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Effects of nonresponse and coverage problems on survey
estimates of physical activity

Philip S. Brenner

Department of Sociology and Center for Survey Research, University of Massachusetts Boston, Boston, USA

ABSTRACT
To what extent do survey nonresponse and coverage problems bias esti-
mates of physical activity? Research has focused on social desirability as a
cause of observed bias but there are relatively few studies of nonresponse
and coverage. I analyze data from a survey designed to allow estimation
of nonresponse bias using a two-phase sampling design that resamples
nonrespondents from an initial wave of telephone and IVR (interactive
voice response) interviewing for follow-up face-to-face interviews. Both ini-
tial and nonresponse interview waves included measures of physical activ-
ity frequency and duration. Estimates are compared between first-round
respondents and those from follow-up interviews of nonrespondents,
accounting for mode and other design elements. Telephone, but not IVR,
interviews were found to include bias from two sources. Findings suggest
that coverage is a cause of bias in the measure of frequency of physical
activity but nonresponse may bias the measure of physical activ-
ity duration.

Introduction

Obesity is a serious public health problem in the United States, the United Kingdom, and else-
where, increasing individuals’ risk of chronic illnesses and premature mortality (Wang et al.
2011). While obesity is a complex phenomenon with multiple intersecting social and biological
causes, physical inactivity is an important risk factor (Lee et al. 2012; De Rezende et al. 2016).
Effective public health interventions address obesity by encouraging behavioral and lifestyle
change, such as increasing physical activity (Wadden, Tronieri, and Butryn 2020). Assessing the
effectiveness of public health interventions depends on good data which depend on surveys that
validly and reliably measure the state of the population (Washburn, Heath, and Jackson 2000).

Yet, surveys commonly produce biased estimates that misrepresent the level of physical activity
in the population. Research has primarily focused on measurement bias as a cause of inflated esti-
mates (Sallis and Saelens 2000; Shephard 2003). Indeed, research has found that survey respond-
ents over-report their behavior (Durante and Ainsworth 1996; Shephard 2003) relative to
objective measures such as percentage of body fat and energy intake (Ainsworth, Jacobs, and
Leon 1992; Albanes et al. 1990) and exercise performance (Adams et al. 2005; Leenders et al.
2001; Matthews et al. 2000; Matthews and Freedson 1995). Social science approaches confirm
these findings, comparing survey reports to measures from flexible interviews (Rzewnicki et al.
2003), direct observation (Klesges et al. 1990), diaries (Brenner 2017), and reverse record checks
(Brenner and DeLamater 2014, 2016; Harvey et al. 2018).
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These studies clearly demonstrate that measurement error is an important problem for survey
estimates of physical activity. Yet, the research literature has not as comprehensively investigated
the problem that survey nonresponse may cause for estimates of physical activity (Jordan et al.
2011). Survey nonresponse arises when some of those people invited to participate fail to do so.
While nonresponse may indeed be a source of bias, it is not inherently so (Groves et al. 2006).
Nonresponse causes bias if individuals who can be contacted and agree to participate are different
in key ways from those who cannot be contacted or who refuse to participate. Thus, if physically
active individuals are more likely to participate than sedentary individuals, survey estimates may
be positively biased. In most circumstances, however, we don’t know why we fail to reach some
individuals or why others do not participate. Therefore, we also typically do not know if or how
respondents and nonrespondents differ, including on the frequency and duration of their physical
activity (Bethlehem, Cobben, and Schouten 2011; Groves 2006; Groves and Couper 1998).

As this suggests, nonresponse bias is difficult to diagnose. Absent a criterion, the sample sur-
vey itself may be used to estimate the potential for nonresponse bias. A sample of nonrespond-
ents is recontacted and measured using a more rigorous—and typically more expensive—data
collection method. This approach, called a two-phase sampling design, compares estimates from
the nonrespondent subsample to those from the original achieved sample to assess the potential
for nonresponse bias in the original round of data collection.

