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We test a planned missing design to reduce respondent burden in Web and SMS
administrations of the CAHPS Clinician and Group Survey (CG-CAHPS), a survey of patient
experiences widely used by health care providers. Members of an online nonprobability panel
were randomly assigned to one of three invitation and data collection mode protocols: email
invitation to a Web survey, SMS invitation to a Web survey, or SMS invitation to an SMS
survey. Within these three mode protocols, respondents were randomly assigned to a planned
missing design, which shortened the survey by about 40%, or to a control group that received
the survey in its entirety. We compare survey duration, breakoff and completion rates, and five
key patient experience measures across conditions to assess the effect of the planned missing
design across the three modes. We found that a planned missing design worked well with our
Web survey, reducing survey duration and breakoff without changing estimates relative to the
full-survey control condition. However, mixed findings in the SMS survey suggest that even
shortened, 15-item surveys may be too long to substantially reduce respondent burden. We
conclude with recommendations for future research.
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1. Introduction

The high demand for cost-effective survey designs has been an impetus for methodological

innovation (Schonlau and Couper 2017; De Leeuw 2018). Modes that contact, recruit, and

measure electronically, such as Web surveys and text message surveys, fit this bill,

allowing cost-effective designs that can leverage institutional resources (e.g., licenses for

Web and text survey applications) to dramatically reduce costs (Dillman et al. 2014). Yet,

taking advantage of these innovations to reduce costs may encounter an unintended

consequence: high respondent burden (Crawford et al. 2001; Mavletova et al. 2018).

Although respondent burden lacks a clear conceptualization, it likely results from multiple

factors, including, but not limited to, survey length, complexity, and the effort required for

completion (Crawford et al. 2001; Mavletova et al. 2018; Yan et al. 2020). These factors,

however, do not determine respondent burden as they may be balanced or even outweighed

by the positive characteristics of the survey, such as the respondent’s interest in or

perceived importance of the topic (Bradburn 1978; Sharp and Frankel 1983).
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High respondent burden generated by long and complex self-administered surveys such

as those conducted on the Web or by short message service (SMS), may cause fatigue and

resultant breakoffs that potentially harm data quality (Galesic and Bosnjak 2009; Revilla

and Ochoa 2017). While cutting questions, condensing questionnaires, and curtailing

complexity may help to reduce respondent burden in this case (Mavletova and Couper

2015; Toepoel and Lugtig 2018), this remedy may cause a side-effect. Even in a shortened

and simplified survey questionnaire, important and complex concepts must be adequately

measured for the survey to accomplish its goals (Keller et al. 2005). If too many questions

are cut or if cuts are made haphazardly and without consideration of their effect on

resulting data quality, reliability and validity, especially concurrent and discriminant

validities, may be harmed (Ng et al. 2016). A promising solution – a planned missing

design – randomly assigns respondents to answer only a subset of questions to shorten the

survey and reduce respondent burden (Johnson et al. 2013).

Patient surveys provide an illustrative example of these cross-cutting demands that may

be met with a planned missing design. Data from patient surveys are used by government

agencies and insurance companies in reimbursement and pay-for-performance

computations and are made available to consumers for their medical decision-making

(Elliott et al. 2016; Holt 2019; Spranca et al. 2000). However, many healthcare providers

and professionals view patient surveys as tertiary to providing care and see high data

collection costs as an unnecessary burden on their already strained budgets (Alemi and

Jasper 2014). As a result, many hospitals and clinics are demanding shorter self-

administered patient surveys that take advantage of methodological and technological

innovations to improve cost-effectiveness and allow increased flexibility and

customizability (Keller et al. 2005; Lee et al. 2013; Stucky et al. 2016).

Therefore, we test the use of a planned missing design with the CAHPS Clinician and

Group Survey (CG-CAHPS), a survey of patient experiences widely used by healthcare

providers. We invite members of an online panel by email or SMS to complete a survey

administered in one of two modes, by Web or SMS. Panelists who have had a visit with a

physician in the past six months are assigned to one of three shortened modules or to the

full version of the survey. Comparisons are made between the different invitation and data

collection mode conditions and planned missing modules of the survey to assess the

effects of these designs on respondent burden, operationalized as survey duration and

completion and breakoff rates, and key patient experience outcomes.

2. Background

2.1. Respondent Burden and Web Surveys

Web surveys can be designed to reduce respondent burden (Mavletova and Couper 2015;

Toepoel and Lugtig 2018). As a computerized data collection method, Web surveys can be

programmed to simplify the respondent’s task by streamlining their path through the

questionnaire, using survey software to hide complex routing generated by filter questions

and skip patterns (Dillman et al. 2014). However, respondent burden is not necessarily

alleviated by computerization and the potential for problems remains (Crawford et al.

2001). If questions are too many or too complex, respondents may cope with the high
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cognitive demands by engaging in counterproductive behaviors that reduce data quality,

such as straight-lining, satisficing, skipping questions, or breaking off from the survey

before completion (Conrad et al. 2017; Kim et al. 2019; Zhang and Conrad 2018).

