.0, (0.6), [0.0, 16.0]

FAMSIZ Number of members in the household 2.4,2.0,(1.5),[1.0,15.0]

BOOK If the respondent used the information booklet Yes 38.0%, No 62.0%

RECS If the respondent used the financial records Yes 54.3%, No 45.7%

TENURE Whether the household owns or rents their home Homeowner 64.8%, Renter 36.9%
MORT Whether the household has a mortgage Yes 36.2%, No 63.8%

MODE Interview mode Phone 40.7%, Visit 59.3%

CREF Respondent initially refused but was persuaded Yes 13.6%, No 86.4%

DOOR Door step concerns No concerns 81.2%,

Busy and logistics 8.2%,
Privacy and government 7.5%,
Other concerns 3.1%

HEDU Highest education in the household < high school 6.7%, High school 18.6%
Some college 32.3%
Bachelors and above 42.4%
FAMT Family type Married couple 49.7%,

Single father 0.9%,

Single mother 4.1%,

Other 45.3%

URBAN Urban or rural area Rural 18.4%, Urban 81.6%
Cannot be Determined 18.4%

follow a normal distribution, leading to estimates that are biased toward zero. For ordinal
(or categorical) data where values are assigned in the manner here, Kolenikov and Angeles
(2004) found that applying principal component analysis using a polychoric correlation
matrix (Pearson and Pearson 1922; Olsson, 1979) rather than the standard correlation
matrix corrects for that bias. Using the first component from this principal component
analysis, as in Yang (2019), we obtain a single composite measure for each respondent that
range in value from 3.4 to 17.0, with a median value of 7.6 and a mean of 8.0.

To help understand what can cause survey participants to feel burden, we model the
relationship between this perceived burden measure and several variables collected as part
of the survey. Some of these variable are usually associated with burden such as the
number of expenditures the respondent had to report (VEXP) and interview time in
minutes (TIME) or BOOK and RECS which record if the respondent used the information
booklet and financial records respectively while answering the questions. These variables
can take values of “Yes”, or “No”. The variable NEXP contain values that range from 0 to
120 with a median of 31 and mean of 33.76. The variable BOOK had a value of “No” 62%
of the time while RECS had the value “No” only 46% of the time. These variables that



Yang and Toth: Respondent Perceived Burden Regression Tree Models 1133

measure the time and effort required to respond to the survey are often considered
objective measures of burden.

Since the effect that objective measures of burden have on the amount of perceived burden
can be different for different people in different households, we also include a number of
household and demographic variables in the model to help us understand these differences.
These variables include household income before tax (INC), whether the household owns or
rents their home (TENURE), whether the household has a mortgage (MORT), number of
people in the household less than six years old (PERL6), less than 18 years old (PERLIS),
and over 64 years old (PERO64) and the total number of children (NCHD).

Other variables that we include describe different aspects of the data collection process
like interview mode (MODE), converted refusal indicator (CREF), and door step concerns
(DOOR). The variable MODE is the mode of collection used to collect the survey data
from the respondent and can be either a personal visit or telephone interview. Since the
mode may affect the relationship between the objective measures of burden and perceived
burden, we include this variable in the analysis.

The binary variable CREF indicates a respondent who initially refused to respond to the
survey and has been persuaded by the interviewer. The categorical variable DOOR records
any concerns that the respondent expressed to the interviewer before taking the survey.
The interviewer can code the concerns of the respondent in variable DOOR as one of “no
concerns”, “busy and logistics”, “privacy and government concerns”, or “other concerns”.
The category “other concerns” is a catch all for several outcomes from the respondent
saying they don’t understand the survey to just shutting the door or hanging up the phone
on the interviewer. Since the variables CREF (McDermott and Tan 2008) and DOOR are
both associated with a respondents initial attitude toward the survey and thus affect their
responses to the burden questions, these variables are also included. The variable NUMDK
is the number of “Don’t Know” responses and NUMRF is number of questions to which
the respondent refused to answer.