Given the cost and difficulty of this procedure, there are relatively few rigorous investigations
of the effect of nonresponse on survey measures of physical activity and their findings are mixed.
Most studies of nonresponse and physical activity focus on panel attrition: estimating nonres-
ponse bias as the difference between baseline and subsequent estimates in a panel survey of
before-and-after treatment design. Of these, many studies find a lower propensity for nonres-
ponse for physically active respondents (Boshuizen et al. 2006; Brownstein et al. n.d.; Chantala,
Kalsbeek, and Andraca 2005; Gray et al. 1996; cf. Batty and Gale 2009; van Loon et al. 2003).
While each of these studies operationalizes physical activity as playing sports (Caspersen, Powell,
and Christenson 1985), additional analyses using time spent biking and walking find no associ-
ation between physical activity and the propensity of nonresponse in later waves (Boshuizen et al.
2006). A similar approach using health clinic records as a baseline demonstrated that non-exer-
cisers have a higher likelihood of nonresponse on subsequent surveys (Macera et al. 1990)

Findings from the few cross-sectional studies investigating nonresponse and physical activity
estimates are also generally mixed similar to those using panel data. Mail survey nonrespondents
followed up by telephone (Hill et al. 1997) and personal interview survey nonrespondents fol-
lowed up by mail or phone (Shahar, Folsom, and Jackson 1996) reported lower levels of physical
activity. However, a telephone survey comparing a standard 10-call contact protocol with an
experimental contact protocol—increasing the number of types of contacts, including mailed let-
ters, increased incentives, and refusal conversion—doubled its response rate from 25% to 50% but
did not alter estimates of physical activity (Keeter et al. 2000, 2006).

Where nonresponse is suspected or expected to bias estimates, adjustment procedures have
been used to correct for bias. Post-stratification weighting alters the distribution of sample char-
acteristics to resemble what is known about the population, typically relying on demographic
population parameters provided by a federal statistical agency. Multivariate models also typically
employ similar sets of demographic characteristics as independent variables in a regression model
to control for differential nonresponse that may be caused or related to these characteristics. Yet,
these procedures to adjust for demographic and health differences between respondents and non-
respondents may fail to eliminate bias in physical activity estimates (Boshuizen et al. 2006; Gray
et al. 1996; Hill et al. 1997; van Loon et al. 2003) or may even exacerbate bias (Harvey et al.
2018). Thus, nonresponse may bias estimates of physical activity and typical correctives such as
weighting and modeling, may not be an effective solution.
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The current study contributes to this literature by investigating the potential for nonresponse
bias in survey estimates of physical activity in a general population. We address two limitations
of the extant research. First, because the mechanism that generates attrition in panel and clinical
designs may differ from that which generates nonresponse in cross-sectional designs, we conduct
follow-up interviews of a sample of nonrespondents from an initial wave of interviewing.
Nonresponse analyses of clinical and panel data are typically more interested in individual-level
nonresponse as a potential confounder that may harm internal validity. Causal inferences, such as
the effect of the efficacy of a treatment in a clinical design or net-change estimates using panel
data, may be weakened if the mechanism causing attrition is related to the clinical treatment or
concepts measured over time. Although important, the threat of nonresponse to internal validity
at the individual-level is not the focus of this research. Probability-based sample surveys, like that
used here, rely on representativeness to make inferences to a population. Differential nonresponse
related to concepts being measured on a survey may harm representativeness, weakening exter-
nal validity.

Second, because residents with listed telephone numbers may differ from those without
(Blumberg and Luke 2007), we sample from an address-based frame that includes all residential
addresses in the target population. We conduct telephone interviews with residents at addresses
to which telephone numbers could be matched and personal interviews with residents at
addresses without a matched telephone number. This design allows estimation of the contribution
of coverage error attributable to systematic differences between households to which a phone
number could be matched and those without a matched phone number. Follow up personal
interviews are then conducted with telephone nonrespondents to allow estimation of potential
nonresponse bias.

The design is structured to test two main hypotheses. First, in the face of survey nonresponse,
we hypothesize that a difference will emerge between respondents who respond to the original
request to participate and those who do not but are resampled and measured during follow-up
interviews. Second, given imperfect coverage, we hypothesize that coverage bias will generate a
difference between cases for which a telephone number is available and those cases for which a
telephone number is not available.

