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Your Best Estimate is Fine. Or is It?

Jerry Timbrook1, Kristen Olson2, and Jolene D. Smyth2

Providing an exact answer to open-ended numeric questions can be a burdensome task for
respondents. Researchers often assume that adding an invitation to estimate (e.g., “Your best
estimate is fine”) to these questions reduces cognitive burden, and in turn, reduces rates of
undesirable response behaviors like item nonresponse, nonsubstantive answers, and answers
that must be processed into a final response (e.g., qualified answers like “about 12” and
ranges). Yet there is little research investigating this claim. Additionally, explicitly inviting
estimation may lead respondents to round their answers, which may affect survey estimates.
In this study, we investigate the effect of adding an invitation to estimate to 22 open-ended
numeric questions in a mail survey and three questions in a separate telephone survey.
Generally, we find that explicitly inviting estimation does not significantly change rates of
item nonresponse, rounding, or qualified/range answers in either mode, though it does slightly
reduce nonsubstantive answers for mail respondents. In the telephone survey, an invitation to
estimate results in fewer conversational turns and shorter response times. Our results indicate
that an invitation to estimate may simplify the interaction between interviewers and
respondents in telephone surveys, and neither hurts nor helps data quality in mail surveys.

Key words: Estimation; enumeration; questionnaire design; data quality; respondent burden.

1. Introduction

Survey researchers often use open-ended questions to capture numeric responses for

questions that require enumeration of events that occurred over a fixed time period (e.g.,

“How many cigarettes did you smoke in the last seven days?”) or questions asking for

financial information (e.g., income). Open-ended numeric questions are often used when a

precise number is needed for the survey’s analytic goals or when it is difficult to construct

meaningful ranges for response options (Dillman et al. 2014). Yet providing an exact,

numeric answer can be mentally taxing or impossible for respondents, especially when

questions ask about hard-to-enumerate topics (Tourangeau et al. 2000; Conrad et al. 1998).

As a result, some respondents may fail to answer a question altogether or give

nonsubstantive answers (i.e., responses like “too many cigarettes to count”), which can
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negatively affect data quality (Beatty and Herrmann 2002). Difficulty providing exact

answers may also cause some respondents to report responses that must be recoded into a

final answer by data processing staff (e.g., ranges like “five to ten cigarettes a week”).

To ease the burden of answering numeric response questions and potentially limit

undesirable answering behaviors, researchers often invite respondents to estimate their

answer by adding phrases like “Your best estimate is fine” to the question stem (Dillman

2007). However, there is no research of which we are aware that establishes whether this

phrase is helpful in mail and telephone surveys. Additionally, inviting estimation may also

trigger changes in other response behaviors. For example, response heaping (i.e., giving

rounded answers) is more prevalent when respondents estimate (Huttenlocher et al. 1990;

Burton and Blair 1991; Holbrook et al. 2014), and may increase if respondents are told

they can approximate their answer. Estimation can also lead respondents to overreport

their behaviors, meaning that an invitation to estimate may inflate survey means (Burton

and Blair 1991). Finally, it is possible that these effects vary across self-administered and

interviewer-administered surveys because the cognitive and working memory demands on

respondents differ across these modes (De Leeuw 2005).

In this article, we experimentally explore the effect of including an invitation to

estimate worded as “Your best estimate is fine” on several indicators of data quality in a

mail survey and in a separate telephone survey. We compare versions of questions with

and without the invitation to estimate to answer the following research questions:

RQ1. Does the item nonresponse rate differ across versions?

RQ2. Does the rate of nonsubstantive answers differ across versions?

RQ3. Does the rate of range and qualified answers differ across versions?

RQ4. Does the heaping or rounding rate differ across versions?

RQ5. Do estimated means differ across versions?

2. Background

Questionnaire designers have several options when asking numeric questions such as how

many miles respondents drive in an average week. A closed-ended question format with

ranges for response options (e.g., “100 to less than 200” miles) can be simpler for

respondents but yields imprecise responses. In contrast, an open-ended numeric item both

cues and allows respondents to provide a precise answer (e.g., 150 miles), but respondents

may have difficulty recalling such a precise answer (Tourangeau et al. 2000).

2.1. Response Strategies for Open-Ended Numeric Questions

Respondents generally use either enumeration or estimation to answer open-ended

numeric questions about events or behaviors. Enumerating a precise answer requires

respondents to retrieve each episode of the event or behavior from memory, decide if the

episode fits the question’s requirements, count up the total number of relevant episodes,

and report that number (Blair and Burton 1987; Menon 1993; Tourangeau et al. 2000). For

example, respondents often use enumeration to answer questions that ask about topics like

infrequent events (e.g., trips to the emergency room) or events over short and recent

reference periods (e.g., the past week) (Blair and Burton 1987; Burton and Blair 1991;
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Conrad et al. 1998). Events that do not happen on a routine schedule (e.g., irregular events

like the number of visits to the doctor for an injury) and events whose episodes are distinct

from one another (e.g., number of serious illnesses) are often enumerated (Menon 1993;

Conrad et al. 1998).

Alternatively, estimation involves providing an answer based on an approximate rate of

occurrence for a target behavior or event (Blair and Burton 1987; Burton and Blair 1991;

Tourangeau et al. 2000). Questions asking about frequent events (e.g., steps taken) or

events that occur over long reference periods (e.g., your adult lifetime) lend themselves to

estimation because their exact numbers often do not exist in memory (Blair and Burton

1987; Burton and Blair 1991; Conrad et al. 1998). Similarly, events that happen on a

regular schedule (e.g., eating breakfast) and events whose episodes are similar to one

another (e.g., minor illnesses) are often estimated (Menon 1993; Conrad et al. 1998). Exact

answers to financial questions like one’s annual income may also be difficult to remember

and often estimated.

