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Together, graphical models and the Bayesian paradigm

provide powerful new tools that promise to change the

way that environmental science is done. The capacity to

merge theory with mechanistic understanding and

empirical evidence, to assimilate diverse sources of

information and to accommodate complexity will trans-

form the collection and interpretation of data. As we

discuss here, we specifically expect a shift from a focus

on simple experiments with inflexible design and

selection among models that embrace parts of pro-

cesses to a synthesis of integrated process models. With

this potential come new challenges, including some that

are specific and technical and others that are general and

will involve reexamination of the role of inference and

prediction.
Introduction

Be it climate change, exotic invasions, extinction risk, or
emerging diseases, the contrast between the simple
models and experiments used to learn about ecosystems
versus actual ecosystem behavior has never been more
apparent. With a growing appreciation of ecosystem
complexity has come scrutiny and criticism of traditional
models, appeals for synthesis, and frustration with
statistical methods used to understand and predict nature
[1–3]. Ecosystems are increasingly seen as the product of
huge numbers of interacting forces [4,5], food webs being
among the few examples where ecologists have attempted
to enumerate the complex interactions. Even here, efforts
to define a seemingly obvious relationship (whether a
species eats another) have been viewed as highly
subjective [6]. Influences vary with setting and scale,
nonlinearities abound and ecosystem properties emerge
from interacting local and global influences.

For many pressing environmental challenges, ecolo-
gists do not feel qualified to anticipate ecosystem change
[7] and extrapolation from small-scale experiments to
relevant settings can be an act of faith. The challenges
faced can be expressed in several ways: How do we
combine observations that derive from many sources? Can
we join what is learnt about parts of a process in isolation
(e.g. controlled experiments) in ways that integrate their
interactions in nature? How do we connect observations
that are specific to location, time and setting with
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understanding that comes from a diverse body of
nonspecific theory? Can we accommodate the uncountable
interactions among unseen forces that collectively
determine ecosystem behavior? Given that learning
requires models, and modeling demands simplification,
how is simplicity achieved from such overwhelming
complexity?

The long-standing dichotomy of ‘statistical’ or
‘empirical’ models versus ‘theoretical’ or ‘mechanistic’
models contributes to the challenge of synthesis [8].
‘Statistical modeling’ is applied to experiments for
purposes of inference. Few ecologists make predictions
from such models, appreciating the specific settings and
scales from which they derive [1,9] and their ‘non-
mechanistic’ nature. Rather, experimental results are
extrapolated to nature in informal ways, as demonstrated
by the many examples included in debates on
carbon cycling and increasing atmospheric CO2

concentrations [10].
‘Theoretical’ or ‘mechanistic’ modeling is used for

understanding and prediction. Simple models with few
parameters are analyzed to discover general features of
model behavior. Complex models with many parameters
are explored with simulation. Parameter values, rather
than data, are the inputs, which might be scavenged from
the literature, as they are rarely available for the specific
contexts in which the models are applied. For example,
ecological and conservation journals include lively debate
on topics such as predicted time to extinction for
endangered species, based on models and/or parameter
values that might not apply to the future or to the specific
setting [11,12].

The divide between statistical versus theoretical
models is partly a reaction to the complexity challenge.
Classical statistical practice demands simplicity in terms
of strict experimental design and control. Efforts to
shoehorn relevant observations into a rigid framework
have contributed to debates on classical hypothesis testing
[13,14], the importance of controlled experiments [15],
pseudoreplication [16] and the expanding application of
Bayesian inference [17]. Uncertainty comes with obser-
vations [18–20], model parameters [11,21,22], the specifi-
cation of processes [23,24] and scenarios developed for the
exploration of possible futures [7,25]. An abiding con-
sensus cutting across the debates is that proper statistical
practice must be the objective arbiter of evidence. But
synthesis of general theory, mechanistic understanding
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Box 1. Challenges for modeling

A ‘simple’ population dynamic model is complicated enough to

highlight the challenges for inference and prediction. Consider a single

population, the dynamics of which depend on recruitment, growth and

mortality. Many population models involve dozens of life stages, but

we can illustrate the complexity with only a few relationships. The

issues we highlight here apply, regardless of whether a population is

modeled as a system of differential equations, difference equations, or

transition matrices. For a typical analysis, parameters would be

estimated from a range of different studies and plugged into a dynamic

model (Figure I). Parameter estimates have different levels of support

and are usually obtained from scales and settings that are different from

the dynamic model in which they will be used for simulation. The

disparate settings for parameter estimates is unavoidable, because

observational data are limited and indirect, and experimental manip-

ulations come from controlled settings and scales that do not

experience the range of natural influences. Furthermore, the analyses

are disconnected from one another. Fecundity and mortality risk can be

related to growth rate, but it is hard to integrate these processes. It is

also difficult to specify a model for a realistic process, because most

aspects of the process are not observed. Uncertainty only enters at the

‘data’ stage (the sampling distribution, or ‘likelihood’) and the process

model is taken to be deterministic and known.