Data and methods

Data collection started in September 2015 and lasted until April 2016. In the first phase of this
two-phase sampling design, a proportionate-to-size stratified random sample of 3000 residential
addresses was drawn from an address-based sampling frame covering five neighborhoods
(Dorchester, Jamaica Plain, and Mattapan) and suburbs (Milton and Quincy), of Boston,
Massachusetts, selected purposively based on their demographic diversity. The sample was ran-
domly divided into two subsamples (see Figure 1). Addresses in the first subsample received a let-
ter, accompanying a two-dollar cash incentive, inviting residents to call a toll-free number to
complete an IVR interview (an interviewing method that uses a synthesized or prerecorded voice
to read questions to respondents over the telephone which respondents answer by speaking or
pressing a number on their phone’s keypad). Invitation letters were printed in English on
University of Massachusetts letterhead and addressed to the household by name with “or current
resident” added to the addressee in case the name was out-of-date. These materials described the
topic of the survey as focused on “health and our community” and advised residents that it would
take approximate 10–15min to complete. Invitation letters included wording that randomly
selected either the youngest or oldest adult 18 years of age or older in the household. In this sub-
sample, 148 respondents (AAPOR Response Rate [RR] #3¼ 10%) completed the survey.

Addresses in the second subsample that were matched to a telephone number (approximately
60% of the sample) received a nearly identical letter informing them that an interviewer would

340 P. S. BRENNER



call in the next few days. Each telephone number was called a maximum of 12 times; the median
number of calls was 6. Calls were placed on various days of the week, primarily during evenings
and on weekends. All telephone interviews were conducted in English. In this part of the sub-
sample, 143 respondents (20% RR) completed the survey. Addresses in the second subsample that
were not matched to a telephone number received a nearly identical letter informing them that
an interviewer would be visiting their home to complete a personal interview and promising
twenty-dollar postpaid incentive. Each address was visited a maximum of 13 times; the median
number of visits was 6. All personal interviews were completed in English. In this part of the sub-
sample, 166 respondents (38% RR) completed the survey.

In the second phase of our two-phase sampling design, approximately a quarter of the nonres-
ponding cases from the IVR subsample (N¼ 335) and half of the nonresponding cases from the
telephone subsample (N¼ 350) were randomly selected for nonresponse follow-up interviews.
They were sent a second letter informing them that an interviewer would be visiting their home
to complete a personal interview and promising a twenty-dollar postpaid incentive. Each address
was visited a maximum of 12 times; the median number of visits was 6. In these nonresponding
segments, 124 and 128 respondents (44 and 42% RR) completed the survey.

Measures

All three data collection modes (IVR, telephone interviews, and personal interviews) used the
same questionnaire, asking the same questions in the same order, including the two operationali-
zations of physical activity analyzed here. The first question measures frequency of physical activ-
ity in a typical week: “In a typical week, how many days do you do any physical activity or
exercise of at least moderate intensity, such as brisk walking, bicycling at a regular pace, swim-
ming at a regular pace, or heavy gardening?” Responses ranged from zero to seven days, and
respondents reported a mean of 3.4 days of physical activity (SD ¼ 2.4). This question serves as a

Figure 1. Study design, sample sizes, and response rates.
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filter question for the second which measures duration of physical activity episodes: “On the days
that you do any physical activity or exercise of at least moderate intensity, how many minutes are
you typically doing these activities?” Responses ranged from zero to 600min with a mean of
47.5min overall (SD ¼ 57.3) and 56.9min (SD ¼ 58.3) for those respondents reporting at least
one day of physical activity in the filter question. The variable analyzed here includes those
reporting no days of physical activity in a typical week from the filter question, coded as zero
minutes of physical activity. Both questions were originally asked on the Health Information
National Trends Survey (HINTS), a nationally representative survey sponsored by the National
Cancer Institute and are similar to those asked in other federally sponsored surveys.

The key independent variable is included as a set of five indicators for the three segments of
the study within the telephone subsample ([1] telephone interviews; [2] personal interviews with
residents from addresses to which a phone number could not be matched; and [3] personal inter-
views of phone nonrespondents) and the two segments within the IVR subsample ([4] IVR inter-
views and [5] personal interviews of IVR nonrespondents). Indicators for the five surveyed
neighborhoods and cities are included as covariates along with a set of demographic variables:
race/ethnicity in four categories (White; Black or African American; Asian and other races; and
Latino/a of any race); educational attainment in four categories (less than a high school diploma;
high school diploma or GED; some college completed; completed college degree or higher); age
in years; employment status (employed/not employed); marital status (married/not married); and
sex (male/female). Self-rated health, from excellent to poor, is also included as a covariate.
Finally, an indicator of a matched phone number is used in analyses of the IVR subsample data
to control for potential differences between addresses in this subsample with and without a
matched phone number.

