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ABSTRACT

Bayesian statistical analysis is steadily growing in popular-
ity and use. Choosing priors is an integral part of Bayesian
inference. While there exist extensive normative recommen-
dations for prior setting, little is known about how priors are
chosen in practice. We conducted a survey (N = 50) and in-
terviews (N = 9) where we used interactive visualizations to
elicit prior distributions from researchers experienced with
Bayesian statistics and asked them for rationales for those
priors. We found that participants’ experience and philosophy
influence how much and what information they are willing to
incorporate into their priors, manifesting as different levels of
informativeness and skepticism. We also identified three broad
strategies participants use to set their priors: centrality match-
ing, interval matching, and visual probability mass allocation.
We discovered that participants’ understanding of the notion
of “weakly informative priors”—a commonly-recommended
normative approach to prior setting—manifests very differ-
ently across participants. Our results have implications both
for how to develop prior setting recommendations and how to
design tools to elicit priors in Bayesian analysis.
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INTRODUCTION

Bayesian statistical analysis has gained attention in recent
years as an alternative to the traditional frequentist, or null
hypothesis significance testing (NHST) approaches. This is
partly because traditionally computationally expensive anal-
yses, such as Markov Chain Monte Carlo (MCMC) sam-
pling, have become more accessible: the increase in com-
putational power now allow users to run such analyses using
their personal computers. A growing number of modelling
languages and software packages such as Stan [4], brms [3],
rstanarm [40], and JAGs [43] also support Bayesian statistical
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analysis using notations that are closer to the way that sta-
tistical models are written mathematically (sometimes called
probabilistic programming languages), allowing more users
of varying skill levels to implement Bayesian analysis.

Another factor could be the growing calls for a focus on esti-
mation instead of hypothesis testing [7,37], as the Bayesian
approach allows us to interpret results in terms of probabili-
ties of particular effect sizes (conditional on prior knowledge),
which traditional approaches do not [8,24]. Further, it provides
a principled mechanism for researchers to build on previous re-
search by incorporating relevant prior information and domain
knowledge into the analysis. This can be crucial in studies
with small sample sizes, as prior information can be used to
regularize results, reducing the chances of obtaining unrealisti-
cally large effect sizes due to chance—a phenomenon common
in individual studies with relatively small sample sizes [27].
In HCI, small sample studies are abundant, and researchers
have advocated the adoption of Bayesian methods as it allows
for “more principled conclusions from small-n studies” [31].

Phelan et al.’s [42] work shows that certain technological inter-
ventions might help introduce users familiar with frequentist
statistics to Bayesian methods. However, in their study, partic-
ipants had difficulty grasping the concept of priors and speci-
fying prior distributions. Though they mention that the prior
distributions chosen by their participants were “reasonable”,
what constitutes a reasonable prior is difficult to define. The
promised benefits of Bayesian analysis are partly contingent
on specifying good priors, especially in smaller samples.

Since the choice of reasonable priors is dependent on factors
such as the design of the experiment, data collection method,
and the statistical model used for data analysis, specifying
priors is an inherently a difficult task, especially for novices—
Interactive prior elicitation interfaces could encode normative
guidance in prior selection to better support this task. Existing
literature offers such normative guidance, but little is known
about how people with expertise in Bayesian statistical mod-
elling choose priors in practice. Such descriptive knowledge
could inform the development of interfaces for prior-setting
designed for both experts and novices alike.

As a probe into existing prior-setting practice, we conducted
two studies, an online survey and follow-up interviews. In
both the studies, we presented participants with a common
statistical model and elicited priors for that model.

We find that many participants set what they considered to be
weakly informative priors, a class of prior recommended in the



Bayesian literature [16, 39]. However, the actual priors these The choice of prior type is often a philosophical one. Some
participants set varied widely, suggesting there may not be aadvocate for non-informative priors to minimize the amount
common understanding of how to implement them in practice. of “subjectivity” injected into the analysis [1, 29]. Others
We discuss ways that normative material on weakly infor- argue that statistical analyses are inherently subjective [12,17],
mative priors could be improved through explicitly teaching suggesting that the use uniform or diffuse priors—under the
strategies used by experts in prior setting. illusion of objectivity—is inappropriate. Gelman et al. [19]
advocate for priors that can generate data that is consistent
with researcher's understanding of the problem and which
gield a model with good predictive performance.

