
OIKOS 88: 273–281. Copenhagen 2000

Bayesian meta-analysis of demographic parameters in three small,
temperate passerines

Jarle Tufto, Bernt-Erik Sæther, Steinar Engen, Peter Arcese, Kurt Jerstad, Ole Wiggo Røstad and
James N. M. Smith

Tufto, J., Sæther, B.-E., Engen, S., Arcese, P., Jerstad, K., Røstad, O. W. and Smith,
J. N. M. 2000. Bayesian meta-analysis of demographic parameters in three small,
temperate passerines. – Oikos 88: 273–281.

Accurate estimates of population parameters are vital for estimating extinction risk.
Such parameters, however, are typically not available for threatened populations. We
used a recently developed software tool based on Markov Chain Monte Carlo
methods for carrying out Bayesian inference (the BUGS package) to estimate four
demographic parameters; the intrinsic growth rate, the strength of density depen-
dence, and the demographic and environmental variance, in three species of small
temperate passerines from two sets of time series data taken from a dipper and a song
sparrow population, and from previously obtained frequentist estimates of the same
parameters in the great tit. By simultaneously modeling variation in these demo-
graphic parameters across species and using the resulting distributions as priors in the
estimation for individual species, we improve the estimates for each individual
species. This framework also allows us to make probabilistic statements about
plausible parameter values for small passerines temperate birds in general which is
often critically needed in management of species for which little or no data are
available. We also discuss how our work relates to recently developed theory on
dynamic stochastic population models, and finally note some important differences
between frequentist and Bayesian methods.
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Stochastic population dynamic models have recently
received increased attention among ecologists since the
pioneering work of May (1973, 1974). One reason for
this popularity is the need for quantitative assessment
of risks in several areas of applied ecology. Both demo-
graphic and environmental stochasticity (see Engen et
al. 1998) are likely to influence estimates of minimum
size of viable populations of threatened or endangered
species (Goodman 1987, Dennis et al. 1991, Lande

1993, Lande et al. 1998) and the population dynamical
consequences of habitat fragmentation (Lande et al.
1998). Furthermore, consideration of stochastic fluctua-
tions in the environment should strongly influence the
choice of strategies for a sustainable harvest (Lande et
al. 1997).

In order to apply stochastic models in decision-mak-
ing, knowledge about plausible parameter values must
be inferred from data using statistical methods. The
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classical frequentist school of statistics is based on the
premise that probability only can be defined as the
long run frequency of an outcome in repeated realiza-
tions of a ‘random experiment’. According to the fre-
quentist point of view, one is not allowed to make
statements about the probability of different alterna-
tive hypotheses, because different hypotheses are not
the outcomes of a random experiment. For a given
model specifying the probability distribution of the
data X, P(X �u), a frequentist estimates the parameters
of the model by constructing an estimator u. , being
some function u. = f(X) of the data. The relative per-
formances of different estimators are then judged by
their sampling distributions. No general principle,
however, for constructing a ‘best’ estimator exists. In-
stead, one has to choose between a number of differ-
ent criteria based on minimizing the bias or variance
of the estimator, or one relies on asymptotic theory
to justify the use of maximum-likelihood estimators.

Within the Bayesian school of thought, probability
is defined very differently as a quantitative representa-
tion of the observer’s degree of belief in different hy-
potheses (say, different parameter values) (see e.g.
Jeffreys 1961), given the observer’s present state of
knowledge. Upon observing new data, these probabil-
ities are updated according to the laws of probability,
via Bayes theorem

P(u�X)8P(X �u)P(u), (1)

resulting in a posterior probability distribution P(u�X)
for the parameter vector u, given the observed data.
This probability distribution is, in contrast to the fre-
quentist sampling distribution of an estimator,
straightforward to incorporate in decision analysis
(see e.g. Berger 1985, Ellison 1996, Ludwig 1996,
Taylor et al. 1996, Hilborn and Mangel 1997); once a
utility function is chosen to represent one’s prefer-
ences (or society’s preferences), choosing the optimal
action is a simple matter of determining which action
has the highest expected utility. Carrying out
Bayesian inference for complex realistic models of
ecological processes is now also becoming feasible in
practice (Best et al. 1996, Gilks et al. 1996a). A key
advance is that numerical Markov Chain Monte
Carlo simulations can be used to compute the poste-
rior distribution. Modern statistical software such as
the BUGS package makes this task relatively simple.