Weights

The proportionate-to-size stratified sampling design is self-weighting to the household level. A
sampling design base weight was computed to adjust the propensity of respondent selection
within households of varying size. Post-stratification weights adjust sample estimates to parame-
ters from the American Community Survey on age (in three categories: 18–39, 40–64, 65 years
and older), race, ethnicity, educational attainment, sex, and marital status for each of the five
strata. These adjustments are raked to the margins, combined with base weights, and trimmed for
extreme values. Weights are computed for each segment and for the full sample adjusting for
unequal probabilities of selection across the two-phase sampling design.

Analysis

First, segments within the telephone subsample are compared. Estimates of physical activity from
the telephone interviews are compared to two other estimates from this segment: personal inter-
views with respondents living at addresses to which phone numbers cannot be matched; and esti-
mates from follow-up personal interviews with telephone nonrespondents. Second, estimates of
physical activity from the IVR subsample are compared between respondents interviewed by IVR
and nonrespondents who completed a follow-up personal interview. This comparison allows for
the production of estimates for a realistic hypothetical: how much bias would have been incurred
had nonrespondents in both subsamples not been interviewed or had residents from addresses
lacking a matched telephone number in the telephone subsample not been pursued?

Measures of physical activity from initial modes of data collection are compared with those
from the nonresponse interviews. Mean frequency and duration of physical activity are compared
across study segments using base weights and post-stratification weights. Least squares regression

342 P. S. BRENNER



models are then estimated, controlling for demographic and geographic independent variables to
generate marginal means weighted using the base weights.

Results

First, demographic variables from five sample segments are compared to population parameters.
Phone respondents, phone nonrespondents, and IVR respondents differ significantly from the
population on most of the demographics (see Table 1). These segments overrepresent whites,
those with a college degree, and older adults. Phone respondents are notably older than the popu-
lation, with over half of phone respondents in the 65 and older age group, and are less likely to
be employed. These differences raise the strong possibility that some segments, especially tele-
phone respondents, may be very different from the population on the outcomes of interest: fre-
quency and duration of physical activity (Lim et al. 2013). Notably, respondents without a
matched phone number only differ from the population on employment status, being somewhat
less likely to be employed, and IVR nonrespondents fail to significantly differ from the population
on any of the five demographic variables.

Frequency of physical activity, telephone subsample

First, the mean number of physically-active days is compared between segments in the telephone
subsample. Using base weights, personal interview respondents from addresses without a matched
telephone number reported 4.1 days of physical activity on average, 0.8 more days of physical
activity than telephone respondents and telephone nonrespondents interviewed in-person
(p" 0.05; see Table 2). Post-stratification adjustment does not substantially alter these findings.
Personal interview respondents from addresses without a matched telephone number reported

Table 1. Comparing demographic groups, between segments and the population.

Phone
respondents

Phone
nonrespondents No phone match IVR respondents

IVR
nonrespondents Population

Race/ethnicity
White 69.6% 55.6% 38.4% 67.4% 50.4% 42.5%
Black/African American 19.6% 25.8% 30.5% 15.6% 26.4% 27.9%
Asian/other race 9.4% 12.1% 16.5% 9.6% 15.2% 17.9%
Latino, any race 1.4% 6.5% 14.6% 7.4% 8.0% 11.7%
X2(p) 45.2### 10.5# 2.4 34.4### 3.9

Education
Less than HS 5.0% 7.0% 12.7% 7.7% 8.8% 16.6%
High school 20.7% 25.8% 23.0% 8.5% 25.6% 26.6%
Some college 23.6% 17.2% 24.2% 15.5% 22.4% 22.4%
College or more 50.7% 50.0% 40.0% 68.3% 43.2% 35.0%
X2(p) 23.1### 16.9### 3.7 72.3### 7.0

Sex (Female) 60.8% 48.4% 51.8% 62.1% 56.0% 53.1%
X2(p) 3.4 1.1 0.1 4.6# 0.4

Marital status (Married) 42.9% 50.0% 32.9% 41.4% 36.0% 39.8%
X2(p) 0.3 5.6# 3.7 0.2 0.8

