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Abstract

Completing a questionnaire about science that comes from science likely requires at least some
trust in science. Why else would one take the time to do so? Thus, the question of whom we
survey is not trivial in science communication research. Therefore, this review examines how
science communication researchers approach sampling in 404 quantitative survey studies
published in the Journal of Science Communication, Public Understanding of Science, and Science
Communication. Our findings show that they heavily rely on non-probability samples, often drawn
from access panels. Sampling procedures are often vaguely described. As a consequence, we
propose five steps to improve sampling in science communication research: report sampling
procedures, reserve non-probability samples for experimental or exploratory work, apply
probability sampling for generalizations, foster innovation, and design meaningful quotas beyond
demographics.
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Quantitative surveys on public opinion towards science typically show high levels of trust in the
scientific endeavour [Cologna et al., 2025; Post & Bienzeisler, 2024]. But these findings might be
biased because our field, science communication research, relies heavily on samples drawn from
access panels,1 groups of participants typically pre-recruited by companies. Participants usually
self-select into such panels. Thus, panellists do not represent the general public, that is, all humans
in a society. For example, they tend to be less open-minded [Valentino et al., 2020]. They also tend
to be interested in science [cf. Cooper & Farid, 2016; Kennedy et al., 2016] — and probably trust
science more than the average citizen. As a one-size-fits-all solution, science communication
researchers often rely on demographic quotas, for example splitting gender evenly and
matching age groups to their proportions in the general public. However, demographic
stratification cannot fully ensure sample quality; a sample can resemble the general
public in terms of age and gender, but participants may differ in how much they trust
science.


What is more, researchers may have misconceptions about how access panels work: one of the
authors of this article worked for an online access panel and observed that academic clients
sometimes overestimated their methodological skills and their relevance within the
priorities of the panel business. Academic researchers can be described as low-volume,
low-priority clients. Though this is only anecdotal evidence, we suspect it contains some truth.
Moreover, sampling is only one element of the research process alongside questionnaire
design, analysis, and reporting. In practice, it may receive less attention than these
other stages. Thus, we call for stronger methodological reflection: this may require
exploring new approaches to better capture the diversity of public opinion toward
science.


The aim of this paper is threefold: first, we outline methodological principles behind sampling
before presenting common sampling procedures. Second, we assess methodological trends in
science communication survey research by reviewing quantitative survey studies. Third, we
highlight pathways that offer potential for improving sampling practices and that are no rocket
science.


1  Sampling procedures

Research on public opinion toward science requires sampling, the process of selecting so-called
sampling units (e.g., people) from a population (e.g., the general public) through sampling procedures
(cf. Table 1 for an overview of key terms) to then draw conclusions about the population [Brick,
2011; Kish, 1969; Lowry, 1979]. Crucially, we need to carefully specify the population under study
and the sampling procedures we use to ensure validity [Lowry, 1979]. Validity refers to how sure
we can be that our claims are accurate [Field et al., 2012, p. 12; Kelly & Westerman,
2020].



Table 1: Key terms. 

 		
	 Term 	
Definition 


		
	 Population 	
Full
set
of
sampling
units
about
which
we
aim
to
draw
conclusions
(e.g.,
the
general
public) 


	 Sampling unit 	
Elements
that
comprise
a
population
(e.g.,
people,
groups). 


	 Sampling procedures 	
Methods
used
to
select
sampling
units
from
a
population. 


	 Sampling frame 	
Lists
from
which
sampling
units
are
selected. 


	 Sampling mechanism 	
An
instrument
to
select
sampling
units
by
chance
without
a
sampling
frame. 


	 Full sample 	
A
sampling
procedure
in
which
all
sampling
units
of
a
population
are
included. 


	 Probability sampling 	
A
sampling
procedure
in
which
sampling
units
are
selected
by
chance
(e.g.,
from
a
sampling
frame
or
through
a
sampling
mechanism). 


	 Non-probability sampling 	
A
sampling
procedure
in
which
sampling
units
are
not
selected
by
chance. 


	 Stratification 	
A
sampling
procedure
in
which
the
population
is
divided
into
predefined
groups
(e.g.,
gender)
and
sampling
units
are
selected
(based
on
quotas)
so
that
their
proportions
match
those
in
the
population. 


	 Post-stratification 	
A
procedure
in
which
sample
data
are
weighted
after
data
collection
so
that
the
proportions
of
groups
(e.g.,
gender)
match
those
in
the
population. 


	 Non-response bias 	
Bias
that
occurs
when
individuals
selected
for
a
sample
do
not
participate. 


	 Self-selection bias 	
Bias
that
occurs
when
individuals
self-select
into
a
sample. 


	 Selection bias 	
Bias
introduced
by
researchers
when
the
sampling
procedure
itself
produces
systematic
distortion. 


		
	 Note:
the
table
shows
key
terms
and
definitions
[cf.
Baker
et al.,
2013;
Brick,
2011;
Kish,
1969].


 



Scholars have long distinguished between internal and external validity [cf. McEwan, 2020].
Internal validity concerns how confidently we can say that the observed effects in a study are
caused by the variables we measured. When internal validity is high, observed effects can
be attributed to the variables under study. Internal validity is of utmost importance
when we aim to isolate the effects of specific variables [cf. Baker et al., 2013]. External
validity, on the other hand, concerns how well observed effects can be generalized.
When external validity is high, the observed patterns among measured variables are
likely to occur in the wider population [Lowry, 1979]. External validity is important
when we aim to describe or compare populations. However, it is less essential when the
goal is to examine relationships between variables or isolate effects [cf. Baker et al.,
2013].