In this paper, we use these new tools to estimate
several demographic parameters; the growth rate, the
strength of density dependence, and the demographic
and environmental variance, in three passerine spe-
cies. As noted by Sæther et al. (1998), even when
relatively long time series are available, the uncer-
tainty of estimates of especially the environmental
variance can still become quite large. Here we intro-

duce a Bayesian framework that allows prior knowl-
edge that may be available to be incorporated in the
analysis which improves the precision of the esti-
mates. Such an approach may be particularly useful
in the management of threatened or endangered spe-
cies, where good long-term data are rarely available.
The approach we use is to create a hierarchical model
in which we model variation in the demographic
parameters on the level of general small temperate
passerines. We then let the resulting distribution
simultaneously serve as the prior in the estimation of
the demographic parameters on the level of individual
species.

We use time series data from two species of birds;
the dipper (Cinclus cinclus) and the song sparrow
(Melospiza melodia), and in addition previous esti-
mates (Sæther et al. 1998) of demographic parameters
taken from a third passerine; the great tit (Pares ma-
jor).

Study populations

The dipper is a 60-g temperate passerine living in
close connection to running water. We studied the
species in Lygnavassdraget in southern Norway
(58°15%N 7°15%E) during a period of 20 yr (1978–
1997). Each year the population was thoroughly cen-
sused and a large proportion of the breeding adults
and their offspring were ringed. The conspicuous be-
haviour of the adults in the breeding season, espe-
cially in the mornings, and the relative restricted
availability of suitable breeding sites suggest that the
accuracy in the population estimates for this popula-
tion is high. The population size fluctuated from a
minimum of 54 pairs in 1982 to a maximum of 234
pairs in 1993, due to a combined effect of density
dependence and stochastic variation in winter climate
(Sæther et al. unpubl.).

The song sparrow was studied on Mandarte Island,
British Colombia during the period 1975 to 1997.
Mandarte island is a small (approximately 600×100
m) island situated in the Haro Strait, approximately
25 km from Victoria, British Columbia, Canada. All
individuals on the island are individually recognized
by a combination of a metal ring and 1–3 plastic
colour rings. For further details, see Arcese et al.
(1992). The time series of the dipper and song spar-
row population sizes are shown in Fig. 1.

We also include results from an analysis of the
fluctuations of the great tit population in Wytham
Wood during a 31-yr-long period 1960–1990 (Sæther
et al. 1998). A large proportion of the great tits in
Wytham Wood breed in nest boxes and many indi-
vidual birds are colour-ringed. For further descrip-
tion, see Sæther et al. (1998) and references therein.
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Fig. 1. Population sizes for the dipper and song sparrow
populations, Xt

(1) and Xt
(2). The number of immigrants entering

the dipper population is represented by the dotted line.

directed path starting from 6. The assumptions of the
model are then specified by assigning conditional prob-
ability distributions, given parental nodes, to each node
6. Prior probability distributions representing prior
knowledge that may be available are assigned to those
nodes in the graph without any parents. This defines
the full joint probability distribution of all observed
and unobserved quantities.

From this it follows that the distribution of all
unknown quantities conditioned on the observed data
can then be derived using Bayes theorem (1) (Spiegel-
halter et al. 1996). This distribution, the posterior, can
usually not be obtained analytically but can be com-
puted using Markov Chain Monte Carlo methods, for
instance, Gibbs sampling. This algorithm (which is the
method used internally by the BUGS package) pro-
ceeds by repeatedly simulating new values from the
distribution of each unobserved node in the graph
(represented by round boxes), conditioned on the cur-
rent state of neighbouring nodes. Data nodes (repre-
sented by square boxes in the graph) are held constant
throughout the entire simulation. The resulting multi-
variate Markov Chain can be shown to have the desired
posterior distribution as its stationary distribution (for
further details, see e.g. Gilks et al. 1996b). Thus, by
running this algorithm for a sufficient number of itera-
tions, the posterior distribution of any quantity in the
model can be computed with the desired accuracy.