Thus, keeping Web surveys short and simple helps to reduce respondent burden and

improve data quality (Mavletova and Couper 2015; Toepoel and Lugtig 2018). A planned

missing design fits this need well as an effective way to reduce survey length and

complexity (Peytchev and Peytcheva 2017). This approach reduces survey length by

randomly assigning respondents to answer only subsets of questions (Enders 2010;

Johnson et al. 2013; Graham et al. 2006). Given random assignment, unasked and

unanswered questions generate nonresponse patterns in data sets that are known to be

missing completely at random (Johnson et al. 2013). As a result, planned missing designs

do not bias results, although they may reduce statistical efficiency for some types of

analyses as they can shrink analytic sample sizes (Rhemtulla et al. 2016) – the price paid

to shorten survey length, relieve respondent burden, and prevent resultant breakoffs. Thus,

this study applies a planned missing design to reduce respondent burden in a Web survey.

2.2. Respondent Burden in SMS Surveys

An innovative extension to Web survey methods allows recruitment and data collection to

be shifted to SMS. This approach takes advantage of many Web survey platforms’

capabilities to recruit and measure using text messaging. SMS shows promise during

recruitment to a Web survey, improving response when used as a pre-notification contact

preceding an email invitation (Bosnjak et al. 2008) and yielding higher response than

emailed invitations when used as a recruitment mode (Mavletova and Couper 2014).

Importantly, using SMS as a recruitment or invitation mode in the United States requires an

appropriate sampling frame that includes a cell number and permission to contact via text.

SMS also offers some potential benefits as a data collection mode including respondents’

increased willingness to disclose sensitive information and a higher response rate compared

to interviewer administration (Schober et al. 2015; West et al. 2015). However, SMS data

collection also extends the duration of the survey due to the asynchronous nature and norms

of texting, which may increase respondent burden and the potential for breakoffs (West et al.

2015). Much like for Web surveys, best practices suggest keeping SMS surveys short and

simple to prevent breakoffs and errors resulting from respondent fatigue and high

respondent burden (Lau et al. 2019). Therefore, SMS surveys may also benefit from a

planned missing design to reduce survey length and respondent burden. Thus, this study

novelly tests a planned missing design in an SMS survey.

2.3. Respondent Burden and Patient Surveys

Surveys of patients are well-positioned to benefit from innovations in recruitment and data

collection, such as planned missing designs in Web and SMS surveys. One such survey,

the CAHPS Clinician and Group Survey (CG-CAHPS), is used by general practitioners

and specialists to assess patient experiences after office visits and outpatient procedures.

CG-CAHPS collects information about patients’ experiences with their provider and other

medical and clinic staff to make comparisons across medical practices, giving providers a

report card and patients the insights they need to make informed choices (Dyer et al. 2012;
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Elliott et al. 2016; Holt 2019; Spranca et al. 2000). Data are commonly, though not

exclusively, collected using mail surveys as a primary data collection mode, with

telephone interviewers following up with nonrespondents (Elliott et al. 2009; Stucky et al.

2016). However, technological and methodological innovation may change how CG-

CAHPS and other surveys of patients recruit and measure (Lee et al. 2013) in our

increasingly online and cell-only society (Blumberg and Luke 2020; Pew Research Center

2019). Many medical practices request patients’ email addresses and cell numbers to

interact with them via medical portals and send them appointment reminders and

confirmations (Garrido et al. 2016). Given the multiple types of contact information on

patient lists, they provide rich sampling frames that offer multiple options for recruitment

and measurement. Using this contact information to shift survey recruitment and data

collection to Web and SMS may reduce costs and increase timeliness of response for CG-

CAHPS surveys relative to mail and telephone data collection. Yet, without simplification

and abbreviation of the questionnaire, respondent burden may yield relatively high rates of

breakoffs, lower rates of completion, and other negative effects on data quality.

Therefore, we test the use of a planned missing design in a survey of patient

experiences. Members of an online panel were invited by email or text message to

complete a Web survey or an SMS survey. We assess and compare evidence of respondent

burden across four versions of the questionnaire: three abbreviated questionnaires

applying a planned missing design and a control group that includes the full survey

instrument. We operationalize respondent burden in three ways: more burdensome

modules will take longer to complete, yield more breakoffs, and, accordingly, lower

completion rates. We also compare survey progress at interim stages of the recruitment

process – click (on URL), screening, and eligibility rates – to assess differences in

recruitment and survey progress between modes and modules given the negative effect of

respondent burden (Galesic and Bosnjak 2009; Revilla and Ochoa 2017). We then assess

the effect of respondent burden and the planned missing design on patient experience

outcomes in the CG-CAHPS survey in both Web and SMS survey modes. A lack of

differences in patient experience outcomes from the shortened questionnaires and the full-

survey control condition would provide evidence for the effectiveness and appropriateness

of using a planned missing design to reduce respondent burden with CG-CAHPS in these

modes. To our knowledge, this is the first study using a planned missing design to examine

the differential effects of respondent burden in Web and SMS modes.

