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data, but its full potential has yet to be realized. Despite a generally positive tra-
jectory in research surrounding model development and assessment, far too little

attention has been given to prior specification.

. Default priors, a sub-class of non-informative prior distributions that are often

chosen without critical thought or evaluation, are commonly used in practice. We
believe the fear of being too ‘subjective’ has prevented many researchers from
using any prior information in their analyses despite the fact that defending prior

choice (informative or not) promotes good statistical practice.

. In this commentary, we provide an overview of how BDA is currently being used

in a random sample of articles, discuss implications for inference if current bad
practices continue, and highlight sub-fields where knowledge about the system
has improved inference and promoted good statistical practices through the care-

ful and justified use of informative priors.

. We hope to inspire a renewed discussion about the use of Bayesian priors in

Ecology with particular attention paid to specification and justification. We also
emphasize that all priors are the result of a subjective choice, and should be dis-
cussed in that way.

KEYWORDS

1 | INTRODUCTION

Bayesian data analysis (BDA) is now broadly acknowledged as an
invaluable tool for modelling ecological data because of its capa-
bility to easily account for hierarchical structure, as well as obser-
vation and process uncertainties inherent in ecological systems
(e.g. Cressie, Calder, Clark, Hoef, & Wikle, 2009; Dorazio, 2016;
Ellison, 2004; Hobbs & Hooten, 2015; Kéry & Royle, 2016).

Bayesian hierarchical models, good statistical practice, sensitivity analysis, subjective priors

Although popular, acceptance of BDA within ecology (and else-
where) has, in large part, been predicated on the ability to remain
‘objective’ through the use of ‘non-informative’ priors. Controversy
surrounding the use of ‘subjective’ (or, more appropriately named,
informative) priors (e.g. Lele & Dennis, 2009) has led to a nearly
universal adoption of using common ‘non-informative’ priors with-
out providing justification for this choice or performing a sensitivity

analysis (i.e. comparing posteriors created from different priors).
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TABLE 1 Types of prior distributions and our proposed definitions (Gelman et al., 2014). For brevity, we use ‘prior’ to refer to a ‘prior

distribution’
Types of priors Proposed definition

default

Commonly used non-informative priors that are often left unjustified by the user. Examples include, normal priors for

regression coefficients with variances as large as 1 x 10%, Uniform(0,1) on probabilities or proportions, and other ‘non-
informative’ priors used without justification in software tutorials (e.g. WinBugs manual)

vague, flat, diffuse

A non-informative prior that is used to reflect the prior knowledge that not much is known about the parameter

of interest, but is well justified and hyper-parameter values are set to reflect a reasonable range of values for the

parameter in the context of the problem.

Jeffreys'

A prior for a single-parameter that, when the parameter is transformed to a different scale (via a 1:1 transformation),

the resulting prior for the transformed parameter is exactly the same as the prior for the parameter on the original
scale. This approach was introduced by Jeffreys' (Jeffreys, 1946), and is often used to define a non-informative prior
for a single-parameter that is invariant to transformations, or scale-invariant

weakly informative

Often refers to prior distributions that are used to reflect a diluted (or scaled back) amount of knowledge about the

A type of weakly informative prior that is meant to constrain the parameter space to help with estimation of the

posterior distribution. Examples include N(0, 2 = 2) priors on logistic regression coefficients, and shrinkage priors

A prior that is carefully designed to reflect the current knowledge (and uncertainty) of the parameter. By nature, this

A prior distribution that has the same distributional form as the posterior distribution. A common example, is the Beta-

Binomial, a beta prior on the parameter for probability of ‘success’ combined with a Binomial likelihood leads to a beta

Priors for continuous parameters can be proper or improper. A proper prior does not depend on data and integrates

parameters
regularizing
when the number of predictors is greater than the sample size (i.e. p > n problems)
informative
must be well justified and communicated to the reader
conjugate
posterior distribution
proper versus
improper

parameter can take on

We refer to this blind acceptance of certain priors as choosing de-
fault priors, and we believe this choice not only promotes poor sta-
tistical practice (see Gelman & Hennig, 2017), but has left the full
potential of the BDA framework unrealized in ecological applica-
tions (e.g. Morris, Vesk, McCarthy, Bunyavejchewin, & Baker, 2015).
The practice of choosing default priors is different from choosing
non-informative or weakly informative priors by carefully consid-
ering the context of the problem and explaining the decision to use
such priors. For clarity, we provide definitions for the types of pri-
ors we consider in Table 1.