The model

Population dynamic models for dippers and song
sparrows

The DAG for the whole model is given in Fig. 2. First
we consider the submodel defining the population dy-
namics of the dipper and song sparrow population for
which complete census data are available. These data
(for species i=1 and i=2) consist of counts of the
number of individuals Xt

(i) over periods of 20 and 24 yr
(see Fig. 1), respectively. In addition, counts of the
number of immigrants Mt that are new in the popula-
tion in year t are available for the dipper population.

The assumption we make, for the dipper population
i=1, is that the change in the log of the population size
Xt

(1), excluding new immigrants, conditional on the
state of the population at time t, is distributed as

log
�Xt+1

(1) −Mt+1

Xt
(1)

�
�N

�
r1−aiXt

(1), se,1
2 +

1
Xt

(1) sd,1
2 �

,
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and similarly, for the song sparrow population,

log
�Xt+1

(2)

Xt
(2)

�
�N

�
r2−a2Xt

(2), se,2
2 +

1
Xt

(2) sd,2
2 �

. (3)

Directed acyclic graphs

Before describing the details of our model, we first
introduce the concept of directed acyclic graphs
(DAGs) (Spiegelhalter et al. 1996), which provide a
convenient way of representing the qualitative relation-
ship between the different quantities in a model (Fig.
2). Each of these quantities, whether it is a data obser-
vation, an unknown parameter, or a missing observa-
tion, is represented by a node in the DAG, and these
nodes may be connected by directed links (arrows).
Any node with an arrow emanating from it pointing to
some particular node 6 is referred to as ‘parent’ of 6,
and ‘descendants’ of 6 are defined as those nodes on the

Fig. 2. Directed acyclic graph for the model. The arrows
represent prior conditional dependence between nodes. Ob-
served nodes are represented by square boxes and unknown
quantities by rounded boxes.
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This corresponds to the assumption often made in the
literature (e.g. Lande 1993) that the total variance of
the change in population size is equal to s2

e,iXt
(i)2+

s2
d,iXt

(i). This will generally be true if the demographic
and environmental variances are density independent,
and if there is no demographic covariance, as defined
by Engen et al. (1998).

Model assumptions (2) and (3) are represented by a
directed link from Xt

(i) to Xt+1
(i) in Fig. 2 and directed

links, to each node Xt
(i) from the nodes s2

e,i, s2
d,i, ri, and

ai representing the environmental and demographic
variance, the growth rate, and the strength of density
dependence in species i.

In addition, data on the reproductive success of
subsets of individual females in the populations each
year t are available. As noted by Sæther et al. (1998),
this allows much more precise estimation of the demo-
graphic variance, defined by Engen et al. (1998) as the
variance in reproductive contribution Rt,j to the next
generation among individuals j=1, 2, . . . , Xt. For sim-
plicity, in order to avoid complicated parametric mod-
eling of under-dispersed data, we will not carry out a
fully Bayesian analysis of the individually based data
here, but only incorporate the information in these data
provided by a frequentist estimate of s2

d,i. Following
Sæther et al. (1998), we use the mean s̄d,i

2 of sample
variances of Rt,j within each year and compute the
standard error SE(s̄d,i

2 ) of this estimator from the vari-
ance between years. To incorporate this information in
the overall inference we assume that the log of the
estimate, given the true unknown demographic vari-
ance, follows a normal distribution

log s̄d,i
2 �N(log sd,i

2 , Var(log s̄d,i
2 )). (4)

In fact, the distribution of the estimator given the true
parameter value is, apart from the exact distributional
form of the estimator, exactly what we know from the
frequentist analysis. Because it is the estimate s̄d,i

2 and
its standard error which is known, assumption (4) is
represented by two additionally observed, hence rectan-
gular nodes in Fig. 2.

The entire structure defined by eqs (2) to (4) is
repeated for species i=1 and i=2, and this is indicated
by the repeated large rectangles in the DAG (Fig. 2).

Submodel for variation between species

Having defined the distribution of the observed time
series data and incorporated estimates of the demo-
graphic variances, conditional on the unknown demo-
graphic parameters characterizing each species, we next
turn to defining the submodel specifying how these
parameters vary between species. The approach we take
is to create a hierarchical model involving additional
unknown parameters to be inferred from the data

(Berger 1985: 107). These additional parameters are
often referred to as hyper-parameters as they only
determine the distribution of the other basic parameters
in the model and not the distribution of the data
directly.