There are several variables about the household collected in the CEQ that could be
associated with how busy a respondent is or with their attitudes about government and
privacy, so should be accounted for in the analysis. Among these is the variable HEDU,
which is the highest education level among people in the household. This variable can take
one of the values “less than high school”, “high school”, “some college”, or “bachelors and
above”. The other variables of this type that we include are family type, FAMT, which can
take one of the values “married couple”, “single parent”, or “other”, FAMSIZ, which is the
number of members in the household, and the variable URBAN, which records if the
household is located in an urban or rural area.

3. Regression Tree Model Analysis

In order to understand how different aspects of a survey affect the perceived burden for
different groups of respondents, we model the relationship between the perceived burden
composite score and various characteristics of the survey, household, and respondent. A
model that estimates the value of the perceived burden composite score conditioned on the
values to the collected CEQ variables would allow us to see the effect of different measures
conditionally on the data collected about the household. In addition, a model that allows us
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Fig. 3. Bar-charts showing the relative response rates of the choices for each of the burden questions.

to easily understand relationships between the conditional variables could help us better
understand what drives the feelings of burden and potentially allow survey administrators
to intervene before the next data collection or make changes to collection procedures to
head off potential issues. For these reasons we use a recursive partitioning algorithm to
create a tree model to do our analysis. These models partition members of the population
by splitting them into sub-populations conditionally on their values of the independent
variables which can lead to easy interpretation of the model (Toth and Phipps 2014). For
examples, Phipps and Toth (2012) and Earp et al. (2018) used these types of models to
understand establishment characteristics that affect responses to employment surveys.

The process is termed recursive because each sub-population may in turn be split an
indefinite number of times until the splitting process terminates after a particular stopping
criterion is reached (Hothorn et al. 2006). One can regard recursive partitioning as
producing a model that “predicts” the value of a target variable (“leaf”) based on input
variables (“branch”). Each leaf represents a value of the target variable given the values of
the input variables represented by the path from the root to the end-nodes of the tree.
Typically, within the tree structure, branches represent conjunctions of features that lead to
the value of the given end-node.

Since CE data is collected from a sample drawn using a complex design and we would like
to generalize our results to the population (Pfeffermann 1996; Pfeffermann and Sverchkov
1999), we use the package rpms, Recursive Partitioning for Modeling Survey Data, (Toth
2020), in # (R Core Team 2020) to estimate the models. This algorithm accounts for the
survey design variables and sample weights during the recursive partitioning and parameter
estimation to produce a design consistent model. We account for the sample design in our
models by including the variables containing the design weights, FINLWT21, cluster
identifiers, PSU, which are the primary sampling units and sample strata, REGION,
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(Northeast, Midwest, South, West), which are used to stratify the CEQ sample. Since this
algorithm uses a design appropriate permutation test to test the statistical significance of each
split, it allows us to specify a p-value for our analysis. For all models in this article, we specify
a p-value threshold of 0.05 to test the significance of each split against.

3.1. Conditional Mean Tree Model

To understand the relationship between the value of the perceived burden score (PB) and
variables that are usually thought to objectively measure burden, we first model PB
conditionally on the values of those measures. Figure 4 shows the regression tree model of
the mean of PB, conditioned on several objective burden measures and survey
characteristics. The partitioning algorithm selected several different variables for splitting,
TIME, NUMEXP, CREF, BOOK, REGS, DOOR, and MODE. These variables were
identified by the recursive partitioning algorithm to significantly affect the amount of
reported burden.

The model identifies whether the respondent expresses concern about their time,
government, or privacy as the most influential variable on how much burden a respondent
reports feeling. The recursive partitioning algorithm on the variable DOOR, where
respondents with busy/logistics, privacy/government doorstep concerns reported the
highest levels of perceived burden. This indicates that respondents in this group that have
these initial opinions (about 15% of the sample), express a higher amount of burden on
average than respondents without these concerns. Indeed, they have a PB value of 10.09,
which is much higher than the 7.6 median and 8.0 mean for respondents overall. The
model did not identify any other variable that had a significant effect on the perceived
burden reported by this group, which could indicate that there is not much that could be
done to change their experience of burden.

The left side of the tree model represents respondents who did not express these
concerns. For these respondents, the amount of perceived burden reported was lower
overall, but was influenced by the amount of time the survey took to complete; the longer
the survey took the higher average reported burden. However, the effect that time has on
the amount of perceived burden depends on the mode of the survey.