3. Methods

3.1. Sample Design and Justification

Although the intended outcome of the planned missing design is higher quality data

(Peytchev and Peytcheva 2017), removing questions may potentially cause unintended

errors. Omitted questions may change the context in which subsequent questions are

asked, introducing artifactual differences between questionnaire versions (Morgan and

Poppe 2015; Swain 2015). These artifactual differences generated by methodological

experiments could expose healthcare providers to negative outcomes by invalidating

comparisons between providers and reducing the usefulness of CG-CAHPS data which are
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used by government agencies and insurance companies in reimbursement and pay-for-

performance computations and by consumers for their medical decision-making (Elliott

et al. 2016; Holt 2019; Spranca et al. 2000). Thus, it is critical that if alternative methods of

data collection are employed, such as planned missing designs in Web and SMS surveys,

they not differentially affect CG-CAHPS estimates. Therefore, we test this design using a

sample from a nonprobability online panel rather than nesting it within a production

survey using a clinic’s patient list as a sampling frame. Fifty-thousand members of

Qualtrics’ online nonprobability panel were invited to participate in a survey using their

standard, generic invitation message. Panelists were offered an incentive given their pre-

stated preferences (e.g., frequent flyer program miles, hotel brand loyalty points).

3.2. Invitation and Data Collection Modes

Combining the mode of invitation (email or SMS) with the mode of data collection (Web

or SMS) resulted in three conditions: email invitation to a Web survey, SMS invitation to a

Web survey, and SMS invitation to an SMS survey. Note that a fourth combination, an

email invitation to an SMS survey, is possible. However, this design would require an

additional step not required by the other designs. An invitation to a Web survey, either by

email or by SMS, only requires clicking a link to open a browser. An SMS invitation to an

SMS survey can simply be responded to. These approaches seem to us to be relatively

seamless. An email invitation to an SMS survey would require a more active switch on the

part of the respondent, moving from an email application to a texting application, entering

a telephone number or shortcode, and sending a message to this new number. While

shifting from email recruitment to SMS data collection is possible and has been used

previously (Brenner and DeLamater 2013), we did not foresee it being a useful design for a

CAHPS survey and did not test it in this study.

Email invitations were sent to 20,000 panelists that included a URL that forwarded to

the survey. Another 20,000 panelists were invited by SMS to complete a Web survey and

received a link identical to those sent via email. The remaining 10,000 panelists were

invited by SMS to complete an SMS survey. These panelists received questions

sequentially by SMS after agreeing to participate by responding to the initial message. The

difference in sample sizes is partially due to the number of panelists available and partially

due to cost. SMS surveys encounter extra costs in addition to the Web survey platform

license, including an additional cost for SMS survey capabilities and per-message

transmission costs for both outgoing questions and incoming answers. Data collection

began in August 2019 and was completed in September 2019.

3.3. Planned Missing Experiment and Respondent Burden

In each mode, panelists were randomly assigned to one of four survey modules. Three of

these modules used a planned missing design to reduce the length of the survey. Each of

the first three survey modules included a subset of questions. Module A included questions

assessing access to the provider; module B assessed communication with the provider; and

module C assessed coordination of care. All three of these survey modules also included

two questions about their provider’s office staff, an overall provider rating, patient

demographic questions, and self-rated health. These shortened modules included 14, 15, or
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16 questions; shorter if the respondent answered “no” to one or more filter questions. The

final module, module D, served as a control group and included all questions asked in each

of the first three modules; a total of 25 questions, shorter if the respondent answered “no”

to one or more filter questions.

The planned missing design is used to manipulate respondent burden as the shortened

questionnaire modules are hypothesized to relieve respondent burden relative to the full-

length questionnaire module. Following previous theory and research, respondent burden

is operationalized as survey duration, and reflected in breakoff rates and, accordingly,

completion rates (Antoun and Cernat 2020; Bradburn 1978; Mavletova and Couper 2015;

Peytchev 2009; Sharp and Frankel 1983; Steinbrecher et al. 2015). Breakoff rates are

computed as the percentage of eligible respondents who started the survey but did not

complete it. Completion rates are computed as the percent of invited panelists who

complete the survey.

3.4. Dependent Variables

Panelists were first screened for a doctor’s visit in the past six months to be eligible for the

survey. Subsequent questions refer to the provider identified in the screening question.

Five dependent variables, created by combining question responses into composites, are

measured and analyzed. The first is a composite combining three items, each measuring

the patient’s perception of the accessibility of their provider. The second combines four

items, assessing how often the provider communicated effectively with the patient. The

third combines three items, each assessing coordination of patient care. The fourth

combines two items, measuring the patient’s assessment of the courteousness of the

medical office staff. The final dependent variable is a single item measure of the patient’s

assessment of his or her provider.

The four composites use scales demonstrated to have good internal consistency (Dyer

et al. 2012). Each measured variable was recoded following common practice with

CAHPS measures (never (0), sometimes (3.33), usually (6.67), and always (10)). For each

scale, these values were then averaged and rounded to the nearest integer to create 11-

point (0–10) composite measures (AHRQ n.d.). For scales with embedded filter questions,

values for unasked follow-up items were missing if respondents responded “no” to the

filter question. Scales values were computed using remaining answered scale items. This

procedure puts these first four dependent variables on a scale similar to that of the fifth

dependent variable, a 0 to 10 overall rating of the provider. See Table 1 for the full

question text, response options, question order, and use across planned missing modules.

The survey was optimized for mobile devices, including only item specific scales and

using no question grids, drop down menus, or sliders. Nearly all of the questions were

successfully adapted for SMS, shortened to 160 characters or fewer, a US-based limit

for text messages. Unfortunately, five questions could not be shortened enough without

changing their meaning or excluding important information and, thus, exceeded this

character limit. Note that most smartphones and carriers reassemble messages exceeding

this limit before they appear on the device, and therefore we do not expect that this

small subset of longer questions caused a problem for SMS respondents (Ayers et al.