We first need to keep in mind that the demographic
and environmental variances only can take positive
values, whereas there are no constraints on the growth
rate and the strength of density dependence. This sug-
gests that it is reasonable to work with the log of the
demographic and environmental variances and let, for
each species i=1, 2, . . . , 4,

log(sd,i
2 )�N(md, gd

2), (5)

and

log(se,i
2 )�N(me, ge

2). (6)

The submodels for species i=3 and i=4 follows in the
next subsections. Here md and me are unknown hyper-
parameters being the mean of the log of the demo-
graphic and environmental variances, respectively,
within the passerine order, and g2

d and g2
e are the

variances (on the log scale) of the demographic and
environmental variance among species.

In addition we assume that the growth rates ri and
the coefficients ai, the strength of density dependence,
are distributed as

ri�N(mr, gr
2), (7)

and

ai�N(ma, ga
2). (8)

Assumptions (5) to (8) are represented by additional
parental nodes in the DAG for the model (Fig. 2).

Priors for the hyper-parameters

To fully specify our model we need to choose priors for
the remaining nodes in the graph. These hyper-parame-
ters, the m’s and g’s, are location and scale parameters
(see e.g. Berger 1985: 83–85), respectively, in the sub-
models for log of the environmental and demographic
variances, and in the submodel for ri and ai characteriz-
ing each individual species. One non-informative choice
of prior for each m is to assign a uniform density to m
on the whole real line, and density proportional to 1/g
for g\0 (Berger 1985: 83–85). Such priors are im-
proper, that is, the total probability is infinite. For
technical reasons, the BUGS package only allows the
use of proper prior distributions. However, because
very wide-tailed diffuse priors can be used, the distribu-
tion will essentially be approximately non-informative
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over the parameter range permitted by the data as long
as the data are not too sparse. Care is needed, however,
in cases where little data are available and the posterior
would be improper had an improper non-informative
prior been used. This, however, appeared not to be the
case in the present study.

The priors we use in the analysis are as follows

md�N(0, 1002) 1/gd
2�G(0.00001, 0.00001), (9)

me�N(0, 1002) 1/ge
2�G(0.00001, 0.00001), (10)

mr�N(0, 1002) 1/gr
2�G(0.00001, 0.00001), (11)

ma�N(0, 1002) 1/ga
2�G(0.00001, 0.00001). (12)

It can be noted that, for example, assumption (12)
states that our degree of belief, a priori, in the hypothe-
ses of negative and positive density dependence is
equal.

Incorporation of great tit estimates

The third population we incorporate in the analysis is
the great tit population in Wytham Wood, UK, for
which a time series similar in form is available. Sæther
et al. (1998) obtained frequentist estimates (with the
uncertainty estimated by bootstrapping) of the environ-
mental variance, ŝe

2=0.06390.018, of the growth rate,
r̂=4.491.0, and of the strength of density dependence
â= r̂/K. =0.02390.005. To also incorporate the depen-
dences in these estimates (which can be estimated from
the bootstrap replicates), we assume that estimate of
the growth rate, the strength of density dependence,
and the environmental variance, follow (a priori) a
multivariate normal distribution
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Å
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where C is the covariance matrix of the estimates,
estimated from the bootstrap replicates. In addition we
assume that Sæther et al.’s (1998) estimate of the demo-
graphic variance, ŝd

2=0.5690.042, based on another
set of (individually based) data, is (independently) dis-
tributed as

log ŝd
2�N(log sd,3

2 , Var(log ŝd
2)). (14)

Incorporating the above estimates in this way, not only
gives us new, improved Bayesian estimates of the great
tit parameters (represented by the posterior for those
quantities), with prior information coming from the
other species taken into account, but also improves the

estimates of the hyperparameters, thereby indirectly
improving the estimates of the demographic parameters
for the dipper and song sparrow populations. (The
nodes corresponding to eqs (13) to (14) are not shown
in Fig. 2.)

