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Abstract

Statistical inference in communication research has been dominated by the
frequentist theory of statistics for decades. The alternative Bayesian approach
to statistical inference promises to give a more appropriate statistical answer
by incorporating a prior state of scientific knowledge. Although the Bayesian
approach is rapidly gaining popularity in the American social sciences, com-
munication scholars have not (yet) made much use of it. In this paper, we
address the benefits of Bayesian statistics for applied research, focussing on
methodological and empirical rather than purely statistical issues. We present
findings of a short case study where we examined the handling of prior
scientific knowledge by German communication scholars. We conclude with
a rather personal view of the future of Bayesian statistics in the discipline of
communication research.



1 Introduction

From the 1940s on, the frequentist approach to statistics was the dominant
statistical paradigm in the social sciences. In contrast to the Bayesian approach
to statistics which incoporates prior knowledge or at least current beliefs,
frequentist statistics does not. This is quite remarkable because almost every
scholar employing frequentist statistics regularly refers to prior scientifc
knowledge. For example, when writing a research paper pre-existing scientific
knowledge is usually accounted for by citing seminal theoretical arguments,
by adopting previous operationalizations, or by drawing on other empirical
findings. Put differently, scholars try to collate all pre-existing information of
the subject of inquiry before prospectively collecting new data but suspend
any empirical evidence based on past studies when it comes to hypothesis
testing using classical frequentist statistics.

When asking for the place of Bayesian statistics in communication research,
we presume that many colleagues are frequentists in mind but Bayesians at
heart. Of course, becoming a frequentist in mind is rarely a conscious decision.
Rather, it just takes place in the foundation phase of statistical education
because it is the lecturer who decides which introductory book on statistics is
used and whether or not the Bayesian paradigm is covered. In what follows, we
first show how misunderstandings of frequentist statistics create Bayesians at
heart by reviewing the notion of frequentist probability. Second, we provide a
short outline of the basic concepts of Bayesian statistics. Third, we review why
the use of prior distributions turns out to be advantageous in the enterprise of
scientific research. Fourth, we highlight the key feature of Bayesian statistics,
that is the concept of prior distributions. Fifth, we report findings of a short
case study where we examined the handling of prior scientific knowledge by
German communication scholars. Finally, we briefly present a rather personal
view of the future of Bayesian statistics.

2 How to involuntarily become a Bayesian at heart?

We are surprisingly unaware of the history of statistics and probability. This
may stem from the fact that introductory textbooks rarely cover the history of
the major methodological strains in statistics. Instead, introductory textbooks
on statistics usually present the so-called classical approach as if there were
never any conflicts about its coherence and applicability. Historically, the roots
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of the classical approach to statistics can be traced back to the old conflictful
days of R.A. Fisher on the one hand, and Jerzy Neymann and Eugen Pearson
on the other hand (Savage, 1976; Efron, 1986; Zabell, 1989). Interestingly, it
were historians of science who critizied the ritualistic use of the classical
approach (Krüger et al., 1987, p. e.g.). Those historians of science concluded
that the classical approach to statistics is actually a “hybrid theory of statistical
inference” (Gigerenzer et al., 1989) binding together frequentist methodology
developed by Neymann and Pearson with likelihood based methodology
developed by Fisher. It is the combination of two different methodological
strains in statistics what is nowadays referred to as the frequentist paradigm.

A frequentist statistic indicates “how frequently a researcher could expect
to obtain a given result if an experiment were repeated and analyzed the
same way many times” (Malakoff, 1999, p. 1461). The probability p of an
observed result (data) from such an infinite series of trials performed under
identical conditions given a hypothesis (H) can be expressed as a conditional
probability, that is

p(data|H). (1)

Needless to say, the null hypothesis significance testing (NHST) is the
backbone of the frequentist framework. However, NHST is also a sometimes
controversial discussed issue in various academic disciplines like sociology
and political science, medicine, marketing, psychology, and communication
research (Gill, 1999; Altman & Gardner, 2000; Hubbard & Armstrong, 2006;
Cumming et al., 2007; Levine et al., 2008a). To cut a long story short, objections
against classical NHST include the commonly false probabilistic interpretation
of the p-value, the lack of sensitivity to sample size, the ritualistic use of sig-
nificance levels, the negligence of power and error rates, and the mechanic use
of a meaningless null hypothesis. To improve the quality of statistical testing,
communication scholars recently published a researchers’ guide proposing
several state-of-the-art alternatives to NHST like using confidence intervals,
effect or equivalence testing instead of unsubstantial null hypothesis testing,
or meta-analysis (Levine et al., 2008b). But even when using more appropriate
tools from the frequentist toolkit, the frequentist paradigm and it’s applica-
tion can not give any auxiliary answer about a hypothesis. We illustrate this
objection by means of the well-known frequentist confidence interval.