2014).
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Table 1. Question order, wordings, and response options for each CAHPS scale, by module.

Scale Question Response
options

In
modules

Screening
question

In the last six months, did you get medical
care from a health care provider (phys-
ician, nurse practitioner, or physician’s
assistant)? Do not include dental care or
overnight stays in a hospital.

YN A B C D

Is this the provider you usually see if you
need medical care? If you saw more than
one provider, think about the one you saw
the most.

YN A B C D

Provider
accessibility

In the last six months, did you contact this
provider’s office to get an appointment for
an illness, injury, or condition that needed
care right away?

YN A D

Provider
accessibility

In the last six months, when you contacted
this provider’s office to get an appoint-
ment for care you needed right away, how
often did you get an appointment as soon
as you needed?

NSUA A D

Provider
accessibility

In the last six months, did you make any
appointments for a check-up or routine
care with this provider?

YN A D

Provider
accessibility

In the last six months, when you made an
appointment for a check-up or routine care
with this provider, how often did you get an
appointment as soon as you needed?

NSUA A D

Provider
accessibility

In the last six months, did you contact this
provider’s office with a medical question
during regular office hours?

YN A D

Provider
accessibility

In the last six months, when you contacted
this provider’s office during regular office
hours, how often did you get an answer to
your medical question that same day?

NSUA A D

Effective
communication

In the last six months, how often did this
provider explain things in a way that was
easy to understand?

NSUA B D

Effective
communication

In the last six months, how often did this
provider listen carefully to you?

NSUA B D

Care
coordination

In the last six months, how often did this
provider seem to know the important
information about your medical history?

NSUA C D

Effective
communication

In the last six months, how often did this
provider show respect for what you had to
say?

NSUA B D

Effective
communication

In the last six months, how often did this
provider spend enough time with you?

NSUA B D

Care
coordination

In the last six months, did this provider
order a blood test, x-ray, or other test for
you?

YN C D
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3.5. Control Variables

Self-rated health was included as a standard question that asked “In general, how would

you rate your overall health?” using a five-point scale: excellent, very good, good, fair, or

poor. Self-rated health is included in these analyses as it is predictive of patient

experiences and healthcare utilization and is used as a patient-mix adjustment variable for

comparing healthcare organizations (DeSalvo et al. 2004; Elliott et al. 2009; Paddison et al.

2013). Mental health was also measured using a question that asked: “In general, how

would you rate your overall mental or emotional health?” and used the same response

scale as the general health question. This measure of mental health is included as it is

predictive of patient experiences and healthcare utilization (Ahmad et al. 2014). Both

health variables have been recoded so that higher values reflect better health.

A series of demographic controls, including education (less than a high school degree,

high school degree or GED, some college or two-year degree, four-year college degree, or

more than a college degree), sex (male or female), and age (18–24, 25–34, 35–44,

45–54, 55–64, and 65 or older) are also included as categorical variables. Descriptive

statistics for these independent variables and significance tests comparing across modes

and modules are available in Table 2.

Table 1. Continued

Scale Question Response
options

In
modules

Care
coordination

In the last six months, when this provider
ordered a blood test, x-ray, or other test
for you, how often did someone from this
provider’s office follow up to give you
those results?

NSUA C D

Provider
rating

Using any number from 0 to 10, where
0 is the worst provider possible and
10 is the best provider possible, what
number would you use to rate this
provider?

0-10 A B C D

Care
coordination

In the last six months, did you take any
prescription medicine?

YN C D

Care
coordination

In the last six months, how often did you
and someone from this provider’s office
talk about all the prescription medicines
you were taking?

NSUA C D

Office staff
rating

In the last six months, how often were
clerks and receptionists at this provider’s
office as helpful as you thought they
should be?

NSUA A B C D

Office staff
rating

In the last six months, how often did
clerks and receptionists at this
provider’s office treat you with
courtesy and respect?

NSUA A B C D

Note: NSUA stands for “Never, Sometimes, Usually, Always”; YN stands for “Yes, No.”
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3.6. Analysis

We first compare screening and eligibility rates by predicting a series of nested logistic

regression models. The first models are estimated with dummy variables for respondents’

randomly assigned invitation and data collection mode (email/Web, SMS/Web,

SMS/SMS) as the sole predictor. Model fit is compared and assessed using likelihood

ratio X 2 tests. Given significant improvement in fit, pairwise comparisons between

categorical predictors are presented. The second models add dummy variables for planned

missing design module (Modules A, B, C, and D) as a predictor. Given that screening for

eligibility takes place before the respondent is exposed to their randomly assigned

questionnaire module, we expect that module will have no effect on screening and

eligibility rates. Finally, the interaction between mode and module is tested.

We similarly assess measures of respondent burden by estimating nested logistic

regression models that predict the propensity of a case to be completed or to breakoff using

mode and module as predictors. We then assess survey duration, the final measure of

respondent burden, by estimating a median regression predicting survey duration using

mode and module as predictors. Given our expectation of a large difference in completion

times between Web and SMS surveys, as suggested in the existing research (Schober et al.

2015) they are analyzed separately.