In public opinion research, we often draw inferences about populations from imperfect samples;
according to Kish [1969, p. 18], this is much like judging a basket of different fruits by
inspecting only a picked grape. The external validity of surveys, therefore, depends
on how we sample (how we pick the fruits) and who we sample (from which basket
the fruits are picked). When external validity is high, findings from a sample can be
generalized to the population (all fruits in all baskets) under study [cf. Brick, 2011; Lowry,
1979; Neyman, 1934]. External validity is compromised when samples capture only
segments (certain fruits in some baskets) of a population [cf. Cooper & Farid, 2016;
Lowry, 1979]. For example, surveying university students would not allow us to make
meaningful claims about the general public’s trust in science. Thus, adequate sampling
procedures are more important for valid conclusions than simply chasing large sample
sizes.


Hence, the choice of a sampling procedure for a survey is not trivial but a matter of choosing
appropriate methods for a specific research context. Like judging the quality of fruits,
we must decide where to invest effort [cf. Baker et al., 2013; Brick, 2011]: whether to
inspect many baskets, examine a few fruits more carefully, or spend more time describing
what we find. Because perfect sampling procedures are rarely possible within limited
resources, it is important to report how samples were selected so that readers can judge our
conclusions.


In the following, we will outline common sampling procedures and discuss their strengths and
limitations for science communication research.


1.1  Complete samples

Complete sampling procedures (also called census) gather information from every sampling unit
of a population. Therefore, they allow us to make direct observations about population
characteristics, even without inferential statistics [cf. Baker et al., 2013]. When we survey all
science journalists in two countries, we can compare their answers without relying on significance
tests.


In science communication research, surveys of scientists often aim to cover entire populations
[e.g., Bienzeisler, 2026]. However, complete samples are rare due to the high costs and logistical
challenges involved. Moreover, they are vulnerable to non-response bias. When non-participants
differ systematically from participants, results are biased [McEwan, 2020; Smith, 1983]. Thus, a
complete sample is only feasible if all individuals in a population can be contacted and a sufficient
number choose to respond. Still, complete sampling procedures are effective when applied to
small and well-defined populations.


1.2  Probability samples

Probability sampling procedures gather information from a subset of a population and are
the ‘gold standard’ of public opinion research [cf. McEwan, 2020]. As sampling entire
populations is often unrealistic, researchers typically collect a number of observations to allow
for statistical inference: they draw conclusions about a population based on patterns
observed in a number of randomly selected sampling units [cf. McEwan, 2020; Smith, 1983].
When we work with probability samples of science journalists from two countries,
we can use significance tests to determine whether differences in their answers are
meaningful.


To select a probability sample, we must choose sampling units, such as individuals, school classes,
or groups, at random [Brick, 2011]. Probability samples can be drawn by selecting sampling units
by chance from a sampling frame, that is, a list from which units are selected. Common sampling
frames include population registers or telephone directories. Alternatively, we may use
sampling mechanisms, such as random-digit dialling, systematic selection procedures,
or multiple steps to generate probability samples without lists. For example, we can
select random polling stations during an election and invite every fifth voter to take
part in a post-election survey, thereby sampling clusters of voters. We then estimate
population characteristics based on the principle that our random sample is one of
many possible samples from the population [cf. McEwan, 2020; Neyman, 1934]. To
assess how well our sample statistic reflects the population, we report the extent to
which our result might vary by chance, known as the standard error [Field et al., 2012,
p. 12].


In science communication research, large-scale studies, such as the Swiss Science Barometer, rely
on probability sampling [Schäfer et al., 2021]. Probability samples are often presented as a
requirement for statistical inference [cf. McEwan, 2020]. However, they necessitate adequate
procedures, as lists of entire populations are rarely available. Restrictive sampling frames or
mechanisms — for instance, those based solely on landline phone book entries — can
systematically exclude individuals. This slant introduced by researchers themselves is called
selection bias. Thus, findings from a probability sample are only generalizable if population
members are reachable, willing to respond, and the randomization is accurate. Therefore,
implementing probability sampling is nearly impossible for smaller projects [cf. McEwan,
2020].


1.3  Non-probability samples

Non-probability sampling procedures provide an alternative to complete and probability samples,
typically used when other sampling procedures are not feasible. Non-probability sampling is an
umbrella term that covers a range of methods without a unified framework [Baker et al., 2013].
According to the American Association for Public Opinion Research (AAPOR), non-probability
sampling is a “method of collecting data that does not have a theory to support inferences”
[Baker et al., 2013, p. 95]. Two major types of non-probability samples are convenience
and snowball samples. A convenience sample is a non-probability sample drawn from
individuals who are easily accessible to researchers, such as students, users of crowdsourcing
platforms, or members of a panel [Erba et al., 2018; McEwan, 2020; Saumure & Given, 2008].
Panellists, for example, are ‘groomed’ to participate in as many surveys as possible, which
makes their participation in surveys non-random. All access panel samples are therefore
convenience samples [cf. Baker et al., 2013].2 A snowball sample is a non-probability
sample where participants refer additional participants they know [Brick, 2011]. For
hard-to-reach populations, snowball sampling is often the only feasible option [cf. Brick,
2011].


Non-probability samples do not offer the same possibilities as probability samples for making
statistical inferences [cf. Baker et al., 2013; Mercer & Lau, 2023; Smith, 1983]. We cannot, for
example, survey science journalists from two countries who happen to attend a conference and
claim to compare all journalists in both countries, even if we conduct significance tests. Such
samples are difficult to evaluate because it remains unclear how well they represent a population
[Baker et al., 2013; cf. Brick, 2011]. Thus, by definition, a non-probability sample cannot be
generalized without further ado [cf. Baker et al., 2013]. Nevertheless, it can offer partial insights at
the cost of introducing self-selection bias in addition to selection and non-response bias [cf.
McEwan, 2020; Saumure & Given, 2008]. Such bias occurs when participants choose
themselves.