We identify a range oihformativenessndskepticisnphiloso-
phies that affect how participants approach prior-setting, along
with three high-level strategies that researchers use to choos
priors: centrality matchinginterval matchingandvisual prob- The notion of weakly informative priors [10, 15, 16, 44] has
ability mass allocationWe nd that different strategies might  been widely adopted by applied researchers. While Gelman et
be used with different visualizations, so if we show a different al. provide a set of principles for setting weakly informative
visualization people might switch to a better strategy. We priors [14], it is not known how applied researchers actually
discuss how explicitly representing prior philosophies and put such normative guidance into practice.
matching strategies could aid in prior elicitation.

How do we elicit probability distributions?
BACKGROUND Elicitation of expert knowledge in probabilistic form is a
A number of recent papers describe advantages of adoptingsroblem with broad applications in elds such as psychology,
Bayesian inference methods, both in the social sciences [2, 8decision theory, risk assessment, and statistics [41]. Elici-
24,35,36] and irHCI [31,42]. Since these arguments have tation of expert priors is not easy, and is rarely completely
been discussed in detail in previous literature, we instead focusaccurate [22, 48]. Good elicitation techniques help researchers
on the role of priors in Bayesian inference, choice of prior represent their prior knowledge as probability distributions

types, and the effect of different elicitation techniques. which are coherent and, as much as possible, devoid of bias
_ o o and poor judgement [41]. Several characteristics of the elicita-
What is the role of priors in Bayesian inference? tion task can impact the quality of judgements.

Bayesian inference is a “reallocation of credibility across pos- i _ L o o
sibilities”, where the “possibilities” are parameters in a statisti- Number of variables involvecEliciting univariate distribu-

cal model [34]; it consists of declaring our initial assumptions tions is easier than multivariate distributions, where analysts
regarding the parameters as probability distributions (priors) N€ed to consider joint probabilities for all variables. People
and a likelihood function, and using the observed data to up-€xhibit systematic bias when making joint probability assess-

date these probability distributions (posteriors). ments [41]. In our study, we present a generalised linear model
with two parameters: intercept and mean difference. This is

When large samples of data have been collected, and Whe;berhaps the most common parameterisation of such models.
the effects that are being estimated are large, the impact o

priors on the resulting inferences may not be high. However, Frequency framingAs shown by cognitive psychologists [20,
if the underlying effects or the sample size is small, prior 23], people often nd it easier to reason in frequency for-
distributions can have a critical effect on inferences [19]. Yet Mats (e.g. 10-in-100 instead of 10%) or in the form of
the choice of a prior for a Bayesian analysis is not always clear, discrete outcomes. 1 Cl, frequency formats, discrete

and guidance in how to do so in a principled way varies. outcome and probability representations have been applied
to improve inferences and decision making from visualiza-
What are the different kinds of prior distributions? tions [11,21, 25, 26, 30, 32, 33].

One categorization of prior types in the literature usésr-

; : : : Graphical vs textual elicitation Textual elicitation, which
mativeness$o describe priors (Figure 1):

is common, can involve asking an expert for median, and

Objective or non-informative prioraffect information in ~ lower and upper quartiles of a distribution [41]. Often more
the likelihood as weakly as possible; often these are at, quantiles are elicited, and a parametric probability density
improper priors or bounded, uniform priors. function is tted to the estimates. However, Goldstein et

) ) ) ) ) al. [21] show that graphical interfaces—asking users to draw a
Weakly informative priorare proper priors which are set  histogram—can be substantially more accurate than quantile-
up so that the information they provide are intentionally pased methods [38] at eliciting univariate probability distribu-
weaker than whatever actual prior knowledge is available; tions. Several studies iHCI have explored different graphical
that is, these priors do not take full advantage of domain techniques for eliciting prior beliefs from Turkers, either to pro-
speci ¢ information [18, 46]. These priors try to regularise  mote Bayesian reasoning or do Bayesian modeling [32, 33, 49].
inferences which are unlikely based on domain knowledge kim et al. [33] found that certain graphical elicitation tech-
or experiment design. Hence, if the data is suf ciently njques improved Turkers' Bayesian reasoning when presented
informative, the likelihood will dominate in the posterior, wjith new information. This suggests that asking users to rep-
but if the data is weak, a weakly informative prior will  resent their prior beliefs as visualizations can improve the
in uence the posterior. quality of elicitation.

Informative priorsrepresent all available relevant informa-  1jn the elicitation literature, the “expert' is the person whose knowl-
tion about the problem known before seeing the data. edge is to be elicited; we use “user' and “expert' interchangeably.




Figure 1. Information that may be taken into account when different levels of priors are de ned. We compare some of the normative levels of priors
with what priors participants in our studies have chosen.

METHOD elicited prior. We then investigated these issues more deeply

To perform a descriptive analysis of the prior-setting process with speci ¢ participants in the interviews.