We then examine the distributions of the demographic and self-reported health variables

between modes and modules using chi-square tests. These demographic and health

variables are used as covariates in the final set of models assessing the effect of the planned

missing design on patient experience outcomes, the key measures of the CG-CAHPS

survey. A set of nested ordinary least squares regression models are estimated and adjusted

means are presented for each outcome: provider accessibility, communication with

provider, coordination of care, assessment of the provider’s office staff, and the overall

provider assessment. The baseline model adjusts for demographic and health variables. We

then estimate two additional sets of models. First, we add dummy variables for mode of

invitation and data collection, comparing this model to the prior baseline model using an F-

test to test the statistical significance of including mode as a predictor of the dependent

variable. Where the F-test indicates by-mode differences, predicted values of the

dependent variables are compared by mode. We then add dummy variables for the four

questionnaire modules (A, B, C, and D), comparing this model to the prior model including

mode. Where the F-test indicates by-module differences, predicted values for the

dependent variable are compared by module. Finally, we test the interaction of mode and

module by comparing a model with this interaction term to the prior model using an F-test.

4. Results

4.1. URL Click, Screening, Eligibility, Breakoff, and Completion Rates

About 14% of those receiving email invitations to a Web survey (2,788 panelists) started

the survey by clicking on the URL. Of those panelists who clicked the link to the survey,

82% (2,272 panelists) completed the first question, a screener for a recent (in the past six

months) doctor visit. Three-quarters (1,721 panelists) of those answering the screening

question were eligible, and nearly all (97%) of these eligible cases completed the survey

Journal of Official Statistics972



(1,665 respondents), yielding a 3.3% breakoff rate and an 8.3% completion rate in the

email/Web condition. Sample sizes, eligibility, screening, breakoff, and completion rates

by survey mode and module are available in Table 3.

In the condition using an SMS invitation to a Web survey, 2,131 (11%) of those

receiving a text invitation started the survey by clicking the link in their SMS messaging

application. Of those panelists who clicked the link they received by SMS, 1,991 (93%)

answered the screening question. Over 80% (1,635 panelists) of those answering the

screening question were eligible, and 90% (1,473 respondents) of these eligible panelists

completed the survey, yielding a 9.9% breakoff rate and a 7.4% completion rate in the

SMS/Web condition.

Nearly 10% (977) of those invited by SMS to the SMS survey started the survey by

replying to the screener question. Note that this condition lacks a URL to click. Thus, the

survey begins with screening: an initial text message that asks a question to determine

eligibility. Responding to this initial question functions both as the initial “URL click” of a

sort and an eligibility screen. Of the panelists who answered the screening question, 787

(81%) reported an eligible doctor’s visit. Of the eligible cases, 70% or 550 respondents,

completed the survey yielding a 30% breakoff rate and a completion rate of 5.5% in the

SMS/SMS condition.

We estimated logistic regression models predicting screening and eligibility using mode

as an independent variable. Differences emerge in screening (X 2 ¼ 27.6, p , .001) and

eligibility rates (X 2 ¼ 27.6, p , .001) between modes during recruitment (see Table 4).

Given the significant X 2 statistics, we compared modes pairwise. When predicting

screening, significant differences emerge between email/Web and both of the other modes,

SMS/Web (z ¼ 4.55; p , .001) and SMS/SMS (z ¼ 4.27; p , .001). The small difference

between the screening rate in email/Web (11%) and that in SMS/Web and SMS/SMS

(10%) is likely significant given the very large sample size, all 50,000 panelists. Predicting

eligibility, significant differences also emerge between email/Web (76%) and both of the

other modes, SMS/Web (82%; z ¼ 5.12; p , .001) and SMS/SMS (81%, z ¼ 3.09;

p , .01). We then added module to these models. For neither screening (X 2 ¼ 1.1) nor

eligibility (X 2 ¼ 5.0) does adding module to these models improve fit. Finally, we tested

the interaction of mode and module in these models. For neither model does adding the

interaction improve model fit.

4.2. Modeling Respondent Burden: Completion Rates

Next, we estimate logistic regression models to examine differences in respondent burden

between components of the study design. Survey completion is used as a first (negative)

indictor of respondent burden (Bradburn 1978; Sharp and Frankel 1983). First, we predict

survey completion using mode as the sole predictor, then add module as a predictor, and

finally their interaction. The first model suggests that completion rates differ significantly

between the three modes (X 2 ¼ 77.9, p , .001). Pairwise comparisons show significant

differences between these three rates. Completion is highest in email/Web (8.3%)

compared with SMS/Web (z ¼ 3.5, p , .001) and SMS/SMS (z ¼ 9.4, p , .001) and

lowest in SMS/SMS (5.5%), compared with SMS/Web (7.4%; z ¼ 6.4, p , .001) which

has a completion rate that falls in between the other two modes.
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In the second model, we add planned missing modules as a predictor. Accounting for

module does not significantly improve the fit of the model (X 2 ¼ 5.6). A subsequent test

including the interaction of mode and module also unsurprisingly fails to significantly

improve the fit of the model (X 2 ¼ 3.55).

4.2.1. Modeling Respondent Burden: Breakoff Rates

Survey breakoff is used as a second indictor of respondent burden (Peytchev 2009;

Steinbrecher et al. 2015). We estimate logistic regression models to further examine

differences in breakoff rates between components of the study design, first including only

mode as a predictor, then adding module, and finally testing their interaction. The first

model suggests that mode is a significant predictor of breakoffs (X 2 ¼ 344, p , .001).