1.4  Purposeful samples

Purposive sampling procedures move away from the logic of statistical inference and are
commonly used in qualitative research [Patton, 2003, p. 230]. In purposive sampling, we aim to
maximize opportunities for meaningful insights by deliberately selecting sampling units
[Corbin & Strauss, 2008, pp. 143–158]. Such approaches include maximum variation
sampling, which captures broad differences, and homogeneous sampling, which focuses on
similar cases [Patton, 2003, pp. 230–247]. Purposeful samples do not allow for statistical
inference: if we select the most different science journalists in two countries, we learn
about variation but cannot infer anything about the average journalist. Moreover, such
sampling allows us to adapt to analytical needs, as we often begin with an initial set of
sampling units and refine our sample based on emerging variation in the data [Butler et al.,
2018].


In science communication research, purposeful samples are used, for example, to investigate
science communication audience segments [Humm et al., 2020; Koch et al., 2020]. Such samples do
not allow for generalizable claims. Thus, a purposeful sample is not generalizable by
design. However, they can help, for example, to examine individuals with extreme
positions.


1.5  Adjustments

Stratification.  To address the limitations of imperfect sampling procedures, researchers often turn
to stratification, also known as quota sampling. In quota sampling, we select participants from a
non-probability or random sample to match characteristics of a population, such as age, gender, or
education [Brick, 2011]. The aim of a stratified sample is to mirror the proportions of key groups in
the population and thus enhance external validity. Non-probability samples with applied quotas
can serve as an alternative to probability sampling [Cumming, 1990]. However, such
procedures do not always ensure the same level of external validity [Yang & Banamah,
2014].


Post-stratification.  As an alternative to quota sampling, researchers can apply post-stratification
techniques that apply weights [Baker et al., 2013]. The aim of post-stratification is to adjust the
sample after data collection to better reflect the population and enhance external validity. For
example, when surveying science journalists, responses could be weighted to match the
known distribution of journalists across media types. Thus, even a non-probability
sample may be considered generalizable if appropriate weights are applied [though
this remains a subject of ongoing debate, e.g., Andridge et al., 2019; Baker et al., 2013;
Valliant & Dever, 2011]. However, all adjustments depend on the availability of auxiliary
variables.


2  Literature review

We have highlighted that different sampling procedures have their own strengths and limitations.
Non-probability samples from access panels may be convenient, but they carry risks like
self-selection bias. More targeted methods, such as randomized post-election surveys, can avoid
some of these issues. However, we do not know how science communication researchers select
their samples. To address our second research goal, to assess methodological trends in science
communication survey research, we conduct a systematic literature review following PRISMA
guidelines [Page et al., 2021]. We analysed all original research papers published between 2014
and 2025 in the three leading outlets for science communication research, the Journal of Science
Communication, Public Understanding of Science, and Science Communication, reporting
quantitative surveys.3 In the following, we examine (1) which sampling procedures
science communication researchers use. To do so, we cluster studies according to their
approaches. Moreover, we investigate (2) if sampling procedures have changed over
time and (3) whether science communication researchers reflect limitations related to
sampling.


3  Methods

3.1  Literature selection

We extracted 181 original research articles published between 2015 and October 20254 in the
Journal of Science Communication from lens.org with a search string.5 Similarly, 264 original
research articles published in Public Understanding of Science, and 176 in Science Communication
were retrieved from the Web of Science. We excluded three studies that were incorrectly labelled
as original research articles.


One of the authors6 then identified relevant papers presenting results from quantitative
surveys, using title, abstract, and keywords as selection criteria: 86 from the Journal
of Science Communication, 174 from Public Understanding of Science, and 144 from
Science Communication. We excluded 217 studies based on qualitative interviews,
literature reviews, or other non-empirical work. For example, we excluded a literature
review on issue case selection [Xenos et al., 2025]. In total, we analysed N = 404 studies
(cf. Figure 1).
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Figure 1: Literature selection. Note: the figure shows the literature selection [created with
Haddaway et al., 2022]. Study selection was unambiguous. We used non-overlapping
entries and searched for studies reporting quantitative survey results based on titles,
abstracts, and keywords. No duplicates had to be excluded. We excluded three studies that
were incorrectly labelled as original research articles and 217 that reported findings from
other kinds of research. 

3.2  Coding procedures

We developed a codebook to capture the sampling procedures used by science communication
researchers and the limitations they report. Two researchers conducted the coding. The two coders
independently coded a subsample of 24 papers, and we assessed the reliability of coding using
intercoder agreement (cf. Table 2). Subsequently, one coder continued with the full
analysis.7



Table 2: Coding and reliability tests. 