A respondent’s use of enumeration versus estimation depends on how easily relevant

information can be retrieved from memory (i.e., the cognitive state) (Beatty and Herrmann

2002); this answer may be modified if the respondent feels the need to edit the answer to a

possibly sensitive question (i.e., the respondent’s communicative intent). We start with

discussing cognitive states and then move to communicative intent.

Information that requires minimal effort to retrieve (i.e., available information) can

easily be enumerated and thus likely pose little burden to respondents to enumerate. Limits

in memory, however, can prevent respondents from using enumeration (Huttenlocher et al.

1990). Estimation is commonly used when the exact information requested by a question

cannot be retrieved, but a respondent can use other information in memory to approximate

their answer (i.e., generatable information) (Beatty and Herrmann 2002). Respondents

using estimation must decide whether their inexact answer meets the level of precision

requested by the question (i.e., an adequacy judgement) (Beatty and Herrmann 2002). If

respondents judge their estimated answer to be inadequate, they may skip the question

entirely. Alternatively, respondents may indicate that their answer is estimated (i.e.,

potentially inadequate) by providing nonsubstantive answers (e.g., “too many to count”).

Respondents may also indicate that their answer is “generated” by including additional

information like ranges (e.g., “10–20”) or qualifiers (e.g., “about 20”) in their answer.

Although these answers can ultimately be recoded into a final response using a set of rules

(e.g., ranges like “10–20” coded as the lower bound of ten), they require costly post-

survey processing that may introduce processing error.

Accessible information exists in a cognitive state between available and generatable and

can be retrieved from memory only if a respondent exerts cognitive effort (Beatty and

Herrmann 2002). The enumeration process for accessible information is burdensome;

respondents must expend mental resources to retrieve each episode from memory.

Respondents lacking sufficient motivation might avoid this burdensome retrieval task by

estimating their answer instead, leading to less precise answers. Respondents again must

make an adequacy judgment to determine if their estimated answer meets the precision

requirements of the question. This judgment may lead respondents to not answer the

question at all, resulting in item nonresponse, or to provide nonsubstantive, qualified, or

range answers.

Timbrook et al.: Your Best Estimate is Fine or is It? 1099



Finally, when exact information related to a question is not known and cannot be

approximated, it is inestimable (e.g., apples eaten in your entire life) (Beatty and

Herrmann 2002). In such cases, neither enumeration nor estimation will lead to an answer.

The only honest recourse for respondents is to: (1) skip answering the question altogether;

(2) select a “don’t know” or “refusal” response option when available; or (3) provide a

nonsubstantive answer (e.g., “Too many to count”). In general, survey designers are

encouraged to avoid questions that ask for inestimable information.

Responses are modified by respondents’ communicative intent, or the need to edit

answers to sensitive questions (Beatty and Herrmann 2002). Respondents are more likely

to skip sensitive questions (i.e., item nonresponse) if they worry their answers are socially

undesirable (Beatty and Herrmann 2002; Tourangeau and Yan 2007). Alternatively, they

may edit answers to fit within a social norm or expectations. This editing may manifest in

behaviors that look like those of estimation – for instance, providing a range or reporting a

more socially acceptable (and perhaps rounded) inexact answer.

2.2. An Invitation to Estimate

Appending the phrase “Your best estimate is fine” to a question is a common method for

indicating that approximate answers are acceptable for numeric response questions

(Dillman 2007). This phrase, inviting respondents to estimate their answers, is

hypothesized to reduce item nonresponse rates by communicating that: (1) respondents

do not have to engage in potentially burdensome enumeration (i.e., for accessible

information), and (2) an imprecise answer is preferable to no answer (i.e., reporting

generatable or estimated accessible information is acceptable), potentially making

respondents’ adequacy judgments less burdensome. Explicitly inviting estimation is also

hypothesized to reduce nonsubstantive answers through the same mechanisms. By

communicating that guesses are acceptable, an invitation to estimate is hypothesized to

also reduce range or qualified answers; respondents may feel less inclined to communicate

uncertainty over their answer (e.g., ranges, qualified answers) if they are told that

estimation is permissible.

Despite the potential to decrease item nonresponse, an invitation to estimate may also

have the unintended consequence of encouraging some respondents to estimate when they

would have otherwise enumerated their answer. This can occur when the exact

information requested by a question is retrievable with cognitive effort (i.e., accessible

information), but the respondent approximates their answer when offered the invitation to

estimate. An increase in estimation may in turn increase other potentially undesirable

response behaviors. Primarily, respondents who estimate are more likely to provide

rounded answers (i.e., heaping) (Burton and Blair 1991; Holbrook et al. 2014). An

invitation to estimate may encourage this heaping behavior and foster inaccurate

responses. Finally, as estimated answers tend to be larger than enumerated answers – that

is, respondents round up rather than round down (Burton and Blair 1991) – survey means

may be larger with an invitation to estimate. Therefore, when an invitation to estimate

succeeds at encouraging estimation behavior, we would expect to see: lower rates of item

nonresponse (H1a), nonsubstantive answers (H2a), and qualified or range answers (H3a);

higher rates of heaping (H4a); and larger estimated means (H5a; summarized in Table 1).
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We are aware of only one study that investigated using an invitation to estimate: Couper

et al. (2011) found that adding this phrase had no effect on the rate of ill-formed answers

(i.e., answers that do not conform to the response task like nonsubstantive and qualified/

range answers) or response times on three open-ended numeric questions in a web survey.

Evaluating more varied question types in different modes may yield different results.

Further, nonsubstantive and qualified/range answers have not been evaluated separately

despite having different effects on measurement (e.g., nonsubstantive answers are often set

to item missing, while qualified/range answers are processed into a final response).

Finally, the assumption that an invitation to estimate reduces item nonresponse rates

remains uninvestigated.