A confidence interval for a population parameter consists of a range of
values, restricted by a lower and an upper limit. But even when confidence
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intervals were computed instead of classical NHST p-values, the true interpre-
tation of the probability statement associated with the frequentist confidence
interval is resistently overlooked. Many researchers employing the frequentist
toolkit want to and do interpret the classical 95% confidence interval in a
Bayesian fashion. Although frequently done, it is incorrect to state, for exam-
ple, that the 95% confidence interval has a probability of 95% of containing the
unknown population parameter θ. Note that within the frequentist framework
a population parameter is regarded as a fixed, unknown, and unvarying
quantity, whereas within the Bayesian framework a population parameter
is regarded as an unobservable random variable which can be described
distributionally. If f (X) is normal it follows from repeated sampling theory
that

X ∼ N(µ, σ2/n). (2)

Hence, the probability that the random interval

(X − 1.96 · σ/
√

n, X + 1.96 · σ/
√

n) (3)

contains the value of µ is 95%. Replacing X with the estimate x by using the
Fisherian “plug-in principle” (Efron, 1998, p. 101) provides the 95% confidence
interval for µ. Once having calculated the frequentist confidence interval, the
unknown but fixed parameter is either contained in the interval or not. Note,
a valid probability statement associated with a 95% confidence interval can
only be made with reference to the procedure not the unknown parameter
µ itself. Since µ is not a random variable, the 95% frequentist confidence
interval for µ means nothing but that the procedure of interval construction
is expected to construct intervals that include µ about 95% of the time: “The
sampling property of confidence intervals [. . . ] says nothing at all about the
probability of θ given the result of the one particular sample of data actually
obtained. Rather, it makes probability statements about the interval calculated
from hypothetical samples that have not been obtained” (Fisher-Box, 1978, p.
456). In other words, frequentist probability statements are nothing else but
“idealized frequencies” (Bernard, 2000, p. 168). To conclude, the frequentist
framework is mathematically off target when a researcher is interested in
making probability statements about a hypothesis of interest because it only
refers to the sample space and not to the parameter space.

Unfortunately, many researchers are prone to assign a probability statement
to a frequentist test statistic and, thus, misinterpret frequentist confidence
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intervals and significance tests. In doing so, those researchers involuntary
behave like Bayesians. Although it seems to be a statistical subtlety at first
sight, what frequentists in mind but Bayesians at heart are actually interested
in is

p(H|data) (4)

with p being the probability that the null hypothesis H is true given the
results (data) obtained. As we shall see subsequently, this kind of interpretation
will become feasible only if the Bayesian statistical framework is employed.

3 What’s Bayesian statistics all about?

In September 2000, The Economist published an article titled “In praise of
Bayes” which brilliantly summarized the very basic idea of the Bayesian
approach: “The essence of the Bayesian approach is to provide a mathematical
rule explaining how you should change your existing beliefs in the light of
new evidence. In other words, it allows scientists to combine new data with
their existing knowledge or expertise” (Economist, 2000).