Age
18–39 years 12.6% 24.2% 46.3% 32.6% 39.2% 45.5%
40–64 years 31.9% 46.9% 39.4% 45.7% 44.8% 39.7%
65 and older 55.6% 28.9% 14.4% 21.7% 16.0% 14.8%
X2(p) 197.8### 34.5### 0.6 12.4## 4.0

Employment (employed) 44.8% 63.3% 60.8% 65.5% 68.0% 70.4%
15.8### 3.1 7.3## 0.2 0.4

Self-reported health
Excellent 14.7% 26.6% 24.1% 27.6% 16.8% NA

N 143 128 166 148 124

Note: ###p < .001, ##p < .01, #p < .05.
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3.9 days of physical activity on average, 0.9 days more than telephone respondents (p" 0.05) and
0.7 days more than telephone nonrespondents interviewed in-person (p" 0.05). Findings from the
multivariable model reiterate these findings. Personal interview respondents from addresses with-
out a matched telephone number reported 4.1 days of physical activity on average, 0.8 days more
than telephone respondents (p" 0.05) and nonrespondents interviewed in-person (p" 0.01).

Duration of physical activity, telephone subsample

Next, the mean amount of time respondents reported engaging in physical activity is compared
between segments. Using base weights, telephone nonrespondents interviewed in-person reported
an average of 39min of physical activity, 10min less than telephone respondents (p" 0.05) and
10min less than personal interview respondents from addresses without a matched telephone
number (p" 0.05). After post-stratification adjustment, findings are altered somewhat. Telephone
nonrespondents interviewed in-person reported an average of 40min of physical activity, 10min
less than personal interview respondents from addresses without a matched telephone number
(p" 0.05) but nonrespondents’ physical activity duration fails to differ from telephone respond-
ents who report an average of 44min of activity (p¼ 0.42). The multivariable model shows tele-
phone nonrespondents interviewed in-person reported an average of 39min of physical activity,
11min less than telephone respondents (p" 0.01), and eight minutes less than nonrespondents,
although the latter difference is just outside conventional significance levels (p¼ 0.066)

Frequency of physical activity, IVR subsample

Next, the number of reported physically-active days is compared between IVR respondents and
nonrespondents interviewed in-person. In neither comparison using base weights (2.9 days for
respondents, 3.4 days for nonrespondents; p¼ 0.11) or post-stratification weights (2.9 and
3.2 days; p¼ 0.56) do statistically significant differences emerge between IVR respondents and
nonrespondents interviewed in-person. In the multivariable model, respondents report 2.8 physic-
ally-active days compared to 3.4 days for nonrespondents, a statistically significant 0.6-day differ-
ence (p" 0.05). Notably, the coefficient for the indicator denoting a matched phone number to
the address was not significant in this model, suggesting that coverage would not have been a
problem in this part of the design.

Duration of physical activity, IVR subsample

Finally, the number of reported minutes of physical activity between IVR respondents and non-
respondents interviewed in-person are compared. In none of the three comparisons, using base
weights (38 and 42min; p¼ 0.35), post-stratification weights (38 and 40min; p¼ 0.82), nor the
multivariable model (38 and 43min; p¼ 0.37), do statistically significant differences emerge
between IVR respondents and nonrespondents interviewed in-person. As in the previous model,
the coefficient for the indicator denoting a matched phone number to the address was not signifi-
cant, suggesting that coverage would not have been problematic in this part of the design.

Discussion

Self-reported physical activity was operationalized as frequency, the number of physically-active
days, and duration, the time spent in physical activity on active days. If nonresponse is a cause of
bias in either measure, consistent with Hypothesis 1, a significant difference should emerge
between respondents in the initial survey (either telephone or IVR) and nonrespondents from the
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initial survey who were interviewed in the follow-up survey. If coverage is a cause of bias, consist-
ent with Hypothesis 2, a significant difference should emerge between respondents from the tele-
phone survey and those respondents, interviewed in-person who would have otherwise been
omitted because there was no telephone number available for them.