Given the significant X 2 statistic, we compared modes pairwise, finding significant

differences between all three modes, with email/Web (3.3%) prompting a lower breakoff

rate than SMS/Web (9.9%; z ¼ 7.5; p , .001) and SMS/SMS (30%) resulting in a higher

breakoff rate than email/Web (z ¼ 15.7; p , .001) and SMS/Web (z ¼ 11.3; p , .001).

In the second model, we add planned missing modules as a predictor. Adding module

significantly improves the fit of the model (X 2 ¼ 37.2; p , .001). Given the significant X 2

statistic, we compared modules pairwise. Full length module D increases breakoffs

compared to modules B (z ¼ 4.1; p , .001) and C (z ¼ 5.2; p , .001). The longest of the

shortened modules, module A, also shows a higher breakoff rate than modules B (z ¼ 3.2;

p , .001) and C (z ¼ 4.3; p , .001). Notably, modules A and D and modules B and C do

not differ in their breakoff rates. Finally, the interaction of mode and module was tested

but was not statistically significant (X 2 ¼ 1.3).

4.2.2. Modeling Respondent Burden: Survey Duration

Survey duration is used here as the final measure of respondent burden (Antoun and Cernat

2020; Mavletova and Couper 2015). We examined differences in survey duration between

modes and modules by estimating quantile (median) regression models. These models

predicted survey duration in seconds, first introducing mode as a predictor, then adding

module to the model. Models are estimated separately for Web (email/Web and SMS/

Web) and SMS surveys given our expectation of a large difference in survey duration

between data collection modes (Schober et al. 2015).

Median duration did not differ between the two Web surveys (F1,3177 ¼ 0.1): 138

seconds in email/Web and 137 seconds in SMS/Web. As no significant difference emerged

between these two modes, we pool the Email/Web and SMS/Web data to test differences

across modules. Median survey duration differed between the four modules

(F3,3175 ¼ 121.0, p , .001). Given the significant F statistic, we compared modules

pairwise. Median duration for the pooled web-based surveys differs between each pair of

modules except for modules B and C for which duration fails to differ. Time to complete

Module D exceeds all other modules: A (z ¼ 10.3, p , .001), B (z ¼ 15.9, p , .001) and

C (z ¼ 17.1, p , .001) and time to complete module A exceeds modules B (z ¼ 5.7,

p , .001) and C (z ¼ 6.7, p , .001). Finally, the interaction of mode and module was

tested but was not statistically significant (F1,3171 ¼ 0.9).
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In the SMS/SMS survey, median duration was over 30 minutes (1,845 seconds), ranging

from 1,668 seconds for Module C to 1975 for Module B. However, survey duration did not

significantly differ between modules in the SMS/SMS condition (F3,482 ¼ 0.2).

4.3. Demographic and Self-Reported Health Covariates

A number of significant differences emerge in the distributions of the four demographic

variables and two self-reported health variables between the three modes (see Table 2).

Respondents answering the survey in the SMS/SMS condition report relatively poorer

health and mental health. SMS respondents are also more likely female and are relatively

younger than their counterparts completing Web surveys. Those invited by email to

complete a Web survey, however, are relatively more educated than those invited by SMS

to take either a Web or SMS survey and report better mental health. Relatively few

differences emerge across modules within modes. Differences emerge in the SMS/Web

survey on education, and in the SMS/SMS survey on age and education. However, no clear

and consistent patterns emerge from these comparisons across modules.

4.4. Predicting Patient Experience Outcomes

The first set of regression models provide a baseline restricted model predicting the five

outcomes controlling only for demographic and health covariates. The adjusted means

from these models for the five outcomes range from 7.0 for provider accessibility to 8.1 for

effective communication and the overall provider rating (see Table 5).

The next set of regression models include mode as an independent variable. F-tests

comparing each model to the corresponding previously estimated baseline model show

statistically significant effects for mode in models for three of the five outcomes, effective

communication (F2,1794 ¼ 10.5, p , .001), office staff rating (F(2,3640) ¼ 13.2, p , .001),

and provider rating (F(2,3635) ¼ 7.8, p , .001), and was marginally significant in a fourth

model for provider accessibility (F(2,1712) ¼ 2.6, p , .10).

For each model with a significant F-statistic, we compare adjusted means for these

outcomes by mode. Email/Web responses differ from SMS/SMS for four outcomes,

provider accessibility (6.8 and 7.3; t ¼ 2.14, p , .05), effective communication (7.8 and

8.5; t ¼ 3.96, p , .001), office staff rating (7.7 and 8.3; t ¼ 5.03, p , .001), and provider

rating (8.0 and 8.4; t ¼ 3.50, p , .001), in each case the SMS survey yielding the higher

value. Email/Web responses differ from SMS/Web for three outcomes, effective

communication (7.8 and 8.3; t ¼ 3.64, p , .001), office staff rating (7.7 and 7.9; t ¼ 2.79,

p , .01), and provider rating (8.0 and 8.2; t ¼ 2.81, p , .01), in each case the SMS/Web

condition yielding the higher value. For only one outcome, the office staff rating, do

SMS/Web (7.9) and SMS/SMS (8.3) responses differ (t ¼ 3.12, p , .01).