 			
	
	 Sample


			
	
	 Agreement in % 	 Krippendorff’s α 

			
	
Population
(general
public,
journalists,
scientists,
etc.) 
	 100.0 	 1.00 

	
Sampling
procedure
(complete,
probability,
non-probability
sample,
etc.) 
	 91.7 	 .83 

	
Selection
of
full
and
probability
samples
(random-digit
dialling,
sampling
frames,
etc.) 
	 100.0 	 1.00 

	
Recruitment
(email,
panel,
phone,
etc.) 
	 100.0 	 1.00 

	
Stratification
(yes,
no) 
	 100.0 	 1.00 

	
Post-stratification
(yes,
no) 
	 100.0 	 1.00 

			
	
	 Limitations

			
	
	 Agreement in % 	 Krippendorff’s α 

			
	
Non-response
(yes,
no) 
	 100.0 	 1.00 

	
Self-selection
(yes,
no) 
	 95.8 	 .84 

	
Selection
bias
(yes,
no) 
	 95.8 	 .84 

	
Randomization
(yes,
no) 
	 95.8 	 .84 

			
	
	 Further Coding


			
	
	 Agreement in % 	 Krippendorff’s α 

			
	
Design
(cross-sectional,
experiment,
etc.) 
	 95.8 	 .93 

	
Sample
size 
	 91.7 	 .92 

	
National
context 
	 100.0 	 1.00 

	
Response
rate 
	 95.8 	 .89 

	
Secondary
use
(yes,
no) 
	 95.8 	 .84 

	
A
priori
power
analysis
(yes,
no) 
	 100.0 	 1.00 

			
	 Note:
the
table
shows
coding
categories
and
the
results
of
intercoder
reliability
tests.


 



Sampling procedures.  First, we coded the population under study (general public, specific
public, science journalists, science communicators, scientists, students) and second, the
general sampling procedure (complete, probability, non-probability, purposeful sample).
For complete and probability samples, we distinguished by selection criteria coding either
sampling mechanism (random-digit dialling, systematic selection, other), sampling frames
(list-based selection), or mixed approaches. Third, we noted the recruitment mode (email,
face-to-face, micro-tasking platform, access panel, postal mail, social media, telephone, mixed,
other) and fourth, coded whether stratification or post-stratification techniques were
applied.


Limitations.  We coded whether authors addressed methodological limitations. Specifically, we
examined whether they discussed missing randomization and potential biases (non-response,
self-selection, selection bias).


Further context.  We coded the research design (cross-sectional, longitudinal, experimental,
mixed), sample size, national context, secondary data use, and response rates. Moreover, we coded
whether science communication researchers planned their sample sizes based on an a priori
power analysis.


4  Results

4.1  Samples

We first examined the samples used by science communication researchers and how these samples
are presented, to address our first research question. Science communication researchers
most often survey the general public, accounting for the majority of the 404 studies in
our sample (cf. Table 3). Far fewer studies target a specific public, such as visitors
[e.g., Fogg-Rogers et al., 2015] and parents [e.g., Shauli & Baram-Tsabari, 2019], use
student samples [e.g., Hendriks et al., 2016], focus on scientists [e.g., Besley et al., 2020], or
study science communicators, such as PR officers [e.g., Fürst et al., 2022]. Only four
studies survey journalists [e.g., Guenther & Ruhrmann, 2016]. The median number of
participants across all studies is 797. Most samples — 195 in total — are drawn from the
United States (U.S., 48%), followed by 46 samples from Germany (11%). Of all studies
reviewed, 41 are international comparative (10%) and merely 38 studies draw samples
from outside Western, educated, industrialized, rich, and democratic (WEIRD) contexts
(9%).



Table 3: Groups. 


Note: the table is based on the full sample of N = 404 studies. For readability, the category “Other”
is not included in the table. This category is reserved for studies that, for example, apply mixed
approaches, such as combining probability and non-probability sampling methods. 

 																
	 	 	 Media effects
 	 Non-randomized
 	 Randomized
 	 Communicators
 	 Audiences
 	 Other
 	 All


																
	 	 	 n 	 % 	 n 	 % 	 n 	 % 	 n 	 % 	 n 	 % 	 n 	 % 	 n 	 % 

																
	 Design 	 Cross-sectional 	 0 	 0.0 	 63 	 81.8 	 34 	 82.9 	 48 	 96.0 	 16 	 8.0 	 29 	 82.9 	 190 	 47.0 

	 	 Longitudinal 	 16 	 8.8 	 14 	 18.2 	 7 	 17.1 	 1 	 2.0 	 3 	 15.0 	 3 	 8.6 	 44 	 10.9 

	 	 Experiment 	 160 	 88.4 	 0 	 0.0 	 0 	 0.0 	 1 	 2.0 	 1 	 5.0 	 2 	 5.7 	 164 	 4.6 

																
	 Population 	 General public 	 146 	 8.7 	 73 	 94.8 	 38 	 92.7 	 0 	 0.0 	 1 	 5.0 	 11 	 31.4 	 269 	 66.6 

	 	 Specific public 	 6 	 3.3 	 1 	 1.3 	 3 	 7.3 	 0 	 0.0 	 18 	 9.0 	 21 	 6.0 	 49 	 12.1 

	 	 Journalists 	 0 	 0.0 	 0 	 0.0 	 0 	 0.0 	 4 	 8.0 	 0 	 0.0 	 0 	 0.0 	 4 	 1.0 

	 	 Communicators 	 0 	 0.0 	 0 	 0.0 	 0 	 0.0 	 16 	 32.0 	 0 	 0.0 	 0 	 0.0 	 16 	 4.0 
	 	 Scientists 	 0 	 0.0 	 0 	 0.0 	 0 	 0.0 	 28 	 56.0 	 0 	 0.0 	 0 	 0.0 	 28 	 6.9

	 	 Students 	 25 	 13.8 	 3 	 3.9 	 0 	 0.0 	 0 	 0.0 	 0 	 0.0 	 1 	 2.9 	 29 	 7.2 

																
	 Sampling 	 Probability 	 2 	 1.1 	 0 	 0.0 	 41 	 10.0 	 8 	 16.0 	 2 	 10.0 	 2 	 5.7 	 55 	 13.6 