The Bayesian framework comprises a prior state of knowledge (i.e. prior
in the sense of before observing the data) and the data likelihood to a more
informed posterior distribution, that is

Posterior Distribution ∝ Prior Distribution× Likelihood, (5)

where the symbol “∝” means “is proportional to”. More specifically, Bayesian
inference always begins with some prior probability statement about an un-
known parameter, that is f (θ), for example. Recall that, in contrast to the
frequentist paradigm, all unknown parameters of a Bayesian model are treated
as random variables which can be described distributionally. The prior prob-
ability statement f (θ) is nothing else but a summarized expression of the
current state of knowledge before gathering or seeing any new data. In gen-
eral, the distribution of the unknown parameters before any new data are seen
is called prior distribution (we thoroughly explain the rationale for selecting
prior distributions in section 5). By specifying a prior distribution, only half
the Bayesian inference story is told tough. Let, for example, data = (x1, . . . , xn)
be a sample from a density fθ with an unknown parameter θ and with an
associated likelihood function
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L(θ|data) =
n

∏
i=1

fθ(xi). (6)

The likelihood function summarizes the sample information about θ and
provides some value of θ that makes the data most likely to have occured. The
information from the likelihood function is weighted with the prior probability
distribution by employing Bayes’ Theorem to calculate an updated distribution
posterior to the former state of knowledge:

f (θ|data) =
f (data|θ)× f (θ)

f (data)
, (7)

where f (θ|data) denotes the posterior distribution for the parameter θ,
f (data|θ) is a sampling density for the data, f (θ) is the prior distribution for
the parameter, and f (data) is the marginal probability of the data. Whereas
frequentists inference about θ follows from inspection of the likelihood only,
Bayesian inference contrastly relies on inspecting the posterior distribution
using descriptive measures. The shape of the posterior distribution can be
described by calculating location parameters such as the posterior mean, that is
the expected value of θ under f (θ|data), or the posterior mode, that is the most
likely value under f (θ|data), or, in addition, by some variability measures.
Assuming that a posterior density is approximately normal, derivation of a
95% confidence interval (also called credible interval (CI) by Bayesians), for
example, is straightforward then

posterior mean± 1.96× posterior standard deviation. (8)

To sum up, Bayesian statistics always involves calculating a posterior distri-
bution which is formed by weighting a prior distribution by the likelihood
function: “Put generally, the goal of Bayesian statistics is to represent prior
uncertainty about model parameters with a probability distribution and to
update this prior uncertainty with current data to produce a posterior prob-
ability distribution for the parameter that contains less uncertainty” (Lynch,
2007, p. 50).

4 Why should we use Bayesian statistics?

The Bayesian approach to statistical inference is much more compatible to the
cumulative nature of science as it is practiced by most quantitative researchers
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today. A theoretical model of causal mechanisms is developed, data are gath-
ered either by experiment or observation, and the theoretical model is tested
against the empirical data. Based on inferences drawn from this analyses,
hypotheses are either retained, rejected or modified. Ideally, this process is
repeated, using past results as a guideline for new analyses. However, even
for newly developed hypotheses, any scholar will have some expectation or
belief about the investigated phenomenon – tabula rasa situations are very
rare in our discipline. Any statistical framework that utilizes this cumulative
process rather than starting from scratch with every further study is therefore
more appropriate (cf. Box & Tiao, 1973). Contrary to the frequentist approach,
the Bayesian framework explicitly enables, and indeed requires, the researcher
to incorporate prior knowledge into the statistical inference: “Bayes’ theorem
is the only consistent way to modify our beliefs about the parameters given
the data that actuallly occured” (Bolstad, 2004, p. 7, emphasis added by the
authors).

The notion that statistical inference is a way of updating existing knowledge
given new data, and that, consequently, data do not speak for themselves
might be irritating at first sight. The incorporation of pre-existing informa-
tion adds a seemingly more subjective flavour to the scientific method than
pure likelihood-based inference. Consequently, the subjectivity of the chosen
priors is the most prominent objection to the Bayesian approach (Gelman,
2008). The counterargument to this claim is twofold: First, as noted by many
authors (Levine et al., 2008a; Gill, 2008) before, frequentist inference rests
not only on strong objective assumptions – e.g. asymptotic theory – but also
on substantive subjective decisions – e.g. the level of significance. Second,
and more importantly, the incorporation of prior knowledge has considerable
advantages for the quality of the scientific discourse. Namely, the Bayesian
approach forces the adopter to think about, document, and justify the choice of
the prior which is, then, subject to scientific debate. If the prior merely reflects
the beliefs of a scholar about a social phenomenon, a thorough theoretical
explanation will be necessary. A prior based on pre-existing research will
provide valuable insights into the author’s comprehension of past scholarship.
In any case, social sciences will be more transparent and less prone to implicit
or undocumented assumptions. We will return to this issue in the next section.