In this commentary, we provide an overview of how BDA is cur-
rently being used, highlight sub-fields where knowledge about the
system has improved inference through the careful and justified
use of informative priors, and discuss implications for inference if
current bad practices continue. We hope to inspire a renewed dis-
cussion about the use of BDA in Ecology with particular attention
paid to the decision of which priors to use in an analysis.

2 | BDAIN ECOLOGY

Despite early criticisms of BDA by ecologists (e.g. Dennis, 1996), most
practitioners agree that specification of a reasonable model that ap-
proximates the true data-generating process is central to any statistical
analysis. Then, the distinguishing characteristic of BDA from frequen-
tist approaches is the treatment of parameters as random variables,

which requires careful specification of probability distributions to

to 1 over the support of the parameter. An improper prior has a non-finite integral over the support of values the

reflect a priori knowledge about parameter uncertainty (i.e. choosing
the priors). In BDA, prior distributions are combined with observed
data through the likelihood to reflect updated a posteriori knowledge
in the form of posterior probability distributions for all model param-
eters (i.e. the posteriors). These three components are illustrated for
three different priors in a simple Bayesian model in Figure 1, and a
full description of the model is provided in Box 1. There are multiple
textbooks providing comprehensive treatments of BDA specifically fo-
cused on ecological applications (e.g. Hobbs & Hooten, 2015; Kéry &
Royle, 2016; Link & Barker, 2010; Royle & Dorazio, 2008), and although
the potential advantages of using prior knowledge are discussed (even
at length in some of the more recent texts), it seems the use of default
priors is far more common in practice.

To begin to understand how priors are currently used in ecologi-
cal research, we conducted a Web-of-Science search within a subset
of Ecology journals. Rather than attempting to develop a sampling
frame that encompassed all application papers, we focused our
search on journals where we commonly see Bayesian methods ap-
plied to ecological data (see Supplement S1 for details about search
criteria, our review process and citations). We focused on published
articles with ‘Bayesian model’ or ‘Bayesian hierarchical model’
in the abstract or keywords. Our search resulted in 238 articles,
from which we randomly selected 15 to review. Of the 15 articles
selected, there were 12 that were application based. The majority
of the applied papers (9 of 12) used default priors with ‘standard/
pre-set’ hyper-parameter values for all parameters in their analy-

ses; the remaining three papers used prior information to adjust
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BOX 1 A Beta-Binomial example

Problem description: Consider an ecological random variable that takes on one of two outcomes (i.e. a success/failure outcome
variable). For example, let X be the detection of a species on a single visit to a sample unit within a region of interest, where x = 1 if
the species is detected and x = O if not; or the survival of a particular individual in a population from year 1 to year 2, where x = 1
if the individual survives and x = O if not. Then, let Y be the total number of successes from a collection of n trials of one of the X
variables (e.g. the total number of detections from n sample units). If it is reasonable to model the n trials as independent with a
constant probability of success, 6, then Y can be modeled with a Binomial(n, 0) distribution. There are three major components to a
Bayesian analysis of these data, each are described in detail below; this type of model is commonly referred to as the Beta-Binomial
model. Terms associated with definitions in Table 1 are italicized.

e The prior distribution: Knowledge about ¢ before data are collected is expressed through a probability distribution called the prior.
The conjugate family of distributions for 0 are the beta(a, ) distributions, which have support from 0 to 1 and are very flexible in
shape (dashed lines in Figure 1); although any characterization of knowledge for @ that is positive on (0, 1) and integrates to 1 is a
proper prior distribution for 6.

e The model likelihood: The likelihood function describes how ‘likely’ each value of @ is, given the data. So, once data are observed,
the likelihood for 6 can be plotted for the observation that y successes were seen in the sample on n trials (solid line in Figure 1).

o The posterior distribution: The result of updating the prior with the likelihood is the posterior distribution. In this case, it is a
beta(a* =y + a, p* = n -y + ) distribution, where the hyper-parameter values chosen for a and g in the prior distribution have the
practical interpretation of being an expectation of the number of additional successes and failures, respectively.