	 	 Complete 	 1 	 .6 	 0 	 0.0 	 0 	 0.0 	 19 	 38.0 	 0 	 0.0 	 4 	 11.4 	 24 	 5.9 

	 	 Non-probability 	 175 	 96.7 	 68 	 88.3 	 0 	 0.0 	 22 	 44.0 	 17 	 85.0 	 29 	 82.9 	 311 	 77.0 

																
	 Recruitment 	 Face-to-Face 	 6 	 3.3 	 2 	 2.6 	 12 	 29.3 	 3 	 6.0 	 11 	 55.0 	 4 	 11.4 	 38 	 9.4 

	 	 Post 	 0 	 0.0 	 0 	 0.0 	 4 	 9.8 	 1 	 2.0 	 0 	 0.0 	 0 	 0.0 	 5 	 1.2 

	 	 Telephone 	 2 	 1.1 	 1 	 1.3 	 14 	 34.1 	 1 	 2.0 	 0 	 0.0 	 2 	 5.7 	 20 	 5.0 

	 	 Email 	 6 	 3.3 	 3 	 3.9 	 0 	 0.0 	 33 	 66.0 	 1 	 5.0 	 6 	 17.1 	 49 	 12.1 

	 	 Panel 	 94 	 51.9 	 50 	 64.9 	 0 	 0.0 	 0 	 0.0 	 0 	 0.0 	 9 	 25.7 	 153 	 37.9 

	 	 Social Media 	 5 	 2.8 	 2 	 2.6 	 0 	 0.0 	 1 	 2.0 	 2 	 10.0 	 5 	 14.3 	 15 	 3.7 

	 	 Micro-tasking 	 36 	 19.9 	 4 	 5.2 	 0 	 0.0 	 0 	 0.0 	 0 	 0.0 	 0 	 0.0 	 40 	 9.9 

																
	 Adjustment 	 Stratification 	 65 	 35.9 	 36 	 46.8 	 11 	 26.8 	 2 	 4.0 	 2 	 10.0 	 12 	 34.3 	 128 	 31.7 

	 	 Post-stratification 	 15 	 8.3 	 17 	 22.1 	 15 	 36.6 	 1 	 2.0 	 1 	 5.0 	 1 	 2.9 	 50 	 12.4 

																

 

Moreover, science communication research predominantly relies on non-probability samples. In
contrast, only fractions employ probability sampling or use complete samples. Of the studies that
do, list-based sampling frames are most prominent — 34 studies (8%) — followed by the use of
random-digit dialling as sampling mechanism in 15 studies (4%). Purposive sampling is not
applied in any of the studies reviewed. Researchers commonly recruit their samples through
access panels. Email invitations are the second most frequent method, followed by
micro-tasking platforms like MTurk, face-to-face recruitment, telephone interviews,
and social media platforms. Postal mail is used in only five studies. In our sample,
roughly a third of studies used stratified samples with quotas (e.g., for age and gender),
while only a tenth applied post-stratification to adjust samples (e.g., for non-response).
Samples are rarely planned a priori, as only 36 studies report conducting a power analysis
(9%).


To answer our first research question on sampling procedures in science communication research
in more detail, we grouped the studies into ideal-typical groups by identifying recurring
patterns.8


Media effects samples.  The majority of studies in our sample — 182 in total (45%) — focus on
media effects. These studies use experimental or longitudinal designs to investigate media use
[e.g., Wonneberger et al., 2020], framing effects [e.g., Gustafson et al., 2025], or related topics. An
example is Schug et al. [2024], who conducted an online survey via a panel provider to study how
1,007 Germans perceive the trustworthiness of scientists, portrayed in mass media, working in
both controversial and non-controversial fields.


Media effects samples are most often drawn from the general public, while a notable minority
relies on students. The median sample size is 676 participants. In 124 cases, data were collected in
the U.S. (68%), and in 26 cases, in Germany (14%). Only four studies are designed as
international comparative (2%), while nine include samples outside of WEIRD contexts (5%).
Almost all media effect studies rely on non-probability samples of the general public;
only two use probability sampling. Most often, participants are recruited from access
panels and micro-tasking platforms. Media effects studies often apply quota-based
stratification yet rarely adjust their samples through post-stratification. Media effects samples
account for practically all reported power analyses, with 32 studies (18%) reporting
this.


Overall, media effects samples are mainly non-probability and drawn from U.S. access
panels or micro-tasking platforms. As predominantly experimental research, the studies
prioritize internal validity over external. Accordingly, random assignment to experimental
groups is most important [cf. Baker et al., 2013]. Accordingly, we consider these samples
robust.


Non-randomized public opinion research samples.  The second-largest share in our sample
— 77 studies in total (19%) — comprises public opinion research based on non-probability
samples. These studies rely on cross-sectional and longitudinal designs to explore public attitudes
[e.g., Fung et al., 2026] or trust in science and science communication [e.g., Klinger
et al., 2022], often in relation to demographic, psychological, or media use variables.
An example is Chang et al. [2018], who used a non-probability sample of 1,001 South
Koreans recruited via an online access panel with quotas for age, gender, and region, to
examine how media use reinforces or reduces knowledge gaps between educational
groups.


The vast majority of non-randomized public opinion samples consist of members of the general
public. The median sample size is considerably large, at 1,407 participants, and data is
predominantly collected in the U.S. (42%). 12 studies are international-comparative in scope
(16%). Only six studies draw on samples out of WEIRD contexts (8%). None of the
studies in this group employ probability sampling; instead, they rely exclusively on
non-probability sampling. Most commonly, participants are recruited via access panels.
A substantial share of studies applies stratification to approximate population characteristics,
and a higher-than-average proportion apply post-stratification to adjust for known
biases.