2.2.1. Invitation to Estimate, Cognitive States, and Question Sensitivity

The effect of inviting estimation may also differ across cognitive states. For example, it

may have no effect on requests for information that is available (because enumeration is

not burdensome in this case), generatable (because this information could only be

estimated in the first place), or inestimable (because this information cannot be retrieved).

However, an invitation to estimate may lead respondents to approximate their answers to

questions asking about accessible information by giving them permission to skip the

cognitively taxing enumeration process and estimate their answer instead. This may lead

to the outcomes that we hypothesize accompany a successful invitation to estimate (i.e.,

H1b-H4b).

The effect of an invitation to estimate may also vary with question sensitivity. An

invitation to estimate may change a respondent’s adequacy judgement for sensitive

questions. In particular, permission to estimate may make respondents more comfortable

answering the question by providing an inexact (e.g., rounded/heaped), less sensitive

answer. For example, a respondent may be unwilling to report that they have received

exactly nine speeding tickets in the past year. Including an invitation to estimate may

encourage this respondent to instead provide an answer of five tickets: a rounded (i.e.,

plausibly estimated), less sensitive answer. Therefore, we hypothesize that adding an

invitation to estimate on sensitive questions will lead to less item nonresponse by changing

respondents’ adequacy judgement to allow for estimated, less sensitive answers (H1c).

Accordingly, we also hypothesize that this increase in estimated responses for sensitive

questions will lead to the outcomes that we anticipate accompany a successful invitation to

estimate (H2c-H4c).

2.2.2. Invitation to Estimate and Data Collection Mode

It is unclear if the effects of an invitation to estimate vary across self-administered and

interviewer-administered modes. In self-administered surveys, respondents can see the

text of a question and refer to it when considering their response. In a telephone survey,

respondents must hold the question in their working memory while also considering their

answer. This makes aural telephone surveys more cognitively taxing than visual modes

(De Leeuw 2005) and suggests that an invitation to estimate might prove especially useful

at reducing item nonresponse in the telephone mode. On the other hand, because telephone

interviewers serve as motivating agents, item nonresponse rates are generally already low
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in this mode (De Leeuw 2005); there may be little room for further reductions in item

nonresponse rates due to an invitation to estimate.

Interviewers also interact with respondents to resolve nonsubstantive and qualifie-

d/range answers, for example, by probing these types of responses to obtain a single

integer value. Because interviewers do this work during the question-asking process, there

may be no detectable effect of an invitation to estimate on rates of nonsubstantive and

qualified/range answers in the final recorded responses in telephone surveys (although we

still expect increased heaping and larger estimated means). However, an invitation to

estimate may decrease instances where respondents give nonsubstantive and

qualified/range answers at any point during the question/answer conversation and reduce

the need for interviewer intervention. Thus, we expect to see lower rates of respondents

ever giving nonsubstantive or qualified/range answers when estimation is explicitly

allowed.

Finally, unlike the mail mode, telephone surveys give researchers access to an

additional indicator of respondent burden: question administration length. Question

administrations lasting longer than a paradigmatic “question asked/question answered”

sequence (i.e., around two conversational turns) can indicate that a question is burdensome

(Schaeffer and Maynard 1996). Longer response times are also a common sign that survey

questions are difficult to answer (Bassili and Scott 1996; Draisma and Dijkstra 2004). If an

invitation to estimate reduces burden in the telephone mode, we would expect to see (H6):

(1) fewer conversational turns between the interviewer and respondent and (2) shorter

response times when estimation is allowed.

In this article, we evaluate the potential benefits and drawbacks of adding an invitation

to estimate to open-ended numeric questions. For 22 questions in a mail survey we

compare: rates of item nonresponse, nonsubstantive answers, qualified/range answers, and

heaping; as well as estimated means across questions with and without an invitation to

estimate. In the mail mode, we also explore the effect of inviting estimation across two

question characteristics: cognitive state and sensitivity. For three questions in a telephone

survey, we compare: rates of item nonresponse, ever giving nonsubstantive answers, ever

giving qualified/range answers, and heaping; as well as estimated means, number of

conversational turns, and response times across questions with and without an invitation to

estimate.

3. Data and Methods

The data for the mail study comes from the National Health, Wellbeing and Perspectives

Study (NHWPS) survey. NHWPS was conducted by the University of Nebraska-Lincoln’s

Bureau of Sociological Research (BOSR) in the spring of 2015. A total of 1,002

respondents completed and returned the survey (AAPOR RR1 ¼ 16.7%). Respondents

were randomly selected using the next birthday within-household selection method. The

12-page NHWPS questionnaire contained 77 questions asking about health, mental health,

well-being, victimization, current events, and demographics. Sampled households were

randomly assigned to one of two versions of the questionnaire (Version 1: n ¼ 522,

AAPOR RR1 ¼ 17.4%; Version 2: n ¼ 480, AAPOR RR1 ¼ 16.0%). In Version 2, an

invitation to estimate (i.e., “Your best estimate is fine.”) was appended to 22 open-ended
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numeric questions asking about the number of times that particular events occurred in their

lifetime, number of hours spent on certain behaviors during a typical week, and an income

question (see Online supplemental material A for question wording). This invitation was

not included in Version 1.

The data for the telephone study come from the Work and Leisure Today 2 (WLT2)

survey, a dual-frame random-digit dial telephone survey of U.S. adults. WLT2 was

conducted by Abt SRBI in the summer of 2015. For landline numbers, survey respondents

were randomly selected among adult household members using the Rizzo et al. (2004)

within-household selection method (using the next birthday method for households with

3þ adults). For cell phone numbers, the adult who answered the phone was interviewed.

The survey had 902 respondents (AAPOR RR3 ¼ 7.8%), and contained 58 questions

asking about leisure time, use of technology, and demographics. We again randomly

assigned sampled cases to receive the invitation to estimate (Version 1: n ¼ 451, AAPOR

RR3 ¼ 7.4%) for three behavioral questions, or not (Version 2: n ¼ 451, AAPOR

RR3 ¼ 8.4%) (see Online supplemental material A for question wording). Three Version 1

cases were removed from analysis due to poor call quality (final n ¼ 899).