Findings suggest that coverage, operationalized here as the difference between addresses that
are able to be matched to a phone number and those not able to be matched, is a likely source of
bias in the estimate of physical activity frequency. In the telephone subsample, personal interview
respondents from addresses without a matched telephone number reported nearly one more
physically-active day in the past week than either telephone respondents or nonrespondents inter-
viewed in-person. Nonresponse, however, did not emerge as a likely source of bias in the fre-
quency measure, as no significant difference emerged in the number of physically-active days
between telephone respondents and telephone nonrespondents later interviewed in-person.

The coverage bias in these estimates may be at least partially related to age and other demo-
graphic differences. Addresses to which phone numbers can be matched are more likely to have
older residents than addresses without matched telephone numbers. As older adults are less phys-
ically active, this difference may contribute to coverage bias. Non-covered addresses have
younger, less well educated, and more racially and ethnically diverse residents. If these groups are
also more likely to engage in frequent physical activity, this too may explain how coverage prob-
lems reduce the frequency measure. Importantly, however, this potential bias was not corrected
by including post-stratification weights or demographic covariates in the estimation procedure.
Significant differences in frequency of physical activity remained even when age and other demo-
graphic variables were used to post-stratify or to control in a multivariable model.

A different pattern of results emerged when predicting duration of physical activity. Telephone
respondents and personal interview respondents from addresses without matched telephone num-
bers did not differ in their reported duration of their physical activity. Therefore, coverage bias—
operationalized here as the difference between addresses with and without a matched phone
number—was not a significant contributor to error in the estimate of time spent in physical activ-
ity. Nonresponse, however, does appear to be a source of bias in the estimate of physical activity
duration. Nonrespondents from the telephone survey later interviewed in-person reported about
10 fewer minutes of activity than telephone respondents and personal interview respondents from
addresses without a matched phone number. Importantly, this potential bias was not fully cor-
rected with post-stratification weighting or modeling with demographic and health controls.
Significant differences in the duration of physical activity remained.

While both hypotheses are supported for the telephone interview component of this study, it
is not clear why coverage bias emerged only in the frequency measure and nonresponse bias
emerged only in the duration measure. Demographic differences between segments may explain
this pattern. Residents at addresses to which a phone number could not be matched tend to be
younger, more racially and ethnically diverse, and have lower levels of education than phone
respondents and nonrespondents. This group is plausibly more likely to engage in high frequency
and high duration physical activities, such as a job doing physically intensive work or regularly
playing a sport. In comparison, phone respondents and nonrespondents report a lower frequency
of physical activity but differ from each other on their reported physical activity duration. Phone
respondents report higher duration physical activity than nonrespondents and differ from the
other groups in some key ways. Phone respondents have the highest proportion in the oldest (65
or older) age group and have the lowest rate of employment, likely due to a higher rate of retire-
ment, are the least racially and ethnically diverse, and have the highest level of education. Given
these characteristics, they may tend to engage in less frequent but longer duration leisure-type
physical activities such as walking or playing golf. Nonrespondents tend to split the difference
demographically between the other two groups but are more heavily male, married, and have a
higher proportion in the working-age (40–64) group. They may be more likely to engage in lower
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duration activities, such as minor household chores. While this post-hoc reasoning is plausible
and may explain the pattern of bias found here, it is speculative and requires confirmation in
future research.

The second set of models predicted physical activity in the IVR subsample. In neither of the
models predicting frequency or duration of physical activity do consistently significant differences
emerge between respondents and nonrespondents followed-up with personal interviews. The lack
of significant differences between respondents and nonrespondents suggests nonresponse is not
significantly biasing these estimates. Moreover, no difference was found between cases with and
without a matched phone number in the IVR subsample, suggesting that coverage bias would not
have been a problem in this part of the design.

Response rates for this survey add a caveat to this finding. Initial response rates were some-
what low: 10% in the IVR survey and 20% in the telephone survey. While these response rates
are not unusually low for surveys in diverse, urban populations like the Boston area, they are one
of a number of important limitations of this study. A more important limitation than the
response rate from the initial round of data collection is that from the nonresponse follow-up
surveys. Only 42–44% of randomly selected nonrespondents chosen for a follow-up survey were
interviewed. This unfortunately means that our best estimates may still include nonresponse bias.
This limitation would be more notable if we had not found bias and were defending the unbias-
edness of the survey estimates. However, that our nonrespondent samples look more similar
demographically to the population than the initial telephone and IVR samples (see Table 1), sug-
gests that nonresponse in the follow-up interviews is likely not generating additional bias.