Overall, non-randomized public opinion samples are primarily used to examine correlations in
non-experimental research, making external validity important. The external validity of
non-randomized samples in science communication research is, however, limited. Thus, we
consider these samples as less robust.


Randomized public opinion research samples.  The third group in our sample — 41 studies in
total (10%) — consists of public opinion research based on probability samples. These studies
employ cross-sectional and longitudinal designs, often to examine general beliefs about
science-related issues [e.g., Schäfer et al., 2018; Trollip et al., 2024]. One example is a study by Ho
and Chuah [2022], which relies on a stratified probability sample in a face-to-face survey of 1,000
Singaporeans to examine how media exposure influences public knowledge about nuclear
energy.


Randomized public opinion samples typically target the general public. The median
sample size is 1,331 participants. The U.S. is the most common research context, with
18 studies (44%). Moreover, seven studies (17%) in this group are international-comparative
in scope. Compared to the other groups, this sample type is less frequently found in
non-WEIRD contexts, with only three cases identified (7%). All studies in this group rely on
probability sampling; 13 studies (32%) use the sampling mechanism of random-digit
dialling, and 12 apply systematic selection procedures (29%). Only five draw samples from
sampling frames (12%). Three use mixed approaches combining, for example, random-digit
dialling and systematic selection (7%). Most studies in this group rely on telephone
and face-to-face interviews. Quotas are occasionally applied, primarily to balance key
demographic variables. A distinctive feature of this group is a higher-than-average use of
post-stratification procedures: 15 studies apply weights to adjust for sampling biases
(37%).


In conclusion, randomized public opinion research samples form the most methodologically
robust segment of the literature. They tend to allow for generalizable inferences and serve as
important reference points in the field [cf. Brick, 2011; McEwan, 2020]. This is reflected in the high
rate of secondary analyses within this group: 16 studies draw on existing data (39% compared to
7% across all studies).


Communicator samples.  The fourth group in our sample — 50 studies in total (12%) — surveys
communicators, such as scientists, science communicators, and journalists. These studies typically
rely on cross-sectional designs and aim to explain communication behaviours, for example by
examining institutional contexts or individual motivations [e.g., Bao et al., 2023; Besley et al.,
2020]. An illustrative example is Kessler et al. [2022], who conducted a complete survey of
15,778 scientists in Germany, Austria, and Switzerland using publicly available email addresses to
explore mental models of science communication.


Communicator samples tend to be the smallest across all sample types, with a median of just
317 participants. With 18 studies, most are conducted in the U.S. (36%). Ten adopt an
international comparative perspective (20%). Research is concentrated in WEIRD contexts, with
nine studies conducted elsewhere (18%). The group includes a mix of non-probability and
complete samples, while a small number rely on probability sampling. Recruitment
is most often based on unsolicited emails. Only one study applies quotas based on
discipline and career stage, and another uses survey weights to adjust for disciplinary
imbalances.


Overall, communicator studies are more likely than the other studies to aim for full samples.
Given the defined target groups in these samples, external validity is important. This is reflected in
reporting practices: 32 studies report response rates (64%, compared to 21% across all studies).
Due to more transparent reporting and a somewhat higher number of full samples, we consider
this segment as mostly robust.


Science communication audience samples.  The fifth group in our sample — 20 studies in total
(5%) — focuses on audiences of science communication, such as listeners of science podcasts [e.g.,
Fantini & Buist, 2021] or visitors to an open house event [Kato-Nitta et al., 2018]. These studies
typically employ cross-sectional designs and seek to understand how science is perceived in
learning environments. An example is Moormann et al. [2026], who conducted a tablet-based
survey of visitors at the Berlin Museum of Natural History to investigate audience understanding
of evolutionary theory.


Science communication audience samples tend to be small in size, with a median of
407 participants. Unlike other sample types, this group spans a wide range of national
contexts. Five studies (25%) are based outside WEIRD contexts. Sampling in this group is
overwhelmingly non-probability-based, with participants recruited using convenience sampling
on-site.


The group stands out for its heterogeneity in both focus and design. However, many of the
studies face challenges in accessing participants and achieving sufficient sample sizes.
To address these challenges, researchers often adopt creative recruitment strategies,
but these approaches are often ad hoc. As a result, while these studies offer valuable
glimpses into how science communication is received, the findings are limited in their
robustness.


Other samples.  The remaining 35 studies (9%) fall outside the main sample types and represent a
diverse set of cases. For example, they examine methodological questions [e.g., Lukić & Žeželj,
2024; Mede et al., 2026] or very specific populations, such as farmers [Dan et al., 2019]. Most rely
on non-probability samples. Given their methodological and thematic heterogeneity, we do not
examine these studies in greater depth.


4.2  Samples over time

To address the second research question, we examined trends in sampling procedures across the
study period. We plotted the shares of studies relative to the annual volume (Figure 2) to identify
potential trends in general sampling procedures (complete, probability, or non-probability
samples) and recruitment methods (in person, access panel, micro-tasking platform, etc.).
Moreover, we investigated how the distribution of the previously identified clusters changed over
time.
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Figure 2: Sampling over time. Note: the figure shows how sampling approaches,
recruitment methods, and sample groups have changed in science communication research
between 2015 and 2025. 

