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On October 18-19, 2023, the Administration for Children and Families’ (ACF) Office of
Planning, Research, and Evaluation (OPRE) hosted the 2023 Methods Meeting, titled
Addressing Unit Missingness in Social Policy Survey Research.' During the meeting, several
presenters discussed challenges that have been observed in surveys using probability
sampling and introduced nonprobability sampling as an emerging trend in the survey research
field. OPRE invited two survey research experts, Dr. J. Michael Brick of Westat and Dr. Michael
Bailey of Georgetown University, to provide their perspectives on the emerging debate
regarding the use of probability and nonprobability sampling in surveys. Their responses,
presented individually, provide an overview of probability and nonprobability sampling, factors
that guide the selection of one approach over the other, opportunities and challenges
associated with each approach, and potential applications of nonprobability sampling.

Opt-in Panels: Error, Inference, and Quality
BRICK, J.M.

Introduction

As technology has advanced over the last two decades, new approaches to collecting data
have become feasible. This capability, along with increasing data collection costs related to the
secular trend in decreasing survey response rates, has made alternatives to probability sample
surveys more attractive. The major benefits of the alternatives are lower data collection costs
and improved timeliness. The differences in costs and timeliness are often very substantial
(Japec et al., 2015). Along with these benefits, however, some of the alternatives raise
significant risks associated with data quality.

The most widely discussed alternative approaches to probability samples include Big Data,
reliance on administrative records, and nonprobability samples. This brief examines

' See OPRE’s Methods Meetings website at https://opremethodsmeeting.org/ for additional information, including agendas and meeting
products.
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nonprobability sampling. Because nonprobability sampling is the antithesis of probability
sampling, we first define probability sampling. Probability sampling is a method of selecting
units for observation such that each unit in a finite population has a known, positive probability
of selection, and those selection probabilities are the random variables used to make
inferences about the characteristics of the finite population.

Nonprobability sampling differs because it does not require known selection probabilities for all
units in a finite population. Data are collected from units in a population, but there are
numerous ways to construct inferences about the characteristics (Buelens et al., 2018). Thus,
nonprobability sampling is not a concept that can be easily defined and evaluated. Meng
(2018) makes the crucial point that bias in the estimates can greatly reduce the accuracy of
estimates regardless of the sampling method. Probability sampling avoids selection bias
associated with choosing the units to be included, but in practice, low response rates can
reintroduce such biases. In many nonprobability samples, the method of selecting the sample
is a “black box” that is considered proprietary by the vendor and not discussed with the client,
making it difficult to consider possible sources of bias.

Here we concentrate on opt-in panels, a particular type of nonprobability sample that has
become extremely popular in the United States and is used frequently in polling and
commercial surveys. The American Association for Public Opinion Research task forces
produced reports (Baker et al., 2010; Baker et al., 2013) that describe the various methods
used to acquire opt-in panel data. Essentially, panel companies use a range of methods to
intercept people on the web and ask them to join a panel. The offers suggest prospective
panelists can obtain rewards or money by participating. Typically, recruits go to the panel
company’s website and provide information about themselves that may be used to select
panelists for specific surveys.?

The following sections review theoretical and empirical work about the two main sources of
survey error in opt-in panels: representation and measurement (Groves et al., 2009).
Representation deals with how well the units in the respondent sample depict the target
population, and measurement deals with the quality of the responses from the responding
units for the data items. We discuss the effect of these error sources on the quality of
estimates from nonprobability samples, especially opt-in panels. We also describe in general
terms some of the assumptions required to make inferences from opt-in panel data and why
these inferences may be difficult to justify. We then discuss some situations in which the use of
nonprobability samples may be beneficial. The last section deals with practical considerations
for implementing a survey and choosing between a probability sample and opt-in sample.

2 Cornesse et al. (2020) is a relatively recent and comprehensive review of the goals and methods of nonprobability sampling, including opt-in
panels.
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Representation

We begin with a brief discussion of the theory related to representation for nonprobability
samples. A major concern about opt-in panels is selection bias—participants choose who is in
the sample rather than being chosen by a random mechanism. Even though opt-in panels
might use quotas such as age and sex for a particular survey, the pool from which participants
are chosen is subject to selection bias that cannot be eliminated by the quotas. Thus, analytic
methods such as weighting are used to try to address this problem. Elliot and Valliant (2017)
review statistical weighting methods for opt-in panels when the data are missing at random
(MAR), meaning auxiliary data are available that can correct for the selection bias. Kim and
Morikawa (2023) extend the theory to deal with the case that the data are not MAR. While the
assumptions of Elliot and Valliant differ from those of Kim and Morikawa, both use propensity
score weighting to attempt to reduce selection biases. The propensity weights are estimates of
the unknown (and unknowable) probability of participation in the sample. These methods
require strong assumptions to produce estimates free of selection bias. Many researchers are
concerned that inferences from opt-in panels depend too heavily on these types of weighting
and its strong assumptions and that the methods could be manipulated to alter the estimates
(Beaumont, 2020).