Respondents that completed the survey through an in-person interview reported a lower
overall average amount of burden than respondents that completed the survey over the

Perceived Burden (PB)

/\
DOOR € {None,Other} DOOR € {Busy, Priv/gov.}
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Fig. 4. Regression tree model of the conditional mean of PB: The partitioning algorithm selected the TIME;
NUMEXP; CREF; BOOK; RECS; DOOR; and MODE variables for splitting. The mean of PB; conditioned on
the splits using these variables, is given in each end node.
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phone. For personal interview respondents, the average amount of burden did not
significantly increase as long as the time to take the survey was less than 72 minutes,
whereas the average reported burden had a significantly higher average for respondents
taking the survey by phone after only a little more than 53 minutes. For respondents that had
an in-person interview that took longer than 72 minutes, if the number of questions exceeded
42, they reported higher levels of burden than average. While all other respondents that had
an in-person interview reported a lower-than-average level of burden, having to refer to
records led to a higher reported burden than those who did not. We will see in the regression
tree displayed in Figure 7 that the effect of using records on data is more nuanced.

3.2.  Conditional Linear Tree Models

Though Figure 4 showed that several objective measures are indeed related to perceived
burden, we would like to investigate the effect of each of these objective burden measures
for different groups of respondents. Besides modeling the conditional mean of a variable
in a tree model, the rpms package allows linear models to be fit conditionally on other
variables in the tree model (Earp et al. 2018).

We use these models to investigate whether the effects of time, TIME, number of
expenditures, NEXP, and use of records, RECS, is different for different groups of
respondents. This is done by fitting a linear regression model between PB and one of these
objective burden measures fit in each end node, while allowing the algorithm to split on the
demographic variables when there is an estimated significant difference in the model
parameters. By investigating these model parameters conditionally on the demographic
information, we hope to understand how the effects of objective measures of burden varies
for different types of respondents. Using this type of analysis, we consider how the survey
length or the need to consult records or information booklets to answer questions affects
perceived burden for different types of respondents.

To analyze the relative effect that time has on the perceived burden we fit the linear
model BURDEN = (3; X TIME, while allowing the algorithm to split on any of the
variables MODE, INC, MORT, TENURE. PERL6, PERLIS, PERO64, NCHD, HEDU,
FAMT, FAMSIZ, or URBAN at each step of the algorithm. This model is shown in Figure 5
We fit a linear model with no intercept because we hypothesize that a respondent to a
hypothetical interview that took no time (7IME = 0 minutes) would report no burden
(PB = 0). The lowest reported time in the data set is 6.9 minutes, while 75% of all
interviews took over 40 minutes to complete.

The resulting regression tree model with this simple linear equation on interview length
without intercept confirms what we saw in the previous model, that the effect of time
depends on the survey mode (all coefficients are > 0). Though time leads to higher
reported level of burden on average, the perceived burden score for a person responding to
a personal visit increases by an average of less than one for each 11 minutes of survey
length. Meanwhile, the effect of time for respondents answering the survey questions over
the phone increases the average perceived burden score at a faster rate, depending on
family income. For respondents with a reported family income below USD 25,000, the
reported burden score increases by one for every 6.25 minutes they are on the phone, while
for respondents with a reported family income greater than USD 25,000, the average
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PB=p, x TIME

/\
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Fig. 5. PB = B; X TIME: Regression tree model of the conditional relative effect that time has on perceived
burden. In each end node the estimated coefficients are given with the (standard error) rounded to three digits.

reported burden score increases by one for each additional nine minutes spent on phone.
This difference in rates of reported burden by income is likely due to a difference in the
salience of the CE survey for these two groups. Respondents with reported family income
below USD 25,000 are unlikely to have as much discretionary income and therefore not
many expenditures that they might find interesting to report as compared to families with
income greater than USD 25,000.

We also consider this type of tree model analysis for each of the variables NEXP, RECS
and BOOK separately. Since each respondent answers demographic questions and
questions about the household before the expenditure questions, there is burden associated
with responding to the CEQ whether or not the respondent had any expenditures to report,
used records, or used the information booklet, so for these variables, we use a linear effect
with an intercept term.