== Likelihood
== Prior
= = Posterior

\_———_

FIGURE 1 A graphicalillustration of a Beta-Binomial model (see description in Box 1) with three different choices of priors.
Left to right, non-informative uniform prior, scale-invariant Jeffreys' prior, and highly informative prior. Note that the densities were
scaled to aid in the visualization

An illustration of how three different choices of a prior distribution affects the posterior distribution in a Beta-Binomial model
is shown in Figure 1. For all three models, it is assumed that y = 9 ‘successes’ (e.g. detections or survivals) were observed inn = 12
trials. That is, the Binomial(n = 12, 0) liklelihood is displayed for an observed value of y = 9. The three different priors considered,
shown from left to right, are a flat uniform prior (a = g = 1), a Jeffreys' prior that results in the same beta distribution (« = g = 0.5, see
Section 3) for any 1:1 function of 9, and an extremely informative prior that is inconsistent with the observed data (a = 2, # = 9). The
informative prior distribution effectively adds 11 trials to the ‘experiment,’ of which only two were ‘successes’, and thus has a strong
influence on the posterior distribution as compared to the non-informative priors that add just one or two hypothetical observations
to the data. The extent to which the posterior distribution is influenced by the specific choice of prior distribution is a function of
its shape and the amount of information contained in the prior with respect to that contained in the data (e.g. the size of a and g
compared to n in the Beta-Binomial model).

hyper-parameter values for at least one of their model parameters, In two of the papers using informative priors, authors provided
along with vague or reasonably justified non-informative priors for clear justifications for their choice of hyper-parameters; and in

others. one paper, a discussion of the sensitivity analysis performed was
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provided in Supplement S1. In the nine articles using default or
non-informative priors, authors provided varying levels of justifica-
tion for their choices—few provided clear and thorough explanations
(two papers), some provided no explanation at all (three papers), and
the remaining four papers fell somewhere in between. Only two of
these nine papers contained evidence of conducting a form of sen-
sitivity analysis. Although our sample of papers contained a wide set
of model types, a common theme emerged; discussions surrounding
prior specification were all-around insufficient, and noticeably the

most deficient when default priors were used (Table 1).

2.1 | Thegood

If the inherent subjectivity surrounding choosing a prior distri-
bution to carry out a Bayesian analysis is more broadly acknowl-
edged, and if practitioners adopt the practice of justifying their
use of any type of prior (just like what is done for other modelling
decisions), then we expect the stigma surrounding the use of in-
formative priors to lessen. The ‘classic’ informative prior distribu-
tion is formulated based on results from related empirical studies
(Dupuis & Joachim, 2006; Ellison, 2004) or pilot data that were
collected to inform sample sizes and study design (Morris, Vesk,
& McCarthy, 2013). In long-term monitoring, if there is a gap in
the time series related to limited resources or changes in agency
priorities, the posterior distributions based on analysing the first
period of data collection can be used as empirically informed prior
distributions when analysing the second time period of data. For
example, in Rodhouse et al. (2019), a dynamic occupancy model
with spatially explicit predictors (e.g. elevation, per cent for-
est cover) was used to assess evidence of change in bat popula-
tions. The posterior mean and standard deviation of the partial
regression coefficients from previously published results were
used as the mean and standard deviation (hyper-parameter val-
ues) in the normal priors for the same predictors in the analysis
of the second phase of monitoring. Alternatively, in the absence
of empirical data, expert opinions can be elicited, where methods
for elicitation are discussed in Martin, Kuhnert, Mengersen, and
Possingham (2005) and Kuhnert, Martin, and Griths (2010), among
others. Several ecological studies have shown that using prior in-
formation can increase estimator precision without compromising
accuracy (Morris et al., 2015), ultimately leading to larger effective
sample sizes and saved resources.

Several authors propose employing Bayesian decision analy-
sis for natural resource management and conservation (Dorazio &
Johnson, 2003; Wade, 2000; Williams & Hooten, 2016). Decision
analysis hinges on identifying an appropriate loss function that
marries the potential actions based on estimated ecological param-
eters (e.g. population size or annual trend) with the potential con-
sequences under the various management actions (Wade, 2000;
Williams & Hooten, 2016). However, most applications of adap-
tive management (e.g. Canessa et al.,, 2015; McDonald-Madden
et al.,, 2010; Runge, Converse, & Lyons, 2011) fall short of a fully

Bayesian approach because prior distributions were not used to
reflect uncertainty about ecological parameters. Employing a fully
Bayesian analysis though, would allow for sequential updating of
the posterior distribution for the ecological parameters of interest
encouraging ‘learning while doing’ as proposed for adaptive manage-
ment (Nichols, 1991).