Vr;']% deelllcil;[] ;tJergr Silsg;g;gg?jd{g;-pgrzg:\?éerz :J Z sé?tgt'i%?é r_In both studies, we presented participants with the same model

views. Through tFr)1e survey we Wanted toyelicit riors for the and experiment design. We wanted to probe Speci ¢ issues
¥ 9 Y P ommon in HCI and applied statistical analyses, such as typi-

described model, understand broad prior setting strategies, an . ; n ;
investigate how different visualisations of the prior affect the (gal GLM parameterisations and the impact of non-linear link



Figure 2. Different types of visualizations used for prior elicitation

functions. Allowing participants to pick a model from their
own work (which we considered) would not guarantee their

chosen model would have these properties. Providing a com-

mon model was a compromise that allowed us to easily com-
pare priors and prior-setting strategies across patrticipants, with
some reduction in ecological validity. To elicit priors, we
use three different interactive visualizations of the probabil-
ity density of the priors. All the materials used in this study,

data collected and analysis performed are available online at

https://osf.io/pzu9g/

Contextual information presented to participants
In both the studies, we presented participants with the design
of an experiment conducted by Jansen & Hornbaek [28]:

Jansen & Hornbaek performed an experiment to examine
the effect of different incidental power poses on risk-
taking behavior. They used the Balloon Analogous Risk
Task (BART), which is a standard test in Psychology, to
measure people's risk-taking behavior in the form of a
game. The task was administered through a digital in-
terface. The basic task in BART is to pump up a virtual
balloon using on-screen buttons. With each pump, the bal-
loon grows a bit and the player gains a point, which are
linked to monetary rewards — the more the players pump
up the balloons, the higher their payoff. The maximum
size of a balloon is reached after 128 pumps. The risk
is introduced through a random, uniformly distributed,
point of explosion for each balloon with the average and
median explosion point at 64 pumps. The optimal strat-
egy to maximise payoff is to perform 64 pumps. Each
participant repeats this 30 times.

We also provided participants with the results of a meta-
analysis of BART studies. Results from meta-analyses can
be relevant information that a researcher or analyst might use
during prior setting. Participants could use none, some or all
of this information while choosing their priors, depending on
how informed a prior they might wish to set.

A meta-analysis of 22 studies which used the BART task
found that the average number of pumps (averaged across

conditions) to vary between 24.60 to 44.10 (out of 128
total possible pumps), with a weighted standard devia-
tion of 5.93. This means that based on prior studies, on
average, participants in the BART task are most likely to
be risk-averse.

We also described the model to be used for data analysis:

The data will be analysed using a Poisson regression
model: the outcome variable will be the number of pumps
by the participant, and the predictor will be a (categori-
cal) dummy variable indicating which condition the par-
ticipantis in.

pumps Poissorl ;)
log(li)= a+b condition

where,condition has two levels: 0 for the constrictive
condition, and 1 for the expansive condition.

Interactive visualization and prior elicitation

We presented participants with interactive visualizations to aid

them in choosing a prior. We visualized the prior in three dif-
ferent waysparameter scale density visualizatioasponse
scale density visualizatioprior predictive density visualiza-
tion (see Figure 2). Although these three visualization types
are not exhaustivggarameter scale density visualizatiand
prior predictive density visualizatienare commonly used for
interpreting priors [13]. We have not come across examples
of the use ofesponse scale density visualizaspbut in our
example the transformation simply results in a log-normal or
log-t distribution with a natural interpretation on the response
scale.

We adopted and extended the technique used by Dragicevic

et al. [9] to create the interactive visualizations. We explore
a different form of elicitation to the techniques than the ones
discussed previously, where the user interacts with a widget
(Figure 4) to change the location and scale values of a Stu-
dent's t or a Gaussian distribution—two commonly used prior
distributions for parameters in generalised linear models; the
corresponding prior is visualized using three different rep-
resentations (Figure 2). We also provide, in text, the exact



location and scale values that the user has set. We chose thiand increase the chance that participants were from the target
elicitation interface because prior probability distributions are audience: users of Bayesian statistical modelling.

commonly parameterised using location (e.g. mean/median
and scale (e.g. standard deviation). The brms statistical mod)We received a total of 50 responses. All participants reported_
that they had previously conducted a statistical anaIyS|s inde

elling package [3] (an R package for specifying Bayesian

modgelg) for%xa[ngpge a||0\IIDVS thegspeci cgtior]:y ofgriorg with Pendently. Figure 3 shows reported levels of experience in

syntax Ifkenormal(O 1’) for a Gaussian prior with mean 0 different categories. Almost all participants indicated that they

and standard devi atibn 1, student t(3, 0, 1)  for a Stu- were moderate_: to extremely knowle_dgeal_ale with s_tat_istics and

dent's t distribution with 3 degrees of freedom, median 0, and 1€ US€ of statistical software of their choice; a majority of the
y ! participants indicated they were moderate to extremely knowl-

scale 1. Another R package for Bayesian statistical modelling, . . N .
rstanarm [40], follows a similar syntax. edgeable with Bayesian statistics. This suggests we were able
to sample from the desired audience.