The next set of models include module as an independent variable. F-tests comparing

each model to the corresponding previously estimated model show statistically significant

effects for module for just one of the five outcomes, care coordination (F2,1794 ¼ 10.5,

p , .001), with module C yielding lower values of the outcome than module D.

The final set of models include the interaction of mode and module. F-tests comparing

each model to the corresponding previously estimated main-effect only models show no

statistically significant effects for the interaction terms.
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5. Discussion

5.1. Respondent Burden and Planned Missing Modules

That shorter surveys reduce respondent burden (Johnson et al. 2013; Toepoel and Lugtig

2018; West et al. 2015) motivated our novel test of a planned missing design in Web and

SMS patient surveys. We operationalized respondent burden as (longer) survey duration,

(lower) completion rates, and (higher) breakoff rates in line with prior theory and research

(Antoun and Cernat 2020; Bradburn 1978; Mavletova and Couper 2015; Peytchev 2009;

Sharp and Frankel 1983; Steinbrecher et al. 2015). Taken together, findings suggest that

the planned missing design did reduce respondent burden, especially in both Web (email/

Web and SMS/Web) surveys. Module D, the full-length version of the web survey

questionnaire, took significantly longer for Web respondents to answer compared with the

three shortened questionnaire modules. Of the planned missing modules, Module A asked

more questions than did the others (Modules B and C) and took respondents longer to

answer than the other shortened versions. In the SMS/SMS mode, however, no significant

differences in survey duration emerged between modules. This is likely due to two

important factors: (1) reduced statistical power given the smaller number of completed

SMS surveys, and (2) the relative difference between the very brief amount of time needed

to answer questions and the longer spans of time between active question answering.

Finally, although completion rates did not significantly vary between modules, Modules B

and C did yield significantly lower breakoff rates compared to Modules A and D.

5.2. Respondent Burden and Invitation and Data Collection Modes

The three invitation and data collection modes clearly varied by respondent burden as

operationalized in the current study. SMS as a data collection mode appeared to increase the

burden placed on respondents relative to the two Web surveys. Panelists assigned to SMS were

less likely to complete the survey and those who do start an SMS survey are more likely to

breakoff, at a rate in line with prior research (Lau et al. 2019). Moreover, those SMS panelists

who persist through the survey spend an order of magnitude more time completing it compared

to the two groups of Web survey respondents regardless of how they were invited (i.e., via

email or SMS). In comparison with Web surveys, SMS surveys may also present respondent

burden that differs in kind as well as degree. In the current study, Web surveys are completed

by most respondents in a single session, answering the first question and the last within a few

minutes of each other. Conversely, SMS respondents stretch out the question-answering

process, distributing the burden of responding over a longer period of time (Schober et al.

2015; West et al. 2005) and increasing the potential for breakoffs (Lee et al. 2013).

Respondent burden in the SMS/Web condition fell in between the SMS survey with the

SMS invitation and the other Web survey using an email invitation. This finding follows

extant research demonstrating that SMS invitations can lead to higher respondent burden,

including higher breakoffs and reduced completion rates (Mavletova and Couper 2014).

5.3. Effect of Respondent Burden on Outcomes

Although the planned missing design appears to reduce respondent burden, few

differences emerge in patient experience outcomes. This finding suggests that partitioning
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the survey instrument as part of the planned missing design did not change how

respondents answered questions. For only one outcome, coordination of care, did

including module in the model significantly improve model fit. Respondents in full-length

module D report better experiences with care coordination than respondents in shortened

module C, the only shortened module with this question included. This single difference

between modules is likely a context effect (Swain 2015). In module D, the full survey, care

coordination questions were interleaved with questions about the effectiveness of the

provider’s communication and the overall provider rating (see Table 1). Questions about

the provider explaining things well, listening carefully, showing respect, and spending

adequate time may encourage module D respondents to feel more positively about their

provider. Thus, respondents answering those questions may give higher ratings of care

coordination (knowing the patient’s medical history, providing test results) than module C

respondents for whom care coordination questions are the first set answered after the initial

screening items. In sum, while the longer survey modules arguably increased respondent

burden, illustrated in longer survey duration and higher breakoff rates, respondent burden

seemingly did not alter measured outcomes. This finding provides some initial evidence

supporting the use of the planned missing design with CG-CAHPS.

5.4. Effect of Invitation and Data Collection Mode on Outcomes

Invitation and data collection modes also influenced how respondents answered in four of

the five outcomes. Email/Web respondents reported poorer experiences with their provider

than did respondents invited by SMS. For only one outcome did SMS/Web respondents

differ from SMS/SMS respondents, the former reporting poorer experiences with their

provider’s office staff than the latter. While the source of these by-mode differences in

outcomes is uncertain, the pattern of findings suggests a potential cause. The consistent

differences in four of five outcomes between email/Web and SMS/SMS, the consistent

lack of differences in four of five outcomes between SMS/Web and SMS/SMS, and that

outcomes from SMS/Web consistently fell in between those from the other two mode

protocols, suggest a mode of invitation effect generating these differences. Panelists who

respond to an invitation by SMS, or are even willing to receive an invitation by SMS,

clearly differ from panelists who receive and respond to email invitations.