The Bayesian framework does not only have epistemological advantages,
but also offers direct and intuitive answers to the question that lies behind
most empirical research. That is, what is the probability of H given the data?
Only Bayes’ theorem allows to assign probability statements to parameters,
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e.g. to claim that the true value lies within a certain limit. This kind of claim
was unintentionally made for decades by many Bayesians at heart.

Since the Bayesian computation of credible intervals (CI) for the posterior
distribution takes additional data into account, the estimation is equally or
even more precise than with the frequentist procedure. This means that a
Bayesian CI is not only intuitively interpretable, but also generally smaller
than the frequentist counterpart. This is especially advantageous if an em-
pirical prior is used for a replication study. Since the prior adds additional
information, the Bayesian CI will yield more precise estimates most of the
time. Moreover, since Bayesian analysis deals with the complete posterior
distribution rather than point estimates and standard errors, many alternative
ways of summarizing these results are available (Lynch, 2007, p. 71).

Furthermore, Bayesian methods allow to tackle large and complex statistical
problems with relative ease, where frequentist methods can only approximate
or fail altogether. For example, the incorporation of missing data is straight-
forward and consistently handled (Jackman, 2000), predictive summaries of
parameters of interest are easily obtained (Bolstad, 2004; Gill, 2008), hierarchi-
cal and other complex models can be fit even with small samples (cf. Gelman
& Hill, 2007). To our view, these are important but rather technical features
of the Bayesian framework that a far from typical models of communication
research, and, therefore, we do not discuss their use subsequently.

Before highlighting the issue of prior distributions, we recapitulate the basic
arguments in favour of the Bayesian approach to statistical inference:

1. The use and interpretation of p-values or significance testing is often
inappropriate or simply wrong, but even if applied correctly, e.g. using
confidence intervals, the common approach gives us p(data|H) instead
of the more interesting p(H|data): Bayesian analysis yields the kind of
probability statements we are interested in.

2. Frequentist methods are inefficient because the available information
is not incorporated at the analysis stage. Even when meta analyses are
conducted beforehand, the actual inference happens on the new data
alone: The Bayesian approach allows to incorporate pre-existing information
into the statistical model.

3. As an additional benefit, Bayesian statistics enforces transparency and
clarity by demanding justification for the choice of the statistical model
or likelihood and the prior: Using Bayesian methodology increases the quality
of the scientific discourse.
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5 Where do prior distributions come from, anyway?

After acknowledging the potential advantages of the Bayesian approach, most
scholars usually wonder about which priors to use. In the following, we try
to provide a useful taxonomy of priors, as depicted in Figure 1, and a brief
discussion of the rationale and consequences of using them.1

Not surprisingly, there is considerable dissent on the issue of specifying
priors among scholars with regard to objectivity. Although the debate between
subjective and objective Bayesians is not only about prior distributions, most
scholarship focusses on this problem.2 Consequently, the choice of priors
is first and foremost between uninformative and informative distributions
for a parameter of interest. The former are chosen in such a way that the
data, i.e. the likelihood according to Bayes’ theorem, speak for themselves.
Although there is consensus that no statistical or other scientific method can be
truly objective, many scholars argue that using uninformative priors is more
justifiable and transparent to both colleagues, students and external reviewers,
like regulatory agencies overseeing clinical trials (Berger, 2006). For those, the
appearance of objectivity might be more important than the efficiency gained
by using informative priors. Statistically, using noninformative priors results
in about the same results as conventional frequentist inference but still allows
Bayesian interpretation, so at least one of the advantages we mentioned above
remains.

The simplest way of expressing prior ignorance is often seen in using a
uniform distribution for a parameter of interest: Every value is deemed equally
probable, possibly within some bounds like −1 ≤ r ≤ 1 for a correlation
coefficient. Because this kind of prior is a constant, the posterior distribution
is computed only from the likelihood, yielding a pseudo-frequentist result.
As easy as the interpretation and justification of this prior may seem, uniform
priors are not equally well suited for all kinds of parameters, mainly because
they are not robust to simple transformations. For example, a uniform prior
for a variance σ2 is different than that for a standard deviation σ, and both
yield different posteriors (Lambert et al., 2005).