Survey Analysis

As preregistered,we wanted to understand the information
that was considered while choosing priors and the broad prior
setting strategies used, through exploratory and descriptive
analysis of the data. Hence, any ndings from this analysis
should be interpreted qualitatively.

Stimuli

The survey was a controlled study with three pages. Visual-
ization type was manipulated between subjettsThe rst
page 6nboarding paggintroduced participants to the hypo-
thetical experiment design, information from previous studies,
and the statistical model; it then introduced participants to the Our analysis method is informed by grounded theory [6]; once
interactive visualizations. Participants had to choose priors for the data collection for the survey was completed, the rst
both the parameters in the modal:andb. For each parame- author used open coding to identify major categories in the
ter, participants were shown two visualizations (normal and data (responses to the free text questions). Whenever the rst
Student's t) and were encouraged to explore the visualizationsauthor was unsure about coding a response, the second author
before proceeding to the second page. was consulted and the code was discussed until it was resolved;
if the response was vague or ambiguous such that neither au-
thor could generate a code for it, it was left uncoded. We then
clustered the generated codes to identify high-level themes and
categories: speci callystrategiesdescribed by participants
'and theconsequencesf those strategies (the elicited prior
distributions).

The second pagel(citation page presented participants with
two interactive visualizations (one for each parameter) and
ashow descriptioutton which expanded a collapsible text
container repeating information about the experiment design
previous studies, and the statistical model. On this page, par
ticipants set their choice of priors for both the parameters
in the modela andb. For each parameter, they could tog-
gle between the Student's t or normal distributions using a
drop-down menu.

Interviews

Procedure and Stimuli

We conducted follow-up interviews with nine survey partici-
The third and nal page consisted of eleven elds, of which pants. We followed a semi-structured interview protocol which
one was optional. We asked participants to report if they have
ever completed a statistical analysis in the past, what statistical NttPs//aspredicted.org/aw2py.pdf
software they usually use, their knowledge of this software,

their con dence in their choice of priors, and their knowledge

of statistics and of Bayesian statistics. We asked participants

to describe the strategy used to set the priors, and how they

perceived their priors would affect the model. We used these

free textual responses and the elicited prior distributions to

examine the broad strategies that researchers might be using

to specify prior distributions.

Participants

We recruited participants through convenience sampling. Both
the authors used Twitter to send out links to the survey (one
author maintains software for the visualization of Bayesian
results and has a number of followers on Twitter who reg-
ularly use Bayesian modelling). We also posted the link to
the Transparent Statistics in HCI Slack charhéle did not
compensate participants for participation to ensure that partic-
ipants were not scally motivated to participate in our survey

2surveys used in the study can be found in the supplementary materi-
als
3https://tranSparentstatistics,org/ Figure 3. Experience levels of the participants



varied based on participants' responses. First, we provided anthe rst author used open coding to generate codes from the
overview of the study to the participants. We requested partici- transcript. The two authors discussed the codes until any dis-
pants share their screen and acquired consent for participatiorcrepancies were resolved. The rst author used these codes to
and audio/screen recording. To create a basis for discussionnd thematic clusters of decision-making strategies, rationales,
we created a three-page HTML document for each participant and information considered. This was done iteratively until
to look at during the interview, and shared an online link to it, we reached a point of inductive thematic saturation [45,47]:
requesting participants to open the link. the point when no “new” theoretical insights can be gained
from the data [45]. The high-level themes were then discussed

The st page was the same as the the elicitation page of theby both authors and insights from this process were identi ed.

survey, showing the same visualizations that participants were
shown in the survey. It indicated what prior that participant
had set in the survey. This allowed a starting point for the
participant to re-acquaint themselves with the visualization Effect of different visualization conditions

and their elicited prior. We prompted patrticipants to think Figure 4 presents the priors elicited from the participants in
aloud while they were interacting with the visualizations and our survey for each condition. Although there appears to be a
asked them to walk us through the decisions which led them lot of variation in the priors within each condition, we do not
to their choice of prior (that they chose in the survey). see any substantial differences between conditions. Similarly,