Many argue Bayesian hierarchical models are essential for ecol-
ogy because they allow for complexity and explicit consideration of
the fact that the field measurement (e.g. a species counts) is one layer
removed from the ecological parameter of interest (e.g. population
size). The most common examples are occupancy models that ex-
plicitly link the detection or observation process conditional on the
partially observed, yet of interest, occupancy or occurrence state.
Researchers have continued to advance occupancy and count mod-
els by allowing for false positives and multiple species (e.g. Chambert
et al., 2018; Wright, Irvine, Almberg, & Litt, 2019). However, the in-
crease in model complexity has required the use of regularizing pri-
ors or informative priors based on calibration datasets to assist with
parameter identifiability issues. An interesting conundrum that, for
now, is only solved by using informative priors is that the statisticians
advancing the model options tend to be out in front of the practi-
tioners collecting the data. The gap has created a time lag for imple-
mentation as the community of practice institutionalizes the need to
change field protocols to gather additional information to fuel more
complex, yet improved, statistical models.

An underutilized potential of informative priors is as a social sci-
ence tool to build consensus among stakeholders regarding how a
system may respond to a management action. For example, a study
on how logging in the rain forest impacts birds and small mammals
used priors elicited from differing perspectives on the effect size
and then used data to update the prior beliefs (Crome, Thomas, &
Moore, 1996). The comparison among posterior distributions under
divergent priors was then influential for reaching consensus on a
polarizing conservation issue. Advancements in Bayesian model
checking (e.g. Broms, Hooten, & Fitzpatrick, 2016; Conn, Johnson,
Williams, Melin, & Hooten, 2018) and visualization tools (e.g. Gabry,
Simpson, Vehtari, Betancourt, & Gelman, 2019) that aim to help
practitioners think both generatively (about consistency between
data generated by the system and from the prior), and predictively
(about consistency between data generated from the posterior pre-
dictive distribution and those from the system) have paved the way
for the transparent use of priors in general, and of informative priors
when they are appropriate.

2.2 | The bad

In the face of all of this potential, some bad practices still remain.
As evidenced in our sample of application papers, it appears there
is a misconception among some practitioners that all default pri-
ors remain non-informative regardless of how the parameter is
transformed in the model/likelihood. Invariance with respect to

transformations is often true for Jeffreys' priors (Jeffreys, 1946),
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but there are some cases (albeit somewhat unrealistic) where the
Jeffreys' prior does not remain non-informative (i.e. Tuyl, Gerlach,
& Mengersen, 2012, Beta-Binomial models when the observed data
are all successes or all failures). As a simple example, we show how
the Normal(0, 6°) prior commonly placed on partial regression coef-
ficients in logit-linear regression and occupancy models can be quite
informative on the probability scale (Figure 2). The degree to which
the ‘U’-shaped prior influences the posterior distribution is problem-
specific, but one thing is clear from this simple example: normal
priors with very large variances on partial regression coefficients in
logit-linear models likely do not achieve the shape intended by the
practitioner on the probability scale (see Seaman Ill, Seaman Jr., &
Stamey, 2012). This emphasizes the importance of conducting sen-
sitivity analyses to assess implications for final inference. Northrup
and Gerber (2018) highlight this unintended consequence for oc-
cupancy models and provide an r (R Core Team, 2018) Shiny App
for running sensitivity analyses for occupancy models (https://brian
gerber.shinyapps.io/OccupancyPrior/).

Similarly, Link (2013) demonstrates how the improper uniform
prior, which is used with binomial count (N) models, can result in
biased abundance estimates, and suggests an alternative yet still
non-informative prior. For both types of models, when sample sizes
are small or the detection probability is low, bias in ecological pa-
rameters of interest is more pronounced; this is extremely unfortu-
nate because these are the common scenarios where researchers
are often particularly careful about letting the data ‘speak for them-
selves’. When the scale of interest is a status (and/or trend) indicator,
this ostensibly good practice can lead to misinformed management
and/or conservation decisions about the species of concern.