5.5. Limitations and Future Directions

In summary, the planned missing design was successful for the Web surveys, reducing

respondent burden – shorter survey duration and fewer breakoffs – without changing

patient experience estimates. While we are optimistic about the use of a planned missing

design with CG-CAHPS surveys in the future, further study is needed, specifically with a

sample of patients from a provider or healthcare organization. We used a sample from an

online non-probability panel as a first test. It is possible that online panelists may differ

from a sample of patients from a provider list in key ways that could alter response patterns

and patient experience estimates. Given their greater experience with answering surveys,

panelists may be more adept at survey response than the average patient (Toepoel et al.

2008). Thus, the applicability of these findings may be limited if panelists answer these

questions in ways that differ systematically from a sample from a clinic, hospital, or
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physician patient list; a concern that is not unique to this study (Hillygus et al. 2014).

However, given that we screened panelists for a physician visit in the last six months, and

this is not a rare population, these findings are arguably likely to be similar to what would

be found using a patient sample. Future research should validate these findings with a

sample generated from a list of patients with a recent visit to a healthcare provider.

The planned missing design yielded relatively more mixed results in the SMS survey,

reducing breakoff rates but failing to shorten survey duration. This finding suggests that

respondent burden may be linked to qualities of the planned missing design other than time

to completion, such as the sheer number of questions asked. Respondents may fear that the

SMS survey in particular is never-ending as every answer sent leads to a new question

received Indeed, SMS achieved the lowest completion rate and highest breakoff rate in

comparison with both Web survey modes. While SMS also yielded far and away the

longest survey duration, our measure of duration lacks detail, an important limitation to be

addressed in future research. Ideally, researchers would record the time that a question is

sent, the message is opened, and the answer is received. With these additional details,

future research may better understand how respondents interact with SMS surveys and

whether and how the number of questions influences respondent burden.

Brief indicators of progress (e.g., “question 10 of 15” or “66% complete”) sent by text in

combination with or in addition to the survey questions may help motivate SMS survey

respondents to continue with the survey and resist the desire to breakoff. However, these

progress indictors may counterproductively extend the length of the text message. Moreover,

progress indicators may reduce rather than increase response rates in Web surveys (Villar et al.

2013). Therefore, future research should carefully evaluate their use in SMS surveys.

6. Conclusion

This article contributes to the literature on respondent burden by testing a planned missing

design – randomly assigning respondents to answer only a subset of questions to shorten

the survey and reduce respondent burden (Johnson et al. 2013) – in Web and SMS

surveys. To our knowledge, this is the first test of this approach to reduce respondent

burden in an SMS survey.

Three shortened versions of the CG-CAHPS patient experience survey applying a

planned missing design reduced the number of questions by about 40% in comparison to

the full survey module. We invited members of an online panel using one of two invitation

modes, email or SMS, to complete a survey in one of two data collection modes, Web or

SMS surveys. We found that a planned missing design reduced respondent burden for Web

survey respondents, yielding fewer breakoffs and shorter survey duration. Most

importantly, we reduced respondent burden without significantly altering the way that

respondents answered most of the questions about patient experience. While findings

should be investigated further using samples from clinic patient lists, the findings from the

Web survey are encouraging: a planned missing design can make our respondents’ jobs

easier while keeping survey statistics consistent.

The findings for the SMS survey were less clear. Although the shortened versions of the

SMS surveys tended to reduce the breakoff rate relative to the full-length control version,

they did not yield a reduction in the time it took respondents to complete the survey.
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Arguably, both the full 25-item CG-CAHPS survey and the shortened 15-item surveys

may simply be too long to expect respondents to complete by text message. Moreover, the

piecemeal way questions are sent after previous questions are answered may prevent the

planned missing design from perceptibly reducing the burden of the task. Thus, the nature

of the mode combined with the number of questions may simply exhaust even those

respondents initially willing to complete the survey, as reflected in a lower completion rate

among eligible respondents and a breakoff rate that is 3-10 times higher than that in the

Web surveys. The solution may be to further reduce the number of questions asked in an

SMS survey, perhaps to around five or so, and make more explicit ways for respondents

skip questions they do not wish to answer (Lau et al. 2019). Moreover, sample members

who are capable of and willing to complete an SMS survey may be very different from

those without the ability and willingness to respond via SMS. While this may change over

time, this hurdle to completing SMS surveys with general populations may present a

significant barrier to moving surveys into this mode for data collection.

We also found evidence for a mode of invitation effect. Respondents able and willing to

even receive an SMS invitation may be substantially different from those without the

capability and willingness. Those respondents invited by SMS to participate in Web

survey responded to the survey in a way that split the difference between those who were

invited by email to complete a Web survey and those invited by SMS to an SMS survey.

Future research should further investigate how using SMS as an invitation mode may alter

who responds.

In conclusion, the planned missing design can clearly be applied successfully in Web

surveys. Our original full-length survey was already relatively brief, about 25 questions.

Thus, other survey researchers may find additional reductions in response burden yielding

even larger increases in completion or response rates and reductions in breakoffs and

survey duration. However, work remains to determine if and how a planned missing

design can be successfully adapted to reduce respondent burden in SMS surveys. The next

step in applying a planned missing design in SMS may be to further reduce respondent

burden by further shortening the survey, or in other words, planning for more missing.
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