3.1. Dependent Variables

3.1.1. Mail Survey

Our first dependent variable in the mail survey is an indicator for item nonresponse coded

1 if a respondent did not provide an answer to a question, and 0 otherwise. Next, we set an

indicator for nonsubstantive answers to 1 if a respondent provided a non-numeric answer

that could not be recoded as an integer (e.g., written notes like “too many to count” or “do

the math”) and 0 otherwise. Item nonrespondents are excluded from this indicator.

We operationalize qualified/range answers using an indicator variable coded as 1 for

non-integer answers that could be processed into an integer based on a set of rules (e.g.,

range answers like “20 to 30” could be coded to 20, the lower limit of the range; qualified

answers like “About 20” could be coded to 20; questions like “two hours a day per week”

could be coded to 14; decimal answers like 25.2 could be rounded to 25; answers with

units like “18 hours” could be coded as 18) and 0 otherwise. We make one exception to

these rules for written, negative answers like “no” or “none”. For the 21 event/behavior

questions in the mail survey, we treat negative answers as a final answer of “0,” and do not

code them as qualified/range answers. However, these answers may have a different

meaning in the context of an income question. Therefore, we code these answers as

nonsubstantive for our income question, because negative responses like “no” may

indicate a refusal to provide income information rather than a final answer of “0.” This

indicator of qualified/range answers excludes respondents previously coded as providing

either item nonresponse or nonsubstantive answers.

Our main indicator of heaping was coded as a 1 if the response was a multiple of 5, and 0

if it was not. As respondents can also heap answers based on the calendar time in a

question’s reference period (Huttenlocher et al. 1990), for the five questions with a

reference period of “in the last week,” we also create a heaping indicator coded as a 1 if the

response was a multiple of 7 (i.e., number of days in a week), and 0 if it was not. Both

heaping measures exclude cases coded as a 1 for any previous indicator.
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Our final dependent variable is the substantive responses to each question (including

ranges/qualified answers). To account for outliers, we calculated the 99th percentile for

each question, and replaced answers above the 99th percentile with that question’s 99th

percentile value.

3.1.2. Telephone Survey

In the telephone survey, our indicator of item nonresponse is coded as 1 if a respondent’s

final answer was “don’t know” or a “refusal.” All other answers are coded as 0.

Since instances of nonsubstantive and qualified/range answers are often resolved by

telephone interviewers and not reflected in final answers, we use behavior coding to

identify if these answers ever occurred during the question administration. Behavior

coding is a systematic, objective method for identifying deviations from a paradigmatic

“question asked/question answered” interviewer/respondent interaction (Fowler and

Cannell 1996; Schaeffer and Maynard 1996). For each interview, we transcribe

administrations of the three telephone questions at the conversational turn level (i.e., a

period of uninterrupted speech by an interviewer or respondent that ends when an actor

stops speaking or is interrupted by another actor). Trained undergraduates behavior-

coded these turns using Sequence Viewer (Dijkstra 1999). To assess inter-coder

reliability, two master coders also coded a 10% random subsample of the transcripts.

Kappa values ranged from 0.54 to 0.81, all above the common 0.40 cutoff (Bilgen and

Belli 2010).

We create an indicator for whether the respondent ever gave a nonsubstantive answer

for each question using the behavior codes. For each question administration, we code the

indicator as 1 if a respondent ever gave a non-integer answer to the question that could not

be recoded (e.g., saying “I don’t know,” “a whole lot,” or refusing to answer), regardless of

whether they were an item nonrespondent or gave a final answer. All other answers were

coded as 0. We similarly use behavior coding to create an indicator for qualified/range

answers for each question coded as 1 if a respondent ever gave a non-integer answer to the

question that could be recoded and 0 otherwise.

For the remaining indicators we exclude all cases coded as 1 for item nonresponse and

focus only on those who gave a response. We create two indicators for heaping using final

answers: one is coded 1 if a response is a multiple of 5 (to capture common rounding

behavior) and 0 otherwise, and the other is coded 1 if a response is a multiple of 7 (because

these questions use “week” as a reference period) and 0 otherwise. Means are again

examined using the substantive integer responses to each question, accounting for outliers

using the same 99th percentile method as the mail survey.

We operationalize the question administration length (i.e., an indicator of the question’s

burden) in two ways. First, the total number of conversational turns for each question is

used as an indicator of administration burden overall. Second, we calculate the number of

seconds it takes to reach a final answer after the interviewer has finished reading a

question. We do this by summing the length of each conversational turn that occurs after

the interviewer’s first question-asking turn. To account for skew in this response time

measure, we truncate response times below the first percentile and above the 99th

percentile for each question (Yan and Olson 2013), and then use a natural log

transformation.
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3.2. Independent Variables

Our focal independent variable in both surveys is an indicator variable of whether a

respondent was randomly assigned to receive an invitation to estimate their answer to a

question ( ¼ 1) or not ( ¼ 0). The randomization in both modes was at the respondent

level – for each respondent, all of the numeric questions examined here either included the

invitation to estimate or did not include the invitation to estimate.

Our next set of independent variables capture key question characteristics: the likely

cognitive state of information for the average person requested by the question and

question sensitivity. These question characteristics (as well as those listed in the Controls

section) were independently coded by two coders (two of the authors), and were coded

relative to their perceptions of how the average person would view these questions (Online

supplemental material (B) displays the questions used to rate these characteristics), as one

might do when designing a questionnaire. Kappa values for all question characteristics

were above 0.70 except for cognitive state and sensitivity. Disagreements between the two

coders were resolved by a third coder (a third author) to create the final set of codes used in

the analyses (Summarized in Table 2).