Predictions for an unspecified passerine

In the Gibbs sampling algorithm, unobserved data
nodes and parameter nodes for which we have no data
(that is, nodes with no descendants) need no special
treatment; the only difference is that the conditional
distribution used when updating these nodes depends
on their parents only.

We have already introduced one set of such nodes,
through eqs (5) to (8) in the overall model, correspond-
ing to the demographic and environmental variance,
the growth rate and strength of density dependence for
a fourth species i=4. The posterior for these quantities
will represent our state of knowledge (the predictive
density) for passerine species (similar to the ones in-
cluded in the analysis) for which no data are available.
The resulting structure is not shown in Fig. 2 but only
indicated by the fourth layer in the DAG.

Eqs (2) to (14) fully specify our model. The corre-
sponding implementation in the BUGS language (using
a slightly different parameterization) is available at
http://www.math.ntnu.no/�jarlet/meta.bug

Results

We ran 100000 iterations of the above model in BUGS,
after a ‘burn-in’ of 10000 iterations, and used every
10th sample giving us 10000 (dependent) realizations
from the posterior. Smoothed posterior marginal distri-
butions for the demographic parameter for species i=
1, 2, . . . , 4 are shown in Fig. 3 and summarized in
Table 1.

Several points can be noticed. In general, there is
large variation in the estimates between species. Conse-
quently, and because we only have three different spe-
cies, there is a large amount of uncertainty in the
hyper-parameters. The predictive densities (the posteri-
ors) for the demographic parameters of species i=4,
are essentially mixtures of normal distributions, and
therefore become very wide-tailed and leptokurtic. The
95% credible set (analogous to standard frequentist
confidence interval) for e.g. s2

e,4 ranges from 0.0014 to
22.3 (Table 1). This interval includes unbelievably large
environmental variances, but this is not that surprising
given our non-informative choice of priors for me and
ge. Similarly, as a result of the extreme skew in the
predictive density for species i=4, the posterior means
become very implausible. The posterior medians, how-
ever, for s2

e,4 and s2
d,4 are more reasonable and equal to

0.18 and 0.77, respectively.

OIKOS 88:2 (2000) 277



Fig. 3. Posterior marginal
distributions for the
demographic parameter of
each species in the model
smoothed with kernel density
estimates (solid lines). Posterior
distributions in the alternative
model with non-informative
priors on the demographic
parameters of each individual
species are indicated by dotted
lines.

Nevertheless, the distributions for the demographic
parameters of species i=4 are far from being flat.
Thus, modeling variation in the parameters between
species does bring prior information into the estimation
of the demographic parameters of each of the individ-
ual species i=1 to i=3. To illustrate this better, we
changed the model and used approximately non-infor-
mative (very wide-tailed) priors directly on the demo-
graphic parameters instead of eqs (5) to (8). The
posterior distributions obtained using this alternative
non-hierarchical model are indicated by the dotted lines
in Fig. 3. As indicated by the difference between the
solid and dotted lines, the effect of modeling variation
between species is in general that the posterior estimates
are improved and slightly shifted towards the mean
among species. As expected, this effect is especially
pronounced for those parameters for which the data
provide little information, e.g., for the estimate of the
growth rate of the dipper and great tit populations, r1

and r3.
In Bayesian statistics, testing some hypothesis H0

against some alternative H1, say m50 against m\0, is
a simple matter of computing the posterior probabili-
ties of H0 and H1, that is P(m50�X1, . . . , Xn) and
P(m\0�X1, . . . , Xn), for the given choice of prior,
which in practice, having simulated 10000 realizations
from the posterior distributions, can be estimated from
the number of positive m’s in the Markov Chain out of
the total number of sampled values.

Some special hypotheses of this form are of interest.
We have, for example, assumed that the prior
probabilities of positive and negative intrinsic growth
rates both equal 1/2, and similarly, that the prior
probabilities of negative and positive density depen-
dence are equal. The corresponding posterior probabili-
ties of these hypotheses are shown in Table 2.

Discussion

Using an approach based on Markov Chain Monte
Carlo simulation we have shown how to carry out
Bayesian inference for a model involving simultaneous
analysis of populations time series, taken from several
species, and variation between these species in the
demographic parameters characterizing the dynamics of
each individual population. Because the overall ap-
proach should be conceptually easy to understand, and
because implementation in the BUGS language (con-
sisting of only about 50 lines of code) also is reasonably
straightforward, we believe that this type of approach,
as the necessary software tools are further developed,
should be taken up widely by ecologists.