The biggest casualty in this type of modeling is the estimate of

uncertainty. Point estimates from such models can sometimes be

reasonable, but estimates of uncertainty are necessarily poor. Given

that the confidence envelope is the most important product of model

fitting [3], this cost is severe. The problem starts with the fact that there

is no probabilistic interpretation of the envelope.

Figure II provides an alternative view of integrated processes,

organized as a level in a larger model that could admit many types

of data and unknowns at all stages. Because ‘arrows’ are

stochastic, we learn about the processes and state variables

simultaneously. We admit relationships among them, by modeling

their interactions. The interactions are partly known in advance,

information that enters as functional forms and prior estimates of

parameters. The balance between deterministic versus stochastic

contributions throughout the model reflects the degree of current

understanding. Upon updating or ‘fitting the model’, we learn from

posterior parameter distributions and criteria that reflect overall

model performance. The novelty here is treatment as a single

integrated process. The demographic interactions can be carried

forward in stand simulators to predictive distributions of

dynamics [32].

Some ecologists might ask how Figure II differs from large

ecosystem models that share this box-and-arrow presentation.

Ecosystem ecologists have long been adept at thinking ‘globally’,

but beginning with the same reductionism used to construct Figure

II. There are many complex simulation models in use for

biogeochemical cycling [37] to numerical weather prediction [55],

including those used to inform the general public. Until recently,

these models have been almost exclusively deterministic, with

stochastic outputs generate by stochastic inputs. In ecosystem

models, simulators are spun forward based on fixed parameter

values. The key innovation is making such models inferential,

starting with a similar graphical structure, but using it to construct

algorithms to both infer and predict.
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Figure I. The traditional data modeling approach, where four independent analyses are used to obtain estimates of demographic rates that could be taken as inputs to a

dynamic model. The demographic process is effectively ‘disaggregated’ into many separate analyses. The dynamic model is typically applied to different scales or

settings from that from where the parameter values were obtained.
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and heterogeneous data can be among the casualties of
efforts to satisfy rigid statistical assumptions [8].

Now, in the early 21st century, a profound change is
afoot in the perception of what can be learned from data
and models. The developing modeling tools and growing
appreciation of complexity are complementary trends that
can take us from the current disaggregated study of
process components toward a more integrated under-
standing of process behavior. We believe that multilevel
modeling using graphical approaches provides the general
platform. The familiar ‘box-and-arrow’ diagram, pre-
viously used for forward modeling (taking parameter
values, rather than data, as inputs), will take on an
expanding role, organizing model building and compu-
tation for inference and prediction. This transition is
www.sciencedirect.com
already underway in settings as diverse as weather and
climate, environmental health, gene expression and
financial markets, settings where the scientific commu-
nity has already recognized the need for a more global
perspective of interacting processes.

Here, we summarize elements of the move beyond
the focus on rigid experiments for abstracted ecosys-
tems and the machinery that makes it possible. We
begin with some of the recognized model limitations
that have prepared ecologists for change and then
discuss why the most powerful current approach to
synthesis requires the combined advantages of graphs
and Bayesian inference. Finally, we summarize some
of the emerging challenges, both technical
and conceptual.
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Figure II. An integrated process model that could embrace the same elements as Figure I. Rather than four separate analyses, followed by prediction, inference on the

integrated process is done in a single step, along with dynamic prediction. In effect, data, rather than parameter estimates, are the inputs. Estimates and predictions are

the outputs.
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Where we have come from: limitations of tradition

The tradition in ecology of rigid design owes much to
modeling limitations. Although ecologists have long used
and valued data from many sources (e.g. [26–28]), a
successful advocacy for simple experiments during the
1980s soon made them the dominant research tool. This
emphasis reflects an appreciation for the importance of
data that meet model assumptions. The understandable
preoccupation with design involves considerations such as
independent observations, full knowledge of predictor
variables and the need for controlled manipulation.
Departures from restrictive assumptions have regularly
brought dispute over ‘misuse of statistics’, definitions of
treatment and controls, and the ‘correct’ test or the ‘best’
interval estimate. Loose interpretation of assumptions for
nonexperimental data was inevitable as models with
relevant assumptions were not available. Such inflexible
designs address simple, typically local, relationships
between variables, but provide only a highly abstracted
view of most environmental process [29,30].

As a concrete example, take the common challenge of
understanding density dependence and the effects of
natural enemies, climate variation and management
of populations. Elements of an analysis might look similar
www.sciencedirect.com
to Figure I in Box 1, where demographic rates are
estimated using statistical models and plugged into
theoretical models to calculate dynamics. Error in
parameter estimates might be propagated to uncertainty
in growth. A piecemeal approach to parameterization is
standard practice, regardless of specific assumptions
about interactions, time and space. Several limitations
to such an approach are clear:

† No synthesis of data. In classical data modeling, there
is a single data set. Deterministic treatment at the
process stage precludes the assimilation of multiple
data sets, because correlations among observations
require stochasticity in the underlying process from
which they emanate. Although ‘data assimilation’ and
various ‘inverse models’ increasingly involve multiple
data sets, a classical framework does not treat them
coherently as it does not begin with a joint distribution
of the unknowns [31].