In the mail mode only, we use these codes to create three dichotomous indicators for the

cognitive state of information requested by the question (available, accessible, and

generatable) for the average person. No questions were coded as inestimable. We also

create an indicator that describes the sensitivity (sensitive ¼ 1; not sensitive ¼ 0) of the

question. In the telephone mode, because there are only three items included in this

experiment, we use these coded characteristics for interpretation only (i.e., not as

independent variables).

Table 2. Summary of question characteristics.

NHWPS – mail WLT2 – telephone

n Percent/mean n Percent/mean

Cognitive state
Available 8 38.10% 2 66.66%
Accessible 4 19.05% 0 0.00%
Generatable 9 42.86% 1 33.33%

Sensitivity
Not sensitive 12 57.14% 1 33.33%
Sensitive 9 42.86% 2 66.66%

Reference period/similarity
Short/similar 5 23.81% 3 100.00%
Long/dissimilar 16 76.19% 0 0.00%

Frequency
Low 17 80.95% 1 33.33%
High 4 19.05% 2 66.66%

Regularity
Regular 6 28.57% 1 33.33%
Irregular 15 71.43% 2 66.66%

Reading level 8.76 5.03
Number of words in stem 13.19 14.33

Journal of Official Statistics1106



3.3. Controls

Question characteristics associated with a respondent’s choice of an enumeration or

estimation response strategy may affect many of the data quality indicators in this study

as well as may influence the average respondent’s cognitive state on a question (e.g.,

Blair and Burton 1987; Burton and Blair 1991; Conrad et al. 1998). Therefore, in the mail

mode, we code and control for each question’s reference period length (short ¼ 0;

long ¼ 1); frequency (low ¼ 0; high ¼ 1), regularity (regular ¼ 0; irregular ¼ 1), and

similarity (similar ¼ 0; dissimilar ¼ 1) of episodes of the event asked about; and number

of words in the question stem and reading level using the Flesch-Kincaid grade level

(both calculated excluding the phrase “Your best estimate is fine,” then grand-mean-

centered). Each question’s reference period and similarity rating were perfectly collinear,

so we analyze these two characteristics together (i.e., short/similar ¼ 0; long/

dissimilar ¼ 1).

Likewise, decreased cognitive ability may negatively affect a respondent’s ability to

retrieve information from memory and thus also affect some of the data quality indicators

examined here (i.e., skipping a question or estimating instead of enumerating; Krosnick

1991; Knäuper et al. 1997). In both the mail and telephone surveys, we control for

respondents’ age and level of education (two common proxies for cognitive ability)

(Table 3). We multiply imputed missing values for age (12%) and education (6%) in the

mail survey; due to the low item nonresponse rates in the telephone survey, we used grand

mean imputation (for age, 4%, n ¼ 34) and modal category imputation (for education, 1%,

n ¼ 5) in the telephone survey. The models include a grand-mean-centered continuous

measure of age; level of education is represented by three dichotomous variables (high

school or less, some college, or college graduate or higher).

Table 3. Summary of unimputed respondent characteristics.

Overall Without
invitation

to estimate

With
invitation

to estimate

t-test/
chi-square

NHWPS – mail
Number of respondents 1,002 522 480
Age (in years) 57.35 57.47 57.22 0.218
Education

High school graduate or less 20.58% 20.25% 20.94% 2.797
Some college 31.98% 29.86% 34.30%
College graduate or more 47.44% 49.90% 44.37%

WLT2 – telephone
Number of respondents 899 451 448
Age (in years) 54.13 53.73 54.54 0.644
Education

High school graduate or less 31.32% 31.03% 31.61% 6.022
Some college 26.29% 29.69% 22.87%
College graduate or more 42.39% 39.29% 45.52%

Note: There were no significant differences in respondent age or education across questionnaire version in either

survey
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3.4. Analysis

3.4.1. Mail Survey

We analyze our event/behavior questions (n ¼ 21) together and our income question

(n ¼ 1) by itself. For the event/behavior questions, because the invitation to estimate was

assigned at the respondent level (i.e., no variation within respondents on the experimental

condition; for each respondent, all questions included the invitation to estimate or did not),

we analyze each of our dichotomous data quality indicators using a population-averaged

model with an exchangeable correlation structure (xtgee command in Stata 14.2 with

respondents set as the clustering variable) (Agresti 2002; McNeish et al. 2017;

Raudenbush and Bryk 2002; Rabe-Hesketh and Skrondal 2012; West et al. 2015). We use

a logit link function because we have dichotomous outcomes. Clustering of questions

within respondents is accounted for using cluster-robust standard errors, estimated using

Huber-White sandwich estimators; the multivariate analysis of the mail survey also

accounts for multiple imputation of the age and education variables. Age and education

were multiply imputed D ¼ 5 times (using adjustment cell random hotdeck imputation via

hotdeckvar in Stata; Schonlau 2018) and combined for analysis using Rubin’s Rules

(via Stata’s micombine).

We start our analyses by exploring the bivariate relationship between the invitation to

estimate and each of our dichotomous data quality indicators (i.e., item nonresponse,

nonsubstantive answers, qualified/range answers, and heaped answers). We estimate four

population-averaged models, each predicting a different dichotomous quality indicator

with our invitation to estimate indicator.