Another aspect of representation error important in surveys is coverage error, or the omission
of units from the sampling frame. This concept is not well-defined in nonprobability samples
because no sampling frame exists, but it is a critical issue. Propensity models assume all units
have a positive chance of being in the nonprobability sample. People who do not have internet
access are completely excluded from opt-in panels (Pew Research recently reported that 5%
of adults do not use the internet at all, and 20% do not have broadband access at home). Their
propensity is zero. The problem is even larger because those without access are likely to be a
small proportion of all those who would never participate in an opt-in panel.

Even though opt-in panels are one of the most common methods of conducting household
population surveys in the United States, federal government agencies rarely use opt-in panels
instead of probability samples to describe finite populations like U.S. adults. This reluctance is
due to a variety of reasons. One reason is that the Office of Management and Budget (OMB)
has provided guidance limiting the use of nonprobability samples. In a questions-and-answers
document, OMB states, “Under some circumstances, agencies may consider using
nonprobability or purposive samples. It is not possible to calculate a probability of selection for
these kinds of samples; therefore, their use is typically limited to research or exploratory
purposes. ... Agencies conducting surveys that were not designed to produce valid and
reliable results that can be generalized to the universe of study must clearly explain how the
collection is necessary to satisfy a statutory requirement or other substantial need. Otherwise,
OMB cannot approve the collection.” (OMB, 2006).

Another concern is that probability samples are essential for evaluating estimates from
alternative methods. Replacing probability samples would seriously degrade the ability of the
government and researchers to evaluate the quality of any data collected (Beaumont, 2020).
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The weighting methods discussed above produce approximately unbiased estimates when
model assumptions, including those about representation and coverage, are satisfied.
However, it is exceedingly difficult to assess the validity of the assumptions in opt-in samples.
It is also hard to evaluate the robustness of the estimates when the assumptions do not hold.
Almost no empirical research exists on how well these methods for modeling propensities for
participation in opt-in samples perform. Most empirical work has simply compared estimates
from opt-in panels to benchmarks or probability samples.

Quatember (2019) expresses serious doubt regarding the ability to do this type of modeling
accurately with nonprobability samples. He argues that nonresponse adjustments in probability
samples also require assumptions, but the process in probability samples is more justifiable.
This is because in probability samples, information on the sampled units and some of their
characteristics are known, and the data collection efforts made to gain participation for the
units are also available. Many empirical studies have also shown the estimates from probability
samples have biases that are relatively small even with low response rates. In opt-in panels,
however, we have none of this information. We do not even know what population really could
have participated. The definition of a propensity to respond as a fixed characteristic of the
population units given the data collection effort (Brick, 2013) used in probability samples does
not apply to opt-in panels. The only data available are for the responding units. As a result, it is
difficult to have confidence that the assumptions hold well enough to control the bias for any
estimate.

Thus far, we have commented only on the requirements for unbiasedness and have not
discussed the ability to estimate the standard errors or confidence intervals of the estimates.
Little work has been done on this topic, but estimating standard errors precisely generally
requires even stricter adherence to model assumptions, and confidence intervals for estimates
from opt-in panels are unlikely to be robust for making inferences.