As already noted, the result of a Bayesian analysis
consists of a probability distribution specifying the joint
distribution of the various unknown parameters in the
model, missing data, and predictions for future un-
known quantities. It must be remembered that these
quantities (the different nodes in the DAG) are random
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Table 1. Posterior means and 95% credible sets (in parentheses) for the demographic parameters characterizing individual
species.

i Species s2
d,iri aI s2

e,i

1 0.29 (0.26, 0.33)Dipper 1.55 (−0.56, 3.36) 0.44 (0.01, 0.82) 0.24 (0.11, 0.43)
2 Song sparrow 2.00 (0.11, 3.48) 0.56 (0.03, 0.97) 0.47 (0.25, 0.87) 0.65 (0.46, 0.88)
3 Great tit 3.12 (1.32, 5.50) 0.57 (0.49, 0.66)0.016 (0.006, 0.028) 0.07 (0.04, 0.13)

1.8×108 (0.06, 4.25)4 ‘General passerine’ 2.20 (−3.59, 8.36) 0.35 (−1.04, 2.01) 2.8×1027 (0.001, 22.3)

variables, not in the classical objective sense (which
views randomness as an intrinsic property of the pro-
cess under study); these quantities are only random (or
uncertain) to us as the observer, given our present state
of knowledge.

One obvious advantage of the Bayesian approach is
that estimates of the parameters characterizing each
individual species can be improved by including more
general ecological knowledge coming from other related
species. Furthermore, the posterior obtained in one
study can be used as prior input in other studies and as
input in decision analyses (Hilborn and Mangel 1997).
If a prior consistent with the mean present rate of
extinction across species is chosen, results of Bayesian
analysis are also more easily incorporated in viability
analysis because it allows simple direct statements to be
made about the probability of extinction, including
both parameter uncertainty and process noise, reflecting
our present state of knowledge about the species in
question. In contrast, within a frequentist framework,
mixing the two forms of uncertainty is much more
dangerous, because process noise and estimation error
are fundamentally different, and because no mechanism
for incorporating prior knowledge is available. One
option is to present the results as a confidence interval
for the probability of extinction (Tufto et al. 1999).
This, however, makes statements about extinction dou-
bly probabilistic and more awkward to interpret.

The approach taken here can be seen as an extension
of the theory of stochastic abundance models, initiated
by the work of Fisher et al. (1943), in which parameters
characterizing each individual species are treated as if
coming from a common distribution. Engen and Lande
(1996a, b) among others generalized this work to also
include dynamic abundance models in which the abun-
dances of each individual species are modeled as corre-
lated diffusion processes with growth rates r normally
distributed among species. An approach similar to the
one used here could possibly be used to estimate several
of the parameters of, e.g., Engen and Lande’s (1996b)
dynamic abundance model, also in cases where several
different forms of data are involved.

It is important to emphasize that the difference be-
tween frequentist and Bayesian analysis is not only of
theoretical interest, but that these two methods in gen-
eral produce different results as they are based on
entirely different underlying principles. It is clear that a
similar form of analysis to the one presented here

within a frequentist framework would involve large
difficulties. In order to make frequentist methods pro-
duce sensible results, many of the 24 parameters of our
model which to a frequentist would be regarded as
nuisance parameters, would have to be eliminated from
the model, for example by conditioning on sufficient
statistics for the nuisance parameters (Cox and Hinkley
1974). Finding such sufficient statistics is seldom possi-
ble, however, except for very simple models. Therefore,
in most cases, frequentists usually compute the sam-
pling distribution of the estimators based on the full
sample space of the model. For example, in discussing
how to bootstrap from a simple first order autoregres-
sive model, Efron and Tibshirani (1993) suggest com-
puting new bootstrap replicates of the estimators based
on new simulated realizations of the entire time series.
For short time series, we have found this method to
give larger frequentist standard errors than the poste-
rior standard deviations obtained using Bayesian meth-
ods with non-informative priors.