We then move to a multivariate framework, adding our remaining independent

variables (each question’s cognitive state and sensitivity) and controls (reference

period/similarity, frequency, regularity, number of words, reading level, respondent age

and education) to each of the bivariate models mentioned above. To test our moderation

hypotheses, we estimate two new models per data quality indicator; each model includes

an interaction term between the invitation to estimate indicator and a different question

characteristic (i.e., an interaction with cognitive state in one model, an interaction with

sensitivity in another). To interpret significant interactions, we calculate predicted

probabilities using the margins command in Stata, holding all other variables at their

means. Results from our main effects models and models with significant interactions are

displayed in-text; results for models with non-significant interactions are displayed in the

Online supplemental material

Our final analyses examine unweighted means for each behavior question across our

two experimental conditions. For the bivariate tests, we estimate 21 ordinary least squares

(OLS) regression models (one per question) predicting each question’s average response

with the invitation to estimate indicator entered as a predictor. We also tested this

relationship using count models (e.g., Poisson and negative binomial regression), and our

substantive conclusions do not change. We therefore describe the OLS results for ease of

interpretation. For the multivariate models, we add respondent age and education as

controls. For these analyses, one model is estimated per question so question

characteristics (e.g., cognitive state, sensitivity) are not included as predictors.
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For the income question, we conduct bivariate analyses using regression models

predicting each of our data quality indicators (logistic regression for dichotomous

outcomes, OLS regression for continuous outcomes) with the invitation to estimate as a

predictor. We confirm our bivariate findings using multivariate models with our two

respondent controls, age and education, as predictors.

3.4.2. Telephone

As the telephone portion of our study contains only three questions, we do not have enough

observations within respondents to estimate the population-averaged models. Thus, we

examine the data quality indicators separately for each question. Additionally, each

respondent is nested within an interviewer, yielding a multilevel data structure (Hox,

1994; Olson and Bilgen, 2011; Olson and Peytchev, 2007). All telephone analyses account

for this clustering using Stata’s complex survey design procedures (svy procedures).

For our bivariate analyses, we estimate design-adjusted regression models predicting each

of our data quality indicators (logistic regression for dichotomous outcomes, OLS regression

for continuous outcomes) for each question with the invitation to estimate as a predictor. For

the multivariate models, we add our two respondent controls, age and education, as predictors.

4. Results

4.1. Mail

Table 4 shows results of the bivariate tests of the relationship between an invitation to estimate

and our dichotomous data quality indicators for our 21 event/behavior questions. Rates of item

nonresponse, qualified/range answers, and heaped answers (multiples of 5 or 7) did not

significantly differ across questions with and without an invitation to estimate ( p . 0.05).

However, question administrations with an invitation to estimate had significantly fewer

nonsubstantive answers (0.78%) than those without the invitation (1.58%), although the

difference is less than a percentage point (diff ¼ 0.80%; z ¼ -2.10, p , 0.05).

In the multivariate models, item nonresponse rates are again not significantly different

across question administrations withand without an invitation toestimate ( p ¼ 0.39; Table 5).

This indicates that, despite conventional wisdom and our H1a, inviting respondents to

estimate does not reduce item nonresponse rates. Further, the interactions between the

invitation to estimate indicator and our two independent variables (i.e., cognitive state and

question sensitivity) were not significant ( p . 0.05), indicating that the (non)effect of an

invitation to estimate on item nonresponse did not differ across these question characteristics

(i.e., hypotheses H1b and H1c were not supported). Table 6 summarizes the test statistics and

p-values for each interaction tested in this study. Full results from models with non-significant

interactions are displayed in Online supplemental material (Table C).

Consistent with H2a, an invitation to estimate did significantly reduce rates of

nonsubstantive answers (e.g., “a lot” or “too many to count”) (OR ¼ 0.555, p , 0.05;

Table 5), though these behaviors were rare overall. Predicted probabilities of

nonsubstantive answers reduced by almost half from 0.014 without an invitation to 0.008

with an invitation to estimate. Explicitly accepting estimation, therefore, may communicate

to respondents that a guess is preferred to admitting that the exact answer is not known.
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The effect of inviting estimation on nonsubstantive answers also differed across

question sensitivity (x2 ¼ 6.44, p , 0.05; Table 6; supporting H2c), though the rates of

occurrence remain low. For nonsensitive questions, there is no significant difference in the

predicted probabilities of nonsubstantive answers between the version with the invitation

to estimate (0.010) and the version without (0.014; Figure 1). However, for sensitive

questions, the probability of nonsubstantive answers is significantly lower in the version

with the invitation to estimate (0.005) than in the version without (0.015). This finding

suggests that the invitation to estimate is encouraging some respondents to sensitive

questions to provide an edited, usable answer rather than indicating that the question is

sensitive by writing a nonsubstantive answer (e.g., “too revealing”). Contrary to H2b, the

Table 6. Summary of test statistics and significance values for

interactions by data quality indicator for mail.

Data quality indicator x 2 p

Item nonresponse
ItE x Cognitive state 0.65 0.72
ItE x Sensitivity 1.96 0.16

Nonsubstantive answers
ItE x Cognitive state 0.28 0.87
ItE x Sensitivity 6.44 0.01

Qualified/range answers
ItE x Cognitive state 0.50 0.78
ItE x Sensitivity 0.49 0.48

Heaped/rounded answers
(multiples of 5)

ItE x Cognitive state 0.35 0.84
ItE x Sensitivity 0.05 0.83

ItE: Invitation to estimate

Not sensitive
Question sensitivity

Without invitation to estimate

With invitation to estimate

Sensitive

.025

.02

.015

.01

Pr
(N

on
su

bs
ta

nt
iv

e 
an

sw
er

=1
)

.005

.0

Fig. 1. Predicted probabilities for nonsubstantive answers by questionnaire version and question sensitivity.
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interaction between the invitation to estimate indicator and cognitive state was not

significant ( p ¼ 0.87; Table 6; full results in Online supplemental material, Table C).

Inviting estimation did not significantly affect the rate of qualified/range answers in the

multivariate models ( p ¼ 0.97; Table 5). The invitation, therefore, did not help clarify the

level of precision requested by the questions in the mail survey. Neither of the interactions

between the invitation to estimate indicator and either cognitive state or question

sensitivity were significant ( p . 0.05; Table 6; full results in Online supplemental

material, Table D). Thus, none of our H3a-H3c were supported.