In 2015, probability samples made up 29% of the studies, while non-probability accounted for
64%. Over the following years, the use of probability samples declined, while non-probability
sampling approaches became increasingly dominant. By 2025, probability samples had dropped to
just 4% of all studies, whereas the share of non-probability samples rose to 94%. The use of
complete samples remained relatively stable across the period, fluctuating around 6%. This
shift in sampling approaches corresponds with a change in recruitment modes: in 2015,
25% of all samples were recruited face-to-face, while the use of access panels was rare,
accounting for only 4%. Over time, however, face-to-face recruitment declined, while access
panel-based recruitment grew. By 2025, 67% of all samples were recruited via access
panels.


Looking at the distribution of sampling clusters over time, we see a clear increase in
media effects samples. In 2015, studies in this group made up 25% of the total, but their
share grew steadily to 57% by 2025. Similarly, non-randomized public opinion research
samples also gained ground, increasing from 7% in 2015 to 17% in 2025. In contrast,
randomized public opinion research samples declined, dropping from 14% to 4% over
the same period. The shares of communicator samples and science communication
audience samples remained relatively stable around 10%, with some fluctuations over
time.


This analysis shows that priorities have shifted, with science communication researchers now
relying more frequently on non-probability sampling than in the past.


4.3  Limitations discussed

To address our third research question, we examined whether science communication
researchers discuss the limitations of their sampling procedures (cf. Table 4). Specifically, we
looked for four common types of limitations: non-response (e.g., low response rates),
self-selection (e.g., voluntary participation), selection bias (e.g., restricted sampling
frames imposed by researchers), and missing or insufficient randomization of sample
selection.



Table 4: Limitations. 


Note: the table is based on the full sample of N = 404 studies. It shows whether studies report
sampling-related limitations. These include non-response, self-selection, selection bias, and
missing randomization. 

 																
	 	 	 Media effects
 	 Non-randomized
 	 Randomized
 	 Communicators
 	 Audiences
 	 Other
 	 All


																
	 	 	 n 	 % 	 n 	 % 	 n 	 % 	 n 	 % 	 n 	 % 	 n 	 % 	 n 	 % 

																
	 Limitations 	 Non-response 	 3 	 1.7 	 3 	 3.9 	 4 	 9.8 	 12 	 24.0 	 1 	 5.0 	 4 	 11.4 	 27 	 6.7 

	 	 Self-selection 	 8 	 4.4 	 16 	 20.8 	 2 	 4.9 	 8 	 16.0 	 2 	 10.0 	 7 	 2.0 	 43 	 10.6 

	 	 Selection bias 	 45 	 24.9 	 14 	 18.2 	 1 	 2.4 	 10 	 20.0 	 4 	 2.0 	 6 	 17.1 	 80 	 19.8 

	 	 Randomization 	 8 	 4.4 	 10 	 13.0 	 0 	 .0 	 0 	 .0 	 1 	 5.0 	 3 	 8.6 	 22 	 5.4 

																

 

Sampling biases are addressed only by a minority of studies; 137 studies mention limitations
related to sampling procedures (44%). Among the studies that discuss limitations, selection bias is
the most frequently mentioned issue, followed by self-selection. Missing randomization and
non-response are rarely discussed. The groups of studies differ in the extent to which they reflect
on methodological limitations: only 58 media effects studies discuss limitations of the sampling
procedures (32%). Authors tend to be concerned primarily with selection bias. Meanwhile, 30
non-randomized public opinion research studies reflect on the sampling procedure (39%). Several
address the issues of self-selection, selection bias, and non-response. Randomized public
opinion studies report the fewest limitations. Only six studies mention limitations (15%).
Communicator studies show the highest transparency; 21 studies mention limitations
(42%). Authors consistently address self-selection, non-response, and selection bias.
Seven science communication audience studies engage with limitations (35%). Authors
predominantly acknowledge the challenges of recruiting participants in opportunistic
settings.


In conclusion, limitations related to sampling appear to be a secondary concern for science
communication researchers.


5  Pathways for improvement

We examined empirical studies from the recent past to assess how science communication
researchers approach sampling. As expected, we identified a broad spectrum of sampling
procedures, reflecting the field’s diverse landscape [cf. Bucchi & Trench, 2021]. Our findings show
that many science communication researchers reflect on sampling procedures; however, we also
identified shortcomings. In the following, we highlight pathways that offer potential for
improvement in science communication research.


We found that science communication researchers often rely on non-probability samples drawn
from access panels. This trend is double-edged: on the one hand, it reflects growing budgets and
efforts to gather data systematically. Access panel samples can be appropriate, especially for
experimental or exploratory research [cf. Baker et al., 2013]. On the other hand, access panels are
not the public; they consist of individuals whose attitudes and behaviours can differ from those of
the broader population [Baker et al., 2013; cf. Brick, 2011; Erba et al., 2018].9 Moreover, we found
that international comparative studies are more prone to relying on non-probability samples. This
is problematic because sample biases may distort cross-country comparisons [cf. Baker et al.,
2013]. Against this backdrop, we advocate for the ‘gold standard’ of public opinion research:
probability sampling allows for most generalizable insights and is not yet obsolete. Nevertheless,
we recognize financial constraints and acknowledge that the ‘gold standard’ is not always
feasible.