Another place where default priors can have pathological prop-
erties is in the context of model selection or combination (hereafter
multimodel inference, or MMI). In a MMI framework, inference is con-

ditional on all models in a model set rather than on a single model,

0
o — N(0, 10,000)
— N(0, 100)
— = N(0,9)
2 --- N(0,2)
9
N NN
sl N Semre e -
o
o
2
T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0

Probability scale

FIGURE 2 Five-thousand realizations of 4, drawn from its
prior distribution N(O, 02), where ¢ = 100, 10, 3 or 1.41, then
back-transformed to the probability scale using the inverse-logit
function, y = 1:{2%, and plotted using the density function between
0 and 1. The likelihood assumed is a naive constant probability
model, logit(w) = B, but is illustrative of what occurs with more
complex logit-linear models (see Northrup & Gerber, 2018; Seaman

Il etal., 2012)

which holds the appeal of addressing one type of model uncertainty
but does not eliminate model uncertainty from a problem all together.
To conduct Bayesian MM, priors must be specified for the model set,
and for all parameters in each model. The prior on the model set is
categorical; each model is assigned a probability such that, together,
the probabilities sum to one. The result is then a jointly estimated pos-
terior for the model set, in the form of posterior model probabilities,
and all parameters in each model. When improper or default priors
with extremely large variance terms are used for partial regression
coefficients in all subsets regression, the posterior model probabilities
are largely influenced by Bayes factors favouring the simplest hypoth-
esis even when the data say otherwise (see Kass & Raftery, 1995; Kass
& Wasserman, 1995). This issue is discussed at length in the statis-
tical literature (e.g. Consonni, Fouskakis, Liseo, & Ntzoufras, 2018;
Kass & Raftery, 1995; Kass & Wasserman, 1995), and see Hooten and
Hobbs (2015) for a comprehensive review of Bayesian model selec-
tion and regularization, and Link and Barker (2006) for a discussion
of MM, both in the context of ecological applications. Other aspects
of MMI, specifically certain applications of model averaging, raise
complications related to practical implications for inference (i.e. in-
terpretations) and are beyond the scope of this paper, but are treated
elsewhere (see Banner & Higgs, 2017; Cade, 2015).

Lastly, common to both the single-model and multimodel frame-
works, default priors tend to have unexpected effects on the poste-
rior distribution when variances of normal priors or ranges of uniform
priors are set to unrealistically large values (e.g. Uniform(0, 1.0E6) on
a standard deviation or Normal(0, &> = 1.0E6) on a partial regression
coefficient). We suspect this practice resulted from practitioners fol-
lowing early accessible examples of prior specification and then all sub-
sequent applications followed suit without question, as did we in the
beginning. For example, in the WinBUGS manual example for a normal
hierarchical model implementation of a random effects growth curve
model, the prior specification for the intercept, mean hyper-parameter
was Normal(O, 62= 1.0E-6). Further, in one of the first textbooks using
this software, a multivariate normal prior on the regression coefficients
for normal regression models was specified as Normal(O, 62 =1.0E-4;
Ntzoufras, 2009). Currently, statisticians are aggressively questioning
these choices and developing ways to deal with the usual high dimen-
sionality of regression problems through regularizing priors for regres-
sion coefficients (see Hooten & Hobbs, 2015, for ecology-specific
examples) and tree shrinkage priors (Hefley, Zhang, Gray, & Bouska,
2020).

2.3 | The not great

The ugly truth is that oftentimes default priors with little to no
thought about hyper-parameter values are used in place of thinking
critically about what is known about the system under study and
justifying why priors make sense for the problem at hand—including
assessing how prior choice affects inference. It is easy to say, ‘we
used non-informative priors on X, Y, and Z, but that is ‘not great’