Figure 4 shows that, like time, perceived burden increases when more expenditures are
reported. Since the number of expenditures and time are correlated, it was natural to see if
the effect of NEXP is different depending on the mode of survey collection or other
demographic variables. To see this, we fit a linear model PB = 3; X NEXP + 3, at each
node while allowing the algorithm to split on all the splitting variables used in previous
model. Note that, unlike the previous model of time in minutes, we fit a linear model on
number of expenditures with a non-zero intercept term, because even if the respondent
theoretically reported zero expenditures, they still have to answer questions and so would
have burden. The resulting model is shown in Figure 6.

Though the recursive partitioning algorithm found significant differences in average
reported perceived burden for different groups of respondents, the effect of NEXP was
small and about the same for every group. The differences are all in the intercept term.
This indicates that the mode of the survey, owning or renting, and the number of children
living in the household affects the amount of perceived burden. However, the results show
that the perception of burden is not affected by the number of expenditures.

Next, we consider the effect that using records or the information booklet has on
perceived burden. Since RECS and BOOK are indicator variables, fitting linear models
PB = 3, XRECS + By or PB= 3, X BOOK + 3, at each node while allowing the
algorithm to split on any of the variables used in the previous model, leads to an analysis of
how the mean-shift effect of these variables changes for different groups of respondents.
As in the previous model, Figure 6, we include an intercept term in the linear model which
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PB=p, x NEXP + 3,
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Fig. 6. PB = 3; X NEXP + 3. Regression tree model of the conditional relative effect that the number of
reported expenditures has on perceived burden. In each end node the estimated coefficients are given with the
(standard error) rounded to three digits.

lets the algorithm differentiate between the effect of the variable being split on and the
effect of the variables RECS or BOOK.

The algorithm did not find any differences in the effect that using the information
booklet had on the amount of perceived burden reported. This is not surprising, since the
indicator variable BOOK does not appear in the tree model relating reported values of
perceived burden to objective burden measures (Figure 4). However, the model displayed
in Figure 7, analyzing the effect that using records has on perceived burden shows some
interesting differences between different groups of respondents.

In the model analyzing the effect of objective burden measures on perceived burden
shown in Figure 4, the use of records was associated with a higher reported amount of
burden, but only for respondents that responded to the survey through an in-person
interview that lasted over an hour (72 minutes). When looking at the difference of this
effect by itself among different groups of respondents (Figure 7), we see that though
respondents answering the survey questions through a phone interview had higher reported
perceived burden, the effect of using records was to lower the amount of perceived burden

PB=p, x RECS + 3,

/\

MODE e {Phone} MODE e {Visit}
TENURE € {Homeowner} TENURE € {Renter}
n=2388 \ \
[ p,=8790.00) |
’ /’)1270'36 (0.001) ‘ n=2172 n=1311
B,=7.62 (0.001) ’ 8,=7.17 0.001) ‘
B,=0.36(0.001) ’ B, =-0.05 (0.001) ‘

Fig.7. PB = [3; X RECS + . Regression tree model of the conditional relative effect that referring to records
to answer survey questions has on the perceived burden. In each end node the estimated coefficients are given
with the (standard error) rounded to three digits.
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on average. For people responding to the survey through an in-person interview that
owned their home, using records raised the reported amount of perceived burden on
average. For renters responding to an in-person interview, the effect using records had on
the reported perceived burden was negligible. Because consulting records could decrease
measurement error in the data, these findings represent trade-offs in some cases between
burden and potentially more accurate data. More study on the effect of using records on
measurement error in the CEQ should be considered to undergo a complete cost-benefit
analysis of asking respondents to consult their records.

The difference in the effect that using records has on the amount of perceived burden
between the survey interview modes could potentially be explained by salience.
Homeowners often have a larger number of expenditures to report that require records.
Locating and using these records to answer questions requires more effort on the part of
the respondent, so the positive coefficient is understandable. If the respondent is
interviewed in person, it could potentially be more difficult for the respondent to refuse or
make an excuse not to get their records. However, respondents interviewed by phone, who
usually feel more burdened in general, could more easily say the records are not accessible
if they are not interested. Therefore, a respondent’s use of records could indicate that they
are more interested in answering the survey and so feel less burdened than their
counterparts who do not use records in this case.