The growing reliance on access panels points to another area of inquiry: we observe limited
methodological innovation in sampling. For example, the absence of purposive sampling in the
reviewed studies is noteworthy. We reason that the dominance of access panels might
give the false impression that ‘the public’ and large sample sizes are easily accessible.
However, we need innovation because science communication research faces a unique
problem: to even participate in a scientific survey about science, respondents must hold at
least some trust in science [cf. Cooper & Farid, 2016]. This likely skews our analyses
in ways other fields don’t face, making methodological innovation not optional but
necessary. More attention could be paid to alternative sampling approaches, e.g., purposive
sampling or systematic probability sampling in real-world settings, to better reflect
the contested nature of science-society relations [cf. Iyengar & Massey, 2018; Kelly &
Westerman, 2020]. Moreover, most studies equate sample quality with large sample
sizes and basic demographic quotas, but ignore attitudinal factors and sampling biases.
However, one might ask: why should sample quality be judged solely by sample size,
and age and gender distribution, rather than by whether participants hold varying
levels of trust in science? We therefore advocate for the use of meaningful quotas in
science communication research. By this, we mean applying stratification that reflects
variables central to the field. Moreover, demographic variables can easily be weighted
post hoc, as auxiliary information on population distributions is widely available [cf.
Andridge et al., 2019; Valliant & Dever, 2011]. The same cannot be said for attitudinal
variables.


Beyond methodological concerns, we identify a structural limitation: almost two-thirds of the
reviewed studies were conducted in the U.S. or Germany, and only about one in ten took place
outside of WEIRD contexts. For media effects samples, the imbalance is even more pronounced.
Put plainly, almost everything we know about the effects of science communication
in mass media comes from two national contexts. We know little about how science
communication works elsewhere. Interestingly, we observed the opposite pattern for science
communication audience research: samples here are notably more diverse, and the U.S. appears
under-researched.


Our analysis also shows that sampling procedures are often vaguely described and seldomly
planned. For example, only every fifth study reports a response rate, and almost one out of ten
studies provide no information on how participants were recruited. Sometimes, even information
on the national context is missing. We repeatedly encountered the claim that access panels cannot
provide information on response rates. This strikes us as odd: response rates are a key
performance indicator for access panel providers, and in our own research, we have been able to
obtain these figures without difficulty [Post & Bienzeisler, 2024; Post et al., 2021]. We
therefore advocate for greater transparency and more consistent reporting of sampling
procedures.


Altogether, we propose five steps to improve sampling in science communication research:
(1) consistently report sampling procedures, response rates, and sample characteristics,
(2) reserve non-probability samples for experimental and exploratory studies, (3) use probability
sampling when making generalizable claims, (4) foster innovation to reach diverse publics,
including those less trustful in science, and (5) apply meaningful quotas, not just demographics.
And last but not least, be humble about your approach.


6  Conclusion

This paper examined how science communication researchers approach sampling. We outlined
methodological principles behind sampling, reviewed sampling procedures, and assessed current
trends. Our findings point to areas in need of improvement, including the widespread use of
non-probability samples and limited population diversity. By highlighting steps for improving
sampling, we hope to support a more robust empirical foundation for science communication
research.


As with any study, there are limitations. Our analysis is limited to three journals, which means we
applied a restrictive sampling frame ourselves. As a result, generalizing beyond these outlets
remains difficult. Moreover, we relied on reported information, which may have omitted informal
practices or undocumented decisions. Finally, because of the volume of literature, we could not
examine every detail. Nonetheless, we are confident that our review captures the main trends in
science communication research.


Our paper aligns with an emerging body of work that reflects on methods in science
communication research [e.g., Cooper & Farid, 2016; Mede et al., 2026; Xenos et al., 2025]. As the
field of science communication research continues to grow, what is missing in our view is work on
methodology; in plain terms, we still lack a coherent method of science communication
research. We therefore call for efforts to strengthen the field’s empirical standards and
conceptual clarity, for example, through special issues, conferences, and targeted research
proposals.
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Notes



1. Please note the potential double meaning of the term panel: it can refer to a respondent pool or to
a longitudinal survey with repeated waves. We use the former and speak of access
panels.
2. Some commercial access panels are built on probability-based sampling and
designed to reflect, for example, the United States population. However, such access panels
are rare, costly, and not typical for most access panel-based research. Moreover, some
biases are consistent across all online samples, for example, the overrepresentation of
politically engaged citizens [Kennedy et al., 2016].
3. The review was neither reregistered, nor
did we prepare a study protocol.
4. We selected the period 2015–2025 because science
communication research expanded substantially during these years and the time frame
captures both the years before and after the COVID-19 pandemic.
5. We searched for the
keywords “survey”, “questionnaire”, “interview”, “experiment”, and “poll” in the titles
and abstracts of all articles published between 2015 and October 1st 2025. We collected
data only until October 2025, due to the high number of online-first articles.
6. In cases of
uncertainty, authors discussed and decided collectively.
7. An AI-based summarization
tool was used to assist reviewers in checking the coding. All automated outputs were
reviewed.
8. We first read all papers. We coded each paper and summarized them. Next, we
assigned keywords to the summaries. Studies were then organized using a tabular
overview sorted by research design and key words. In a final step, we assigned each
paper to one of the groups. In cases of uncertainty regarding group allocation, study
abstracts were consulted. Subsequently, we used R to visualize the shares of the identified
approaches in relation to the overall volume of the literature.
9. What is more, science
communication researchers also tend to advertise their research as “representative”, a
controversial term that loosely means a sample reflects the characteristics of a population [cf.
Lowry, 1979]. We coded whether science communication researchers claimed to use
representative samples (without explicit hedging, Krippendorff’s α = .89) and whether these
claims were overstated (Krippendorff’s α = .79). Out of the 404 studies, 96 claim to be
representative (24%), mostly because they adhere to basic demographic quotas, such as age
and gender. While we could confirm this claim for 33 studies, in 63 cases we were
skeptical [based on the suggestions of AAPOR, cf. Baker et al., 2013], as the studies
used non-probability samples, reported low response rates, or did not document their
approach.
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