Our next set of multivariate models demonstrates that respondents heaped their answers

around multiples of 5 slightly more with an invitation to estimate, but the difference is not

significant ( p ¼ 0.36; Table 5). The effect of an invitation to estimate on heaping does not

differ across cognitive state or sensitivity (p . 0.05; Table 6; full results in Online

supplemental material, Table D). Rates of heaping at multiples of 7 also do not

significantly differ with or without an invitation to estimate in the multivariate models for

the five questions with a reference period of a “week” ( p . 0.05; Online supplemental

material, Table E). Overall, we find no support for H4a-H4c.

Next, we examine substantive responses to the NHWPS questions. Table 7 displays

means overall and by questionnaire version for each item. As expected, most event/

behavior questions (76%) did have higher means with an invitation to estimate, but

differences were generally small and none of the 21 bivariate tests were statistically

significant ( p . 0.05). These results remain unchanged when controlling for respondent

age and education in the multivariate models (Online supplemental material, Tables F–H).

Therefore, contrary to H5, any tendencies towards over-reporting when estimation was

allowed were not large enough to cause significant differences in estimated means for

these questions.

For our final set of analyses on the mail survey, we examine the effect of an invitation to

estimate on an income question. We interpret and discuss our findings using the bivariate

tests because the multivariate and bivariate results are the same for all indicators

(multivariate results presented in Online supplemental material, Table I). We find that

adding an invitation to estimate to an income question has no effect on rates of item

nonresponse, nonsubstantive answers, qualified/range answers, or heaping ( p . 0.05;

Table 8). Further, we find that there are no significant differences in estimated means when

an invitation to estimate is added versus when it is not ( p . 0.05). This collection of results

demonstrates that inviting respondents to estimate on an income question does little to affect

data quality (i.e., no support for H1a-H4a or H5). It is possible that respondents assume that

answers to yearly income questions should be estimated, as exact answers are typically not

known; explicitly inviting estimation may not change response behaviors for this question.

4.2. Telephone

In the telephone survey, we explore the effect of an invitation to estimate across three

behavioral questions asking about alcohol consumption and cigarette smoking in the past

seven days, and number of miles driven in a typical week. We interpret and discuss our

findings using only the design-adjusted bivariate tests because the multivariate and

bivariate results are identical for all indicators across all questions, with one noted
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exception. For completeness, results from the multivariate models are presented in Online

supplemental material (Tables J–Q).

Like the mail survey (i.e., contrary to H1a), we find that the relationship between item

nonresponse and an invitation to estimate is not significant for any of the three questions in

the telephone survey ( p . .05; Table 9). As expected, interviewers likely motivated

respondents to provide an answer across both questionnaire versions, nullifying the effect

of an invitation to estimate on item nonresponse.

The percentage of respondents who ever gave a nonsubstantive answer (e.g., “I smoke a

lot of cigarettes”) was lower for questions with an invitation to estimate in the telephone

survey, but this difference was only significant for the question asking about cigarettes

(t ¼ -2.12, p , .05; Table 9). However, this difference becomes not significant when

controlling for respondent age and education ( p ¼ .07). Inviting estimation also did not

significantly change the percentage of cases with at least one qualified/range answer (e.g.,

“between 5 and 10 drinks a week”) for questions asking about alcohol or cigarettes

( p ¼ 0.28; Table 9).

When asking about number of miles driven in a typical week, cases with qualified/range

answers were, however, significantly lower when the question included an invitation to

estimate (47.33%) compared to when it did not (59.74%; diff ¼ 12.41%; t ¼ -3.70,

p , .01; Table 9; partial support for H3a). This may be because the number of miles

driven in a typical week is, by far, the highest-frequency behavior in either the mail or

telephone survey (overall mean ¼ 172.23 miles; Table 7) and cannot be reported exactly

by most respondents (i.e., generatable information). Without an invitation to estimate,

respondents may feel the need to notify the interviewer that they are uncertain of their

answer. Including an invitation to estimate, however, may communicate that an imprecise

number is acceptable, thus reducing respondent expressions of uncertainty.

Contrary to H4a, an invitation to estimate also does not significantly affect the

percentage of respondents that heap their answers around multiples of 5 or 7 ( p . 0.05;

Table 9). For the alcohol and cigarette questions, this may be because these items are

sensitive, making respondents more likely to partially conceal their answers via heaping

with or without an invitation to estimate. Additionally, since the number of miles driven in

a typical week generally cannot be enumerated for many respondents, answers to this

question are likely heaped with or without permission to estimate.

As in the mail survey, we find that means to the three telephone questions do not differ

with or without an invitation to estimate, contrary to H5. These results again indicate that

an invitation to estimate does not trigger any meaningful changes in the magnitude of

respondents’ answers.

Finally, we examine two related indicators of question administration length that are

unique to the telephone mode. We find that adding an invitation to estimate significantly

reduces the number of conversational turns required to reach a final answer by about one

turn for all three questions ( p , .05; Table 9). Eliminating this extra turn significantly

reduces response time by about one second for the question asking about alcohol (t ¼

-2.41, p , .05), and by about two seconds for the questions asking about cigarettes (t ¼

-2.89, p , .01) and miles driven (t ¼ -5.84, p , .001). While an invitation to estimate

may not affect the final answers, it does seem to simplify the interaction between

interviewers and respondents required to achieve those final answers, supporting H6.
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5. Discussion

In this study, we evaluate the common assumption that inviting respondents to estimate when

responding to numeric questions about events, behaviors, or income reduces burden. We

explore the effect of an invitation to estimate on several indicators of data quality in both a

mail and a telephone survey. This is the first study to our knowledge that investigates this

questionnaire design choice in either mode. We have three main takeaways from our analyses.