Most Bayesians would argue that the above form of
comparison between frequentist and Bayesian methods
is the one which is most relevant. It can also be noted
that Bayesian parameter estimates, if judged by fre-
quentist criteria, typically will have about the same
performance as estimators derived using standard fre-
quentist principles. In fact, if a uniform prior is used,
then the maximum likelihood estimate and the poste-
rior mode will coincide and their performance will be
equal in the frequentistic sense. In more complicated
cases, this form of comparison can easily be done using
stochastic simulations.

Even though modeling variation in the demographic
parameters between species offers several advantages,
our model at this point remains simplistic. In assuming
independence in the variation of the demographic
parameters between species we are clearly making a

Table 2. Posterior probabilities of the hypotheses of positive
density dependences and growth rates for each species.

i Species Posterior probabilities

ai\0ri\0

1 Dipper 0.90 0.98
2 Song sparrow 0.98 0.99

Great tit 1.003 0.99
‘General passerine’ 0.904 0.77
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strong assumption, and it would be interesting to build
a more sophisticated model in which additional
parameters quantifying the covariance between, say the
ri and s2

e,i are introduced. This would also make the
joint between-species distribution much more ‘informa-
tive’ which would further improve the estimates of the
demographic parameters for each individual species.
However, as we so far only have information from
three species, it is unlikely that we would obtain sepa-
rate estimates of such additional parameters.

It is also clear that we are being somewhat naive in
assigning flat priors to mr and ma, the mean growth rate
and mean strength of density dependence among spe-
cies. Most populations in nature persist for a long time
during which their growth rate and density dependence
obviously are positive. When some of these parameters
change as a result of slow, permanent changes in the
environment, this typically quickly leads to extinction.
As the long-persisting populations will be over-repre-
sented in our sampling, we could possibly have incorpo-
rated this in our prior distribution for mr and ma.
However, considering that human activities are now
causing mass extinctions in nature (May 1973, 1994), it
seems safer to permit the possibility that most species in
fact may be at the risk of extinction through the use of
more non-informative priors for the hyper-parameters.
In doing so, we are admittedly introducing an element
of subjectivity, which may seem like an undesirable
feature of the Bayesian analysis in general.

A misunderstanding of Bayesian methods, sometimes
made by frequentists (e.g. Dennis 1996), is that non-in-
formative priors necessarily have to be uniform. Noting
that the corresponding prior, for different parameteri-
zations of the model, will not be uniform, some fre-
quentists then argue that the concept of a prior
distribution has to be abandoned all together, since
‘ignorance’ is not preserved under reparameterization
of the model. It is often the case, however, that non-in-
formative priors, following from certain principles, are
not uniform. One example is the diffuse priors (in effect
being equivalent to scale priors) used here for some of
the hyperparameters (eqs (10)–(12)). In other cases, in
which no principle for deriving a non-informative prior
is available, the prior will necessarily be arbitrary. An
important finding, however, is that any method of
inference, to satisfy certain sensible axioms defining
rationality (see e.g. Ferguson 1967, Berger 1985), must
correspond to Bayesian analysis and thus must involve
a prior. Taken together, this suggests that ‘objectivity’
in fact is best sought through Bayesian analysis, since
this framework forces prior subjective input to be
stated explicitly.

Dennis (1996) objects to the idea that environmental
decisions are best made within a Bayesian framework
(Wolfson et al. 1996) and argues that the regulator
instead should take ‘responsibility, clearly admit that
information is inadequate, institute an interim, cautious

policy until better data become available’. Dennis gives
no advice, however, as to how this ‘cautious policy’ is
to be determined. At this point, Dennis seems to sug-
gest that verbal, non-quantitative arguments are prefer-
able to Bayesian decision analysis in which all
subjective input is stated explicitly and can be criticized
by all parties. In sciences such as ecology, conclusive
evidence which eliminates all uncertainties may never
become available, but decisions still have to be made.

It is true, however, that many difficult problems
relating to objectivity and non-informative priors for
more complex models remain unsolved. Also, better
computational numerical methods need to be devel-
oped. Nonetheless, as shown here, in some non-stan-
dard situations, Bayesian analysis can be easier to carry
out than frequentist analysis for the same problem, and
the use of Bayesian methods should therefore be
encouraged.
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