Measurement Error

It might be assumed that measurement errors in nonprobability samples are roughly equivalent
to those in probability samples, at least when both surveys are self-administered web surveys
using equivalent instruments. The recent work by Kennedy, Mercer, and Lau (forthcoming)
contradicts that assumption and raises concerns about the measurement error properties of
responses in opt-in panels. Across all opt-in panels they studied, they noted a persistent
overreporting of some groups (specifically, young and Hispanic individuals). Rather than
attributing this overreporting to self-selection bias (e.g., actual young people being more likely
to opt into a panel), the authors hypothesized that opt-in respondents might choose to respond
to some items in a way to increase their chance to qualify for more surveys and earn larger
rewards. In the same article, Kennedy, Mercer, and Lau reported on a follow-up study of an
opt-in panel that found evidence of other measurement issues. For example, they found that
more than 5% of opt-in respondents in their follow-up reported being licensed to operate a
nuclear submarine!
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These findings suggest that the motivation for participating in an opt-in panel may affect the
responses to items on the survey. In probability samples, respondents who are recruited
generally respond for various reasons, but the motivation to gain rewards does not appear to
be an important reason, even when monetary incentives are given. On the other hand, at least
some opt-in respondents appear motivated to complete the survey for the rewards. This
motivation may result in more and distinct types of measurement errors. The effects are only
just beginning to be explored, but first indications are that these errors could be substantial.
McGonagle (2015) discusses motivation theory as applied to online surveys and states,
“‘Researchers may actually inadvertently motivate participants to identify themselves within a
category of eligible participants when they are not.” She also reports that in one of her online
surveys, “90 participants (9 percent) responded ‘yes’ to the item ‘I have paid no attention to the
questions in this survey.” It is not completely clear whether these are measurement issues or
fraudulent respondents, but the magnitude of the problem is substantially greater in opt-in
samples than in probability samples. Geraci (2022) states, “Just 10 years ago, researchers
would need to remove 5%-10% of all interviews from online (opt-in) samples because of poor
quality. That proportion is now in the 35%-50% range.” The measurement properties of opt-in
panels require much more careful study, and it is risky to assume they are equivalent to the
measurement properties in probability samples.

Applications of Nonprobability Sampling

As the OMB guidelines state, nonprobability samples can be useful for some purposes, such
as research and exploratory investigations. Federal agencies sometimes use opt-in panels to
achieve these goals. Most of this work is qualitative research that does not try to estimate
population characteristics. Qualitative research might include exploring new topics and
learning more about respondents’ knowledge or familiarity with topics. For example, some
agencies use opt-in panels for developmental research on questionnaires and other materials
(e.g., warning labels on drugs). In these situations, the opt-in panel members provide data
used to shape the next stage of development, just as purposive samples have long been used
in cognitive labs or focus groups.

Fulop and Avvisati (2022) examine various applications of nonprobability samples. These
include field or pilot tests of surveys, complementary data collection on a narrow topic of
interest, or attainment of some very preliminary understanding of a phenomenon. In some
cases, quantitative estimates are made, and these estimates are used to help define the next
step of the research process. This is an example of how nonprobability methods can provide
valuable quantitative information in various circumstances that do not require inferences to a
finite population. For example, using nonprobability samples to understand potential
relationships or get a general sense of the characteristics of a population may be completely
justified. Nonprobability samples have been used for years in these circumstances.

A different situation where nonprobability samples might be appropriate is when the researcher
knows the population is very homogeneous with respect to the characteristic being studied or
the outcome can be modeled well from known auxiliary data. This type of knowledge provides
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the foundation for making reasonable assumptions to reduce selection bias associated with the
nonprobability sample.

Many researchers were hopeful that opt-in samples could help address the difficulty of drawing
samples and making inferences for hard-to-reach and rare groups. The findings of Kennedy,
Mercer, and Lau (forthcoming) have raised concerns about this use because those claiming to
be members of the group may be misrepresenting their identity. However, federal agencies do
use other nonprobability sampling methods for hard-to-reach populations (Kalton, 2023) or for
estimates of small areas (Rao & Molina, 2015). These methods are typically used in situations
where probability sampling is not feasible.

Practical Considerations

Probability sampling has persisted as the standard approach for making inferences about large
populations despite problems such as low response rates because it has consistently provided
estimates that are nearly unbiased and have measurable precision. A series of articles
beginning with Keeter et al. (2000) found little bias in probability samples despite relatively low
response rates. However, as Kish (1965, p. 29) noted, “Probability sampling for randomization
is not a dogma, but a strategy, especially for large numbers.”

To be clear, the stark dichotomy between probability and nonprobability sampling is not as
simple as this discussion may appear to imply. Some even contend that there is no such thing
as a probability sample (Kohler et al., 2019), but we believe there is a distinction, and it is
important. Despite this, some study designs lay between probability and nonprobability
designs. Studies of the hard-to-reach populations (Kalton, 2023), link-trace sampling
(Handcock & Gile, 2010), incomplete frames (Singh, 1983), small-area estimation (Rao &
Molina, 2015), quota samples (Moser & Stuart, 1953), and probability-based panels (Kennedy
et al., 2016) are examples where deviations from the probability sampling edifice® may be
substantial. Each of these methods may be useful under the appropriate circumstances.
However, scientists must contend that it is difficult to find the circumstances to justify opt-in
panels for making inferences if a precise estimate with a reasonable confidence interval is
needed. On the other hand, the risk of making incorrect decisions based on flawed estimates
from an opt-in sample must be weighed against making the decisions without any data if
probability samples are not possible. The choice is not always clear (Keith et al., 2023).