First, we find no support for the idea that an invitation to estimate significantly reduces

item nonresponse in either a mail or a telephone survey. Notably, this effect did not differ

across the question characteristics in our mail study, meaning that even the most

burdensome or sensitive questions did not benefit from inviting estimation. We do find that

inviting estimation reduces nonsubstantive answers (i.e., answers that cannot be re-coded

and would likely be set to item missing) for the event/behavior questions in our mail

survey, especially when they ask about sensitive topics. However, the rate of these answers

is quite small, and we do not see the same pattern for our mail income question or for any

of the telephone questions. It is possible that the burden of numeric questions is not high

enough to warrant item nonresponse even when respondents enumerate, making an

invitation to estimate unnecessary. Alternatively, respondents may intuit that an estimated

answer is preferable to item nonresponse when an exact answer is difficult or impossible to

provide; they may not need encouragement to make a shift from enumeration. Future work

could explore this further by, for example, investigating whether the effect of an invitation

to estimate differs across respondent characteristics that may be associated with choice of

retrieval strategy (e.g., education and age).

Second, if an invitation to estimate is used, researchers have little reason to worry that it

will negatively affect data quality. Although the difference was not significant, questions

with an invitation to estimate had slightly lower rates of item nonresponse than questions

without the invitation. We also find that rates of qualified/range answers are unchanged

with and without an invitation to estimate in the mail mode. Any measurement error

introduced by re-coding answers like ranges into a single integer is not likely increased by

inviting estimation. Further, explicitly accepting estimation does not change substantive

responses: we find no effect of an invitation to estimate on rounding or means in either

mode. This provides further evidence for the notion that respondents make decisions about

when to use enumeration versus estimation on their own, and do not require an invitation

to employ one strategy over the other.

Third, we find that an invitation to estimate may have some utility in simplifying the

interaction between interviewers and respondents in CATI surveys. For example, inviting

estimation reduced the percentage of respondents that gave qualified/range answers to a

question asking about the number of miles driven in a typical week (i.e., a high frequency

question that would be difficult to enumerate). Further, inviting estimation reduced the

total number of turns required to achieve an acceptable final answer and reduced the length

of response times for all three CATI questions. Although respondents ultimately provided

an acceptable final answer in each of these cases, the invitation to estimate may have

reduced the extra work interviewers had to perform (e.g., probing, providing clarifications)

to obtain an acceptable answer. Therefore, these results are encouraging for using an

invitation to estimate to reduce interactional burden in telephone surveys.
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Future research should investigate whether the reduced response times found in the

telephone survey can be replicated in a mail survey. Though such a study would likely be

restricted to an observational, lab setting, these results would provide more insight into

whether and how an invitation to estimate reduces respondent burden. It is also possible

that some respondents do not actually read an invitation to estimate when it is included in

visual surveys. Eye tracking studies could be used to determine if an invitation to estimate:

(1) is seen by respondents, and (2) affects data quality when it is seen.

Although we experimentally examined an invitation to estimate in both a mail and a

telephone survey, this was not an experimental study of mode differences. These two

surveys had different questions and were fielded at different times. Instead, this study does

provide a foundation for future work testing an invitation to estimate across these modes.

Such a study would also provide insight into best practices for using an invitation to

estimate in mixed-mode (e.g., interviewer- and self-administered) surveys. Further, the

CATI survey only included three questions, which limits our ability to make strong

conclusions about inviting estimation in the telephone mode. We also did not include a

question asking for detailed financial information in the telephone survey. Future work

should test the effects of the invitation to estimate on more questions asked in a telephone

survey, including questions that vary on the theoretically motivated question

characteristics identified here.

This study should also be replicated on the web; previous work in this mode (Couper

et al. 2011) did not include all of the data quality indicators we explore here. We would

expect that an invitation to estimate would have similar null effects across mail and web

surveys, as both are self-administered and use visual channels of communication.

Confirming these findings in a web survey that includes mobile respondents would allow

questionnaire designers to have insights into whether one can drop the lengthy phrase

“your best estimate is fine” and save space when displaying questions on the small screens

of mobile devices. While this study investigated more than 20 questions, the

characteristics of these questions were somewhat limited. For example, many of our

questions asked about events that were unlikely to occur to a person in their lifetime (e.g.,

head injuries; crime victimization) or about the amount of time spent on activities that may

occur with some regularity (e.g., work for pay). Additionally, the reference period and

similarity of events of our questions were confounded. Also, none of our questions asked

for information in the inestimable cognitive state (a good thing for our respondents, but not

as useful for evaluating these questions). Future studies should explore the effect of

explicitly accepting estimation on a wider variety of question types.

We also note that these question characteristics – and notably cognitive state – were not

rated by the respondents themselves. For example, a respondent who has taken several out-

of-state vacations in their lifetime may have more difficulty enumerating their answer than

a respondent who has only taken two such vacations. It is possible, therefore, that an

invitation to estimate may operate differentially based on a respondent’s perception of a

question and the utility of the invitation to estimate, rather than the perception of an

outside rater. In general, raters disagree about question characteristics (Bais et al. 2019),

although the average rating of question characteristics across expert raters has been shown

to be related to measurement error (Olson 2010). Although our raters evaluated questions

based on the “average respondent,” asking a more diverse set of raters to evaluate question
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characteristics and having a more diverse set of questions may provide more insight into

the conditions under which an invitation to estimate is effective.

Overall, we find that inviting estimation in a mail survey has no significant effect for

most of the data quality indicators in this study. Based on this collection of evidence, we

see little reason to recommend using an invitation to estimate on questions asking about

the frequency of events and behaviors or income in the mail mode, especially if

questionnaire space is limited. Though we also note that using an invitation to estimate

does not appear to negatively affect data quality for mail surveys either, so researchers do

not be concerned about data from past studies where an invitation has been used. We are

more optimistic that using an invitation to estimate in telephone surveys simplifies the

interaction between interviewers and respondents. We encourage future research to

replicate these findings in interviewer-administered modes.
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