The construction of uninformative priors that are both robust to transforma-

1See Gill (2008) for an excellent overview from both applied and statistical perspectives.
2Although even the nomenclature of objective/subjective Bayesian analysis is challenged by

many scholars, we keep this distinction in its historical context. See Berger (2006), Goldstein
(2006) and the numerous comments in the same issue of Bayesian Analysis for a recent
discussion of the topic.
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Prior Distribution

Uninformative

Naive Uniform Reference or 
Jeffrey's 

Informative

Empirical Weakly 
Informative Subjective

Elicited 
(Expert) Study-based Optimistic Pessimistic

Figure 1: A taxonomy of priors in Bayesian inference

tions and lead to proper posteriors has challenged many Bayesian statisticians
from Jeffreys (1961) to Bernardo (1979), and others. Today, most objective
Bayesians would probably recommend using these reference priors for all-
but-trivial models. Important as research in this area may be, we feel that
these issues are somewhat statisticians’ pets and of less interest for applied
researchers.3

As argued above, the incorporation of informative prior knowledge is the
key to more efficient statistical analyses and a major argument in favour
of the Bayesian approach. If one accepts the merits of informative priors in
quantitative research, the question of obtaining them arises. The answer is
both simple and complicated: Any knowledge or belief, be it from an expert,
a pre-existing study, theoretical reasoning or just an educated guess can be
used as long as it can be transformed into a probability distribution of some
kind. We propose a distinction between empirical priors, weakly informative
priors and subjective priors (see Figure 1).

Empirical priors refer to previous observation or other forms of data collec-
tion including expert interviews.4 The latter are often termed elicited priors.
Eliciting a prior is almost a science because transforming qualitative or vague

3See Yang & Berger (1996) and Kass & Wasserman (1996) for a detailed discussion of nonin-
formative priors.

4This is not to be confused with the empirical Bayes approach that suggests using the same
data for the construction of both the prior and the likelihood. Many Bayesians warn against
the double use of the data, and we agree.
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expert opinions into prior distributions for parameters like regression co-
efficients or between-group variances is a challenging task for any applied
researcher (cf. O’Hagan, 1998; Gill & Walker, 2005; O’Hagan et al., 2006).
Another kind of empirical prior comes from the incorporation of previous
results, which are widely available in clinical or industrial trials. Those results
can either be directly incorporated in strict replication studies or somewhat
discounted depending on the similarity of the previous and the current study.
While this can be intuitively accomplished by using equivalent sample sizes
(Bolstad, 2004) in order to relate prior and likelihood, a more versatile and
rigorous approach to this problem are so-called power priors (Ibrahim & Chen,
2000).

Subjective priors express personal theories or beliefs about a phenomenon,
and as such they are highly debatable. We do not encourage the use of strong
subjective priors as they tend to make actual empirical research obsolete.
However, it may often be desirable to check the consequences of different
priors on the posterior distribution, or compare models with optimistic or
pessimistic priors.

While both empirical and subjective priors are domain-specific, a third
kind of informative prior distribution is based on statistical convenience
and common sense about model parameters. The rationale behind weakly
informative priors (Gelman, 2006; Gelman et al., 2009) is that extreme values of
parameters such as correlations or regression coefficients are highly unlikely
and should therefore be given less prior probability. This generic approach
to using default priors leads to efficient and stable estimation without overly
affecting the likelihood. We agree that such pragmatic solutions that just work
in many applied cases may be essential for the wider adoption of Bayesian
analysis.

The taxonomy proposed here and pictured in Figure 1 suggests that unin-
formative and informative priors are clearly separate, but in applied research
any informative prior, subjective or empirical, can be made less informative
simply by adjusting the scale parameter (i.e. variance) of the distribution.

Finally, priors can also be classified according to their mathematical prop-
erties, namely if they are proper and conjugate. Some, but not all improper
prior distributions lead to improper posteriors, i.e. posterior probabilities that
do not sum to 1. This is undesirable and should therefore be avoided by
using proper priors. Conjugate priors belong to the same distributional family
as the likelihood, making it easy to analytically compute posteriors. How-
ever, since the advent of numerical methods like Markov Chain Monte Carlo
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non-conjugacy is no longer a big problem in Bayesian analysis (Lynch, 2007).
After all, priors should be chosen for substantial reasons not mathematical
convenience, although having both is even better.