Even in cases where probability samples may not appear feasible, U.S. government agencies
often have access to resources such as administrative lists that can serve as a frame for
probability sampling, although the frame may be incomplete and out-of-date. In this situation, it
is often reasonable to select a probability sample from the list and carry out the data collection
despite the frame shortcomings. This approach is most useful if information about the
incompleteness of the frame can be obtained, and the results of the data collection can be
used to adjust for nonresponse. An example of this is a study of Hispanic health (Woteki,

3 Edifice refers to the standard efforts to recruit and obtain accurate responses from the respondents in probability samples.
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1990), where it was infeasible to survey the Hispanic population across the entire country due
to their distribution, so the sampling frame was restricted to geographic areas with higher
concentrations of Hispanic individuals. Despite the shortcomings of the coverage, the findings
were extremely useful in informing health policies. While the probability sampling model may
have important imperfections in any survey, experience shows that it is relatively robust for
making inferences when implemented reasonably.

Statistical theories for making inferences about finite populations generally assume that all
sampled units respond and the responses for the survey items are accurate measurements for
the unit. Factors such as incomplete coverage, nonresponse, and measurement errors also
affect survey quality. In the theory of probability sampling, total survey models help address the
presence of these factors. In practice, probability sampling is, and always has been, a model;
every real-world application has deviations from the ideal or model assumptions of probability
sampling. Even in the earliest applications of probability sampling, these ideal conditions never
held completely. Statistical theories for making inferences to finite populations using opt-in
panels also require assumptions, but these assumptions are likely to be more tenuous than
those for probability sampling, and the effects of the deviations from the ideal may have more
serious effects on the inferences.

Coming to Grips with the Fact that Even Probability-Based Polls are

Not Random Samples
BAILEY, M.

Introduction

Probability sampling is reeling. High-profile political surveys by the New York Times and others
often have only 1% or 2% response rates (Cohn, 2022). Government and academic surveys
have higher response rates, but these rates are plummeting as costs skyrocket (Zumbrun,
2023).

These patterns are disturbing for the survey field. Traditional survey theory depends on
random samples; when our probability samples have substantial nonresponse, our data do not
have the properties of random samples. This reality pushes some to believe it is time to give
up on expensive probability-based sampling and move to cheaper nonprobability samples.

In this brief, | argue that contemporary surveys of all types are not random samples. Therefore,
we need to move beyond random sampling—based theory to understand the properties of
these surveys. | use a framework that characterizes survey error more generally to summarize
new insights into the relative strengths of different types of sampling.
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Contemporary Surveys Are Not Random Samples

Modern probability-based surveys are based on contacting a random sample. The actual
respondents are not, however, a random sample—especially when response rates are low. It is
therefore useful to distinguish between random contact surveys and random samples. A
random contact survey is quite common; for these surveys, the researcher randomly selects
whom to contact from a target population. A random contact survey does not necessarily
produce a random sample, especially when response rates are very low.

Bailey (2024, chapter 4) illustrates how random contact—based surveys deviate from random
samples by discussing a random contact sampled poll from Pew—a high-quality polling
organization. The proportion of young people in the survey sample was 10 percentage points
lower than the target population. The survey sample was also 10 percentage points too high
for people over 65. The percentage of people with high school or less education was 11
percentage points lower than in the population; the percentage of people with postgraduate
degrees was 12 percentage points higher than in the population. The probability that these
patterns would occur in a true random sample is vanishingly small. Such patterns are common
in contemporary surveys.

Given that random contact—-based surveys are expensive and often do not provide random
samples, some survey firms have moved to nonprobability samples, in which samples are
gathered via various opt-in outreach efforts on the internet. These nonprobability samples are
cheap, and in some contexts, they may even be accurate, although many studies find them to
be less accurate (e.g., Mercer & Lau, 2023). Some nonprobability polls have predicted election
outcomes with similar accuracy as probability-based polls, and Coppock and McClellan (2019)
found that nonprobability-based samples provide similar estimates for survey experiment
effects as probability-based polls.