statistical practice. Further, itis not much harder to justify reasonable
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hyper-parameter values that reflect current scientific understand-
ing. For example, to define a prior on a latent state variable for body
size, a prior that only places positive probability on body size inter-
vals that are >0 should be used (e.g. a gamma, or a normal centred
at a positive value with reasonable variance term), and a default
N(O, 10E-6) does not make much sense. Known information about
how the body sizes are distributed could help researchers choose
a reasonably shaped population distribution for the body sizes (e.g.
a gamma if the body sizes are expected to be right skewed and a
normal if they are expected to be symmetric). Finally, additional in-
formation about the expected value, range, or variance of the body
size distribution could help determine sensible hyper-parameter val-
ues. If nothing is known, a uniform(0, 6), where 0 is chosen to be
close to the largest possible value for the species could be sensible.
As discussed in Section 2.2, the practice of blindly choosing default
priors for common ecological models can ultimately result in poor
conservation and management decisions for species of interest or
concern. Fortunately, this is something that can change. Resources
exist to make sensitivity analyses and model assessment standard
components to any Bayesian analysis (e.g. Broms et al., 2016; Conn
et al., 2018; Hobbs & Hooten, 2015; Link & Barker, 2010; Northrup
& Gerber, 2018, among many others). The time is now to change the

culture and make it inexcusable to take the easy way out.

3 | DISCUSSION

A strength of the Bayesian framework is that it is inherently sub-
jective, requiring the choice and justification of a prior, regardless
of the type of prior chosen (i.e. default, regularizing, weakly in-
formative, informative). The choice to reflect ‘no knowledge’ using
a non-informative prior is itself a subjective practice. We believe
that ‘subjective’ Bayesian analysis should no longer be used in a pe-
jorative sense or be a risky proposition. It is clear that the choice of
‘no knowledge’ using non-informative priors is at least as risky and
often less transparent than thoughtful use of subjectively informed
priors. There are cases where little prior knowledge exists regarding
the parameter space for quantities of interest, but it is imperative
that this is clearly stated and that care is taken to assess how the
‘lack of information’ in the prior affects the posteriors for ecological
parameters of interest (which could be on a different scale than the
prior). Further, rather than using default priors with pre-set hyper-
parameter values (that can be ludicrous), it is important to think
hard about the system and constrain prior distributions to give high
density to values that make sense and low density to those that do
not. Tools and guidelines exist to make this process more accessi-
ble to practitioners (e.g. Gabry et al., 2019; Hobbs & Hooten, 2015;
Northrup & Gerber, 2018), and it is essential they start being used
more consistently.

Potentially even more concerning is that there are many appli-
cations where the full potential of BDA is not being realized such
as, long-term monitoring and adaptive management applications.

The Bayesian approach is not just an ‘easier way to fit hierarchical

models’, but a powerful framework providing the potential to in-
corporate the full scientific thought process into an analysis. In
the context of monitoring, it is arguably never the case that ab-
solutely nothing is known about model parameters with ecological
importance before designing and conducting a full-scale study and
even more-so as a program is refined over time. Thus, when default
priors are used without careful consideration the opportunity to
(a) hypothesize/predict, (b) study/experiment, (c) analyse data, (d)
rinse-and-repeat applying what was learned, is squandered (Hobbs
& Hooten, 2015; Morris et al., 2013, 2015). This can have grave
consequences for monitoring rare, elusive, sensitive, or endan-
gered species.

Additionally, although not our primary focus, a surprising result
from our literature search was insufficient discussion of model assess-
ment in almost all of the application papers in our sample. Because of
this, we feel it is worth pointing out the growing body of references
that provide guidelines for assessing common ecological models. For
example, Broms et al. (2016) provides a prime example of how to con-
duct a Bayesian analysis start-to-finish for multi-species occupancy
models, providing tools for within-sample and out-of-sample model
assessment; Wright, Irvine, and Higgs (2019) provides diagnostic plots
for residuals from occupancy models; and finally, a more general treat-
ment of the subject can be found in Conn et al. (2018) as well as text-
books specific to BDA in Ecology (e.g. Hobbs & Hooten, 2015).

In conclusion, we echo the sentiments in Gelman and Hennig
(2017) that the inherent subjectivity of BDA (whether priors are
informative or not) leads to transparency in methods. Specifically,
the prior specification step requires a thorough understanding and
acknowledgment of the implicit assumptions the prior makes about
the system under study, how that information affects the posterior
distribution (i.e. sensitivity analysis), and transparent communication
to potential consumers of the results. This practice requires practi-
tioners to make tough decisions and think critically; it is something
that already exists when informative priors are used (e.g. Morris
etal., 2013, 2015; Rodhouse et al., 2019), and should be extended to
all priors due to their inherent subjectivity.
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