Up to now, we totally ignored the question of whether communicaton
researchers are able to adopt prior scientific knowledge at all. To shed some
light on this transformational process, we carried out a short case study. More
specific, we presented some pre-existing empirical results to fellow German
communication scholars and examined how they transform the information
presented into either a numerical or a graphical representation.

6 Are we ready for Bayesian statistics?

Research questions

No matter how promising the Bayesian framework might sound from a
methodological perspective, its widespread adoption depends on the willing-
ness and ability of researchers to apply Bayesian methods in their work. Our
question is not whether or not humans are generally capable of Bayesian – or
any other probabilistic – thinking (Tversky & Kahneman, 1974; Cosmides &
Tooby, 1996; Gigerenzer & Todd, 1999). Instead we focus on the routine use of
prior information in empirical research: How do empirically trained scholars
read, understand and incorporate preexisting results?

In order to answer this question we conducted a small survey-based field
experiment with fellow communication researchers. We had two research
questions: When is prior knowledge usually given consideration in the research
process? And how do communication researchers perceive empirical results
and transform them into suitable priors?

If one assumes the typical workflow in empirical social science, prior re-
search results may be incorporated at four different stages: During the review
of existing scholarship on a specific subject, at the operationalization and
measurement step, during the actual statistical analysis, and finally in the
discussion of results. Given the difficulty of incorporating prior data in fre-
quentist analyses, we expect that communication researchers will report less
frequent use of these data in the analysis step compared with other steps of
research.

It is important to note that it is a matter of both willingness and statistical
expertise to incorporate prior knowledge in a Bayesian model. However, we
are unable to answer the question which of these stages is most important,
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especially given that most communication researchers are not aware of the
alternative statistical approach provided by Bayesian statistics.

But what we can examine is the question of how researchers read and
summarize pre-existing empirical results. Any scholar who reviews exist-
ing studies will inevitably develop an idea of the direction and strength of
relationships between variables of interest. However, most communication
researchers rarely state their expectations in terms of effect sizes. Therefore we
ask how this implicit knowledge can be elicited using different techniques (cf.
O’Hagan, 1998; O’Hagan et al., 2006). Since prior knowledge can be expressed
both numerically (as point estimates with uncertainty) and graphically (as
probability distributions), we explore whether the mode of elicitation makes a
difference.

Method

The case study was carried out as a survey during two meetings of German
communication scholars at the annual conferences of the Media Audiences and
Effects section and a joint conference of the Journalism Research and Methods in
Communication Research sections of the Deutsche Gesellschaft für Publizistik- und
Kommunikationswissenschaft (DGPuK). In total, n = 43 colleagues participated
in the case study. All interviews were conducted using paper-and-pencil
questionnaires.

First, we asked how often respondents incorporated prior empirical results
at different stages of the research process on a 5-point scale. The elicitation
task referred to the graph pictured in Fig. 2. The plot displays the results
of different studies in the context of news values research (Shoemaker et al.,
1986; Eilders, 2006) and is taken from a meta-analysis conducted by Fretwurst
(2008). We chose this topic because it should be familiar to most German
communication researchers.

The graph displays point estimates of correlation coefficients between the
news factor continuity and the news value and their confidence intervals.
After describing the context and the meaning of Figure 2, we asked our
colleagues to specify what they learn from these data, i.e. what they think the
true correlation is and how certain they are.

In order to answer the question whether numerical and graphical elicitation
modes differ, we used a 4-way split ballot design with two numerical and two
graphical options.5 We then asked the respondents how hard they felt the

5The wording of the items is presented in the appendix.
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Figure 2: Empirical results presented in the survey

preceding task was on a 5-point scale.