While neither type of sampling approach produces a random sample, both can be accurate if
the people who respond are representative of those who do not respond once we account for
demographics. That is, we can believe that either kind of survey will yield representative
estimates if we believe that the people within each demographic group (e.g., White adults
without a college degree) who respond have the same views or attributes as people in that
group who do not respond.

Many people in the field worry that surveys in the current environment—whether the low-
response random contact—based surveys or the nonrandomly sampled surveys—may violate
the assumption that the sample is not systematically different from the population in ways not
accounted for by weighting. When we see a survey respondent pool that is much older, richer,
and more educated than the population, could it also be that the survey respondents are
healthier, less lonely, more outgoing, more liberal, or different in ways that would fundamentally
affect our ability to assess to health, personalities, and views of a population? Bailey (2024, p.
10) discusses examples where researchers knew population values of attributes such as
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health status and found that the survey pool differed clearly from the population in these
attributes—even when contact was random (but, inevitably, response was not).

The norm in survey research has been to assume that weighting adjusts the sample
sufficiently so that we can treat it as if it were a random sample. This is a big assumption
wielded by random-contact and nonrandom surveyors alike. Does that mean the two
approaches are equally valid? Not necessarily, as the next section shows.

The Meng Survey Error Framework

Rather than making a potentially (and, in some cases, demonstrably) false assumption that
reweighted survey data are random samples, Meng (2018) and others propose grounding our
thinking about surveys in theory that characterizes survey error for any sample, random or not.
The intuition about surveys from this perspective is different in important ways from traditional
random sampling theory.

The most startling difference is that survey error in nonrandom samples is proportional to
population size (not sample size!) when there is a systematic difference between those who
respond and those who do not respond regarding the survey item of interest (and after
controlling for demographics). Survey researchers are comfortable characterizing precision
based on sample size, but doing so is appropriate only for random samples. In nonrandom
samples, survey error can also depend on population size. Here | provide an overview of how
this can happen. Chapters 5 and 6 of Bailey (2024 ) provide more detail.
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Figure 1. Sample of 20 from Large (Left Panel) and Small (Right Panel) Populations

The left panel of Figure 1 (which is Figure 5.8 in Bailey, 2024) shows a hypothetical distribution
of people in a target population. Each dot is a person. The x-axis reflects people’s propensity
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to respond. Dots farther to the right represent people more eager to respond; dots farther to
the left represent people less eager to respond. The y-axis reflects some survey attribute of
interest (e.g., “political liberalism”). In this example, there is a relationship between response
interest and Y. This need not be true but is a possibility that can induce survey error. In this
instance, 20 individuals responded; they are indicated with light dots. These high-response
individuals have above-average values of Y, and hence, the average in the survey sample is
higher than the population average.

The panel on the right side of Figure 1 shows survey responses from a smaller population. As
before, each dot is a person, and the 20 respondents are indicated with light dots. Those with
higher response interest have higher values of Y. The respondents in this case are also
unrepresentative of the full population, but they are not as unrepresentative. In other words,
there is still a problem, but it is not as severe as in the large population case on the left.

The point of this example is that when response propensity is associated with Y (the topic
being surveyed), even after controlling for weighting variables, the survey error can be large—
and increase relative to the population size.
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Figure 2. Random Contact from a Large Population (Left Panel) and
Nonrandom Response among Those Contacted (Right Panel)

Figure 2 (Figure 6.3 in Bailey, 2024) illustrates how random contact is helpful, even when
nonresponse is nonrandom. Again, on the left is a large population in which response
propensity (on the x-axis) is correlated with response (on the y-axis). This figure resembles the
large-population case on the left of Figure 1. The difference is that the left-hand panel
represents a random sample of people contacted. Remember: A surveyor can rather easily
select a random sample to contact. The surveyor does not generally have control over who
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right panel of Figure 2 shows that people with high response interest have unrepresentatively
high values of Y. There is still bias. But note that the bias in the right panel of Figure 2 is not as
bad as the bias in the left panel of Figure 1. Even though both are instances of surveying a
“‘large” population, the bias is lower when random contact occurs.

Hence, even though random contact surveys today do not produce random samples (because
of commonly observed high nonresponse rates), they limit the damage from nonresponse bias.
Chapter 6 of Bailey (2024) elaborates on this argument.

Conclusion

Probability-based sampling does not eliminate error in the contemporary low response rate
environment, but it attenuates error. While probability-based pollsters may balk at embracing
the slogan “not as bad as the other folks,” it is the best we can do in the modern age of
surveys.
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