The second page consisted of the three different interactive, - analysed the location and scale values (not shown) chosen
. econd pag : by participants and found these to be similar across conditions.
visualizations for the mean difference paramederHere, we

introduced participants to the two types of visualizations that “Weakly informative” means many different things
they had not seen in the survey. Participants were asked tOThe normative advice from some prominent Bayesian re-

interact with these visualizations and to describe how they searchers [18, 19, 46] for choosing priors is to choose “weakl
would choose a prior distribution far using each of the two . . P . g priors . y
informative priors”. While some patrticipants in our survey

visualizations. Participants were also asked to compare the'rhave explicitly stated that they tried to select weakly infor-

prior setting process under the different visualizations, and to : : ; . .
describe what information they used (or might want to use) mative priors, several others (_jescnbed strategies that we in-
terpreted as closely resembling those for settingeakly

when setting their priors. informative prior For example:

RESULTS: SURVEY

The third page consisted of the three interactive visualizations
for the mean difference parametbr, As in the second page,
participants were introduced to the two visualizations that
were unfamiliar and asked to describe how they would choose
a prior distribution forb using the two new visualizations.

chose prior for intercept to eliminate density at large num-
ber of pumps [...] since | know the balloon will pop be-
fore hitting 100 pumpgPrior chosen foa: student_t
(3.92,0.21) inresponse scale density visualization]

Scale of priors was chosen to exclude values greater than
Analysis 128, with most likely values between 0 and ¢Rrior
We transcribed the interviews using a professional service. chosen fora: normal(3.52,0.89) in prior predictive
We followed a similar analysis process to that of the survey: density visualization]

Figure 4. Probability densities of the priors speci ed by participants in our survey



Based on these descriptions, we coded that 44% (N = 22) ofWhile one participant applying a “weakly informative” ap-
participants tried to select a weakly informative prior &or proach chose the smallest value for the scale parameter possi-
(the intercept parameter), while 52% (N = 26) tried to select a ble using our elicitation interface (0.2), at least ve (out of 26)
weakly informative prior fob (mean difference parameter).  people chose the largest value for the scale parameter possible

One way to interpret Gelman's de nition of weakly infor- using our elicitation interface (1.0) (Figure 5E).

mative priors is that such priors should minimize the prior This indicates that although the notion of weakly informative
probability for theoretically impossible values, which in the priors is quite popular, there may be quite different interpreta-
scenario presented to participants are values greater than 128ons of how to implement such priors in practice. As can be
Hence, we calculate the prior predictive probability mass out- seen from Figure 5D, several of the elicited prior distributions
side the interval [0, 128] by integrating the probability density are assigning substantial probability density at effec® obr
function for the Poisson process over all possible values of the1=3 in the test condition over the control condition. This may
a parameter (see the supplementary materials for details). Wesimply be because analysts have different prior expectations of
nd that the “weakly informative priors” chosen by 68% (15/ what effect sizes to expect in this context. On the other hand,
22) of the participants allocated less than 5% prior predictive it may represent misinterpretations of the meaning of effect
probability for values greater than 128 (Figures 5B and 5C). sizes on a log scale—from our data it is hard to say. What
However, some of the elicited priors may allocate little or no is clear is that the operationalization of “weakly informative
density at large values, and hence might be considered to beprior”, particularly for this kind of difference parameter, is not
informative rather than weakly informative. consistent across the analysts who participated in our survey.

Since most priors elicited for the mean difference parameters
were centered around zero (no difference between the twoRESULTS: INTERVIEWS
conditions), we compared the values of the scale paramete
(Figures 5D & 5E). We nd that the “weakly informative” pri-
ors chosen by participants encompassed the entire possibl
spectrum of scale values, indicating many different interpreta-
tions of the notion ofveakly informative priors

rPhilosophy & experience determine the prior

gesearchers can specify prior distributions at different levels
of informativeness [14, 46]. Since participants in our study
had to specify a proper prior, they could not choose fully
“uninformative”, unbounded at distributions. Under those
setting a prior shape that is wide enough to leave the constraints, most participants’ elicited prior can be considered
data drive the posterior sampling, but not too wide as  either informative, weakly informative, or tending towards
to allow ridiculously absurd values[Prior chosen for uninformative.

b: student _t(-0.04,0.94) in response scale density

visualization] Participants' choice of informativeness level was in uenced

by their statistical ideology and past experience. Their choice

chose distributions that didn't give signi cant weight to of level also affected the extent to which they used the infor-

very implausible values[Prior chosen fob: normal mation (such as study design, properties of the BART task,

(0.06,0.23) inresponse scale density visualization] and meta-analysis results) that we presented to them. Broadly
speaking, participants fell into the following categories:

Figure 5. Probability densities of the priors we identi ed as being “Weakly informative”
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