4. Conclusion

In the above analysis, we demonstrate how regression tree models of the conditional mean
can be used to assess the relationship between objective measures and perceived burden.
Using respondent’s answers to questions directly asking about the burden of CEQ,
collected as part of a study by the CE program between April 2017 and March 2018, we
were able to model the relationship between the objective measures usually collected as
part of the survey and measures of perceived burden. This analysis involves converting the
perceived data into a single composite measure obtained from the principal components,
which allowed us to use regression tree analysis on the composite measure to see how
different survey and respondent characteristics interact with the objective measures of
burden to affect perceived burden.

Though there have been mixed findings in the literature on whether these objective
measures of burden are related to perceived burden in general, our analysis shows a
relationship between perceived burden and some of the objective measures of burden
collected in the CEQ survey after conditioning on different demographic and household
variables. The tree models also show that the relationship between objective and perceived
burden measures are quite affected by the mode of the survey. In general, using a personal
interview to collect data seems to ameliorate the effects that most objective measures of
burden have on perceived burden.

Using tree models with conditional linear regression estimates at the end-nodes allows
us to consider how individual objective measures of burden affect the perception of burden
for different groups of respondents, conditioned on the mode of the survey. We modeled
three objective measures of burden, interview length (TIME), number of expenditures
(NEXP), and use of records (RECS), separately to see the relationship between the values
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of these objective measures and the amount of perceived burden. The regression tree
model fitting the conditional linear model on TIME confirmed a positive association
between the number of minutes it takes to complete the survey and the amount of
perceived burden a respondent feels, but showed that relative change in perceived burden
can be quite different for different groups of respondents. Unfortunately, the finding that
door step concerns affect the amount of perceived burden, cautions us that there may be
limits to how much changes to a survey or data collection can reduce the burden. This is
because door step concerns are indicators of a negative initial attitude that could be very
difficult to change.

Meanwhile, the other two tree models using conditional linear predictors, showed that
the number of expenditures had almost no effect on perceived burden after conditioning on
the survey mode and whether the respondent owned or rented their home, and that record
usage can lead to an increase or decrease in the amount of reported burden depending on
the mode and whether or not the respondent is a homeowner. The effects of these two
variables are likely influenced by whether or not the survey is salient to the respondent.
However, the study that collected this data on perceived burden did not directly ask the
respondent about the salience of the survey, so we could not test this theory.

Another limitation of this analysis is that the data on burden was collected only from
participants who completed the fourth interview. Since burden was not measured for
anyone who dropped out before completing the final interview, the findings from this
analysis could be misleading if the relationship between objective measures of burden and
perceived burden are different for respondents and nonrespondents, even after
conditioning on household and survey characteristics.

Despite some unavoidable limitations, the result of the study suggests that interview
length, number of expenditures, door step concerns, survey mode, housing tenure and
number of children affect perceived burden. Though the relationships between these
variables and perceived burden can be complicated, using tree models helped us understand
these relationships. By using the package rpms which allows us to account for the complex
sample design of CEQ, we are able to generalize these results to the full population. This
implies that these variables should be included in any model to predict a respondent’s
perceived burden outcome in future collections and possibly even different surveys.

When constructing a model for prediction, it is not necessary to restrict the model to
only the most statistically significant effects as does our tree models nor must we restrict
ourselves to models that are easily interpretable. Therefore, in future research, we would
like to consider exploring the possibility of using design consistent random-forest models
to predict respondent’s perceived burden using objective burden measures and
characteristics of the survey and respondent.

By constructing a model that can accurately estimate a respondent’s anticipated
perceived burden, the survey administrator could potentially make changes to the
collection mode or survey design early in the data collection process to avoid levels of
perceived burden that are likely to lead to nonresponse or possibly be used in an adaptive
design. Some of these findings could also be used to guide future changes to the
questionnaire or the administration of the survey. Using regression tree models for this
analysis is a first step to understanding whether objective measures of burden actually
affect perception of burden and to what degree.
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