Second, bias is highly dependent on the specific details of the particular study design, such as
sampling design, frame characteristics, and data collection mode. Our study finds evidence for
coverage and nonresponse biases using telephone and personal interviews with an address-based
sample. While these findings may generalize to other production surveys using other designs, dif-
ferent profiles of nonresponse and coverage errors are possible in other studies. Future research
should examine these errors for mail and web surveys.

Moreover, while this study was not designed to assess measurement error, the comparison
between telephone and IVR respondents may yet give some insight into social desirability bias, a
particular form of measurement error discussed in the introduction. Social desirability bias is
commonly linked to interviewer-administered surveys. Respondents are believed to exaggerate
normative behaviors, such as engaging in physical activity, when reporting on these behaviors to
survey interviewers but not when reporting on self-administered surveys. We can partially assess
the role of measurement error attributable to social desirability by comparing phone respondents
to IVR respondents but limiting analysis to cases from addresses with a matched phone number
to eliminate the potential for differential coverage between phone and IVR estimates. These com-
parisons (analysis not shown) yield no differences between phone interviews and IVR in the fre-
quency measure when weighted with sampling weights or post-stratification weights, or
controlling for demographics and health. A significant difference does emerge for activity dur-
ation: IVR respondents report about 12min less activity than phone respondents when weighted
using sampling weights and when controlling for demographic and health variables. This differ-
ence, however, is reduced in size (three minutes) and to non-significance when post-stratification
weights are used.

Thus, while there is some evidence for measurement error here, there is also evidence that
post-stratification adjustment helps to correct this bias. Note also that the difference between
phone interviews and IVR may be due to some differences in these modes other than those asso-
ciated with the social presence of the interviewer or lack thereof. For instance, the duration ques-
tion may be easier to answer with an interviewer who can help respondents compute an answer
in minutes (e.g, 3 1/2 h ¼ 210min) in contrast with IVR which makes higher cognitive demands
and requires more arithmetic competence.
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Third, while this study rigorously estimates potential nonresponse bias, the use of personal
interviewing limited the research geographically to Boston. Given that the city has been repeat-
edly recognized as one of the country’s “fittest” (American College of Sports Medicine 2017), the
mechanism generating nonresponse may differ between Boston and other cities and regions in
the US. Notably, the physical activity question was asked in the context of a survey that was
explicitly focused on health and correlates of health and was described to the respondent as such.
Thus, respondents may have reacted differentially in a way that was related to the physical activ-
ity questions.

Conclusion

Researchers have primarily been focused on the potential for social desirability bias and other
measurement errors in measures of health behaviors, such as physical activity. However, nonres-
ponse and coverage may also potentially bias estimates of these behaviors. The purpose of this
study was to examine these forms of survey error and assess their potential to alter estimates of
physical activity. Using a two-phase sampling design with telephone surveys of an address-based
sample, evidence of both nonresponse and coverage biases was found.

Moreover, procedures typically used to adjust for these sources, post-stratification and multi-
variable modeling, failed to correct estimates from the telephone survey for these sources of bias.
Thus, an key lesson from these findings is one that reiterates an important message from the sur-
vey methods literature. Survey errors, including nonresponse and coverage biases, are statistic-by-
statistic concerns and may affect different measures differently, even for measures of the same
underlying concept. Moreover, when and where they emerge, nonresponse and coverage biases
cannot always be “controlled for” in a multivariable model or “weighted away” in survey meas-
ures of physical activity.

While the coverage problem found here is highly dependent on the particular study design
used, an address-based sampling design with matched telephone numbers, the problem of nonres-
ponse is likely translatable to other telephone surveys using other sampling designs, such as
RDD, and perhaps other data collection methods as well. Indeed, the problem of nonresponse
bias in measures of physical activity should be a concern for any telephone survey that asks ques-
tions about physical activity as well as other measures of health (Fowler et al. 2019, 2020).

Limitations notwithstanding, these findings suggest that survey estimates of physical activity
may indeed include nonresponse or coverage biases, even if researchers use post-stratification
weights or estimate multivariable models with demographic control variables.
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