Results

Since we collected responses from n = 43 scholars, all inferences should
be interpreted with caution. Of course, we used Bayesian methods for the
following analysis. Specifically, we used data from a small pretest we ran with
seven colleagues before the conferences to form prior distributions. We chose
different normal priors which are, however, completely dominated by the
survey data.6

In order to test the hypothesis that incorporation of prior result happens
less frequently during the actual analysis, we computed group means and
Bayesian CI. As can be seen in Figure 3, the distribution of answers is quite
skewed (remember the scale ranges from 1 to 5), as most respondents claim
to incorporate prior results at all stages of the research process. As expected,

6See the appendix for the prior distributions used.
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2.5 3.0 3.5 4.0 4.5 5.0

Discussion

Analysis

Method

Theory

Figure 3: Incorporation of prior results in the research process (means and
95% Bayesian CI)

this incorporation happens significantly less often at the operationalization
and especially at the analysis stage. Moreover, while there is almost universal
agreement to acknowledge prior results in the literature review and discussion,
opinion is divided whether or not to do this at the method or analysis stage.

Point estimates
0.15 0.20 0.25 0.30 0.35 0.40

Graphical

Numerical

Uncertainty
0.2 0.4 0.6 0.8 1.0

Figure 4: Elicited point estimates and widths of confidence intervals (uncer-
tainty) for the correlation coefficient (means and 95% Bayesian CI)

Our second question was how our fellow researchers handle previous em-
pirical results. Generally, most respondents acknowledge that they found the
given task hard to solve (x̄ = 4.24, CI= [3.85 : 4.63]). Apparently, communi-
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cation scholars are not used to summarizing prior knowledge quantitatively.
More interesting is the fact that the amount of uncertainty given in their
answers is significantly higher when elicited graphically than numerically.
Apparently, asking for precise lower and upper bounds leads to more cer-
tainty in the answers than asking for a histogram or probability curve. As
can be seen in Figure 4, the elicited point estimates are not biased by the
elicitation method, but the width of the confidence interval for the prior is. In
short: people tend to give more informed priors when asked in familiar terms.
Finally, the elicited prior distributions from our example study are certainly
very informative, as they cover at most about a third of the theoretical range
for a correlation coefficient.

Summarizing our empirical findings, we can conclude that our fellow com-
munication researchers do recognize that incorporation of prior knowledge
does happen less frequently during statistical analyses. A finding that may
well reflect the difficulty of doing so with conventional frequentist methods.
Moreover, many of our colleagues had quite a hard time summarizing prior
empirical data and expressing their perception with estimates of uncertainty.
The mode of elicitation makes a significant difference with respect to the priors
obtained: Graphical descriptions yield more diffuse priors than conventional
confidence intervals which appear to be almost too certain. This problem of
expert’s overconfidence has been investigated before (O’Hagan, 1998) and is
an important, but often neglected problem within the Bayesian framework.

7 Is Bayesian statistics ready for us?

The aim of this paper was to introduce the Bayesian approach to statistical
inference for communication research. We hope that interested scholars will
find the arguments for this frameworks compelling enough for applied re-
search. Yet, there is still a lot to do both from statisticians and communication
scholars in order to better understand the implications and consequences
of Bayesian thinking. Our discipline might not be quite ready yet, as is the
Bayesian analysis toolkit.

Looking back on statistics in the 20th century, Bradley Efron (1998, p. 96)
subsumed that statistical thinking and methodology have “grown from a
small obscure field into a big obscure field”. The rediscovery of the Bayesian
paradigm and its practicability due to the advent of computer intensive
methods made the big obscure field even bigger. Bayesian statistics would
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be seen less obscure when communication scholars become more and more
familiar with Bayesian thinking.
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Appendix: Survey questions for the prior elicitation task

What do you think is the true correlation between the news factor continuity
and the journalists’ attention?

1. Please specify a point estimate and the bounds of a 95 percent confidence
interval for the correlation.

2. Please specify a value for the true correlation. How big is the coefficient
at least and at most?

3. Please draw a pobability distribution for the true correlation coefficient.

4. Imagine 100 replication studies will yield new correlation coefficients.
Please draw a histogram for the frequency distribution of those coeffi-
cients.

Priors used for the analyses

Importance of prior results during the analysis (see Fig 3)

Theory N(4.428, .786)

Method N(4.00, 1.414)

Analysis N(3.143, 1.574)

Discussion N(3.714, .951)

Elicited prior distributions (see Fig 4 )

Numerical Mean N(.184, .023)

Numerical Interval N(.362, .301)

Graphical Mean N(.225, .035)

Graphical Interval N(.500, .141)
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