† No synthesis of processes. We cannot ‘learn’ about
processes that are assumed to be deterministic. Instead
parameters are estimated under the assumption that
the process is known. Because each process is modeled
separately (e.g. Figure I, Box 1), there is no evaluation
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of interactions among them. Inference devolves into an
inefficient head-to-head competition among specific
models, as opposed to more direct learning about the
integrated model. Rather than asking about a process
in which both A and B occur (and interact), standard
practice is to ‘select’ between two models, one for A, the
other for B.

† No synthesis of theoretical understanding. Theoretical
knowledge is diverse, general and cannot be fully
described by simple deterministic equations. Struc-
tures are needed that enable the introduction of what is
already known to all parts of the model. Because theory
is general and limited, knowledge and uncertainty are
two sides of the same coin.

† No place for complexity. Complex interactions cannot
be specified deterministically. Models require a
place for the complications that arise at all levels,
including within the data and mechanistic processes.
Here again, stochasticity is needed to summarize
complex relationships.
Clearly, the answer to these challenges entails merging

the traditionally disparate treatment of ‘statistics’ and
‘theory’, bringing inference into the same models that are
used to promote understanding [21,32]. Learning is the
goal of both model types, and we cannot hope to separate
that which comes from observations from the insight
available through other sources. Here, we summarize
promising new directions for answering these challenges.

Combining the advantages of graphs and Bayes

Emerging machinery for synthesis combines graphical
modeling in hierarchies with Bayesian inference (Box 1).
The growing appreciation of ecosystem complexity is fully
compatible with this framework. Neither by itself is
sufficient, as evident from past, independent, applications
of graphs and Bayesian inference. Ecologists have long used
graphs to represent everything fromfood webs [33,34], to life
cycles [35,36], to ecosystem function [37], to landscapes [38].
The graph includes boxes, or ‘nodes’, connected by arrows
that represent causal relationships or ‘effects’ (Box 1).
Directed graphs use nodes to denote process variables
(observed, unobserved or conceptual) along with arrows to
indicate causality (shown by the direction of the arrows)
among the variables. This reductionist approach, beginning
with local building blocks, organizes models for analysis and
simulation. Graphical models were traditionally determi-
nistic: given the inputs to a node, the response is
determined. However, classical interference cannot readily
exploit this structure. Graphical models could be made
stochastic, but without Bayesian inference, there typically
was no strong motivation to do so.

Until recently, Bayesian analysis also had a long
history of limited application. ‘Simple Bayes’ begins with
a prior distribution for one or more parameters to be
updated by data. The posterior distribution of parameters
requires integration of the data and prior, which is simple
only for simple models. Many researchers embraced the
logic of proceeding from what is known, assimilating new
information and then moving to an updated understand-
ing [39]. However, without tools for practical application,
the Bayesian paradigm was never a serious threat to
www.sciencedirect.com
classical methods, which, by the late 20th century, were
entrenched in all widely available software.

From the convergence of graphs and Bayes comes
powerful new machinery. A key breakthrough came with
adaptation of Gibbs sampling to the Bayesian paradigm
[40]. Not until this simulation tool was brought to bear on
the posterior distribution was it possible to analyze most
high-dimensional problems with a common approach. The
building blocks, or conditional distributions used for Gibbs
sampling, are best represented by graphs. Computer
scientists interested in causality also discovered this
powerful combination as an approach for ‘machine
learning’ [41]. In statistics, the term ‘hierarchical Bayes’
is commonly used, and ‘Bayesian network’ evokes the
graphical model upon which the algorithms are based.

Application to inference involves the introduction of
stochasticity at each node of the graph, as discussed by
Berliner [42] and, in an ecological context, by Clark [3].
The overarching hierarchical structure conceives three
stages: data given process and parameters, process given
parameters, and parameters. Regardless of where the
complexity lies, the joint distribution of everything
unknown is organized within the graph (Figure II, Box
1) and factored as the basis for algorithm development.
The response of a node is uncertain and, thus, probabil-
istic. Introduction of stochasticity is liberating as we need
not be ‘correct’ at each node. Rather, we anticipate
variable responses to inputs, or a limited understanding
of the mechanism, or we might desire a simplified
specification. Because the stochastic world includes the
deterministic world as a special case (zero uncertainty),
the approaches are compatible. The better we understand
local behavior the ‘more causal’ is the local submodel.
Graphs and Bayes go hand-in-hand, yielding a probability
model for the full (joint) density of all unknowns. Because
of its fundamental reliance on probability, Bayes provided
the natural framework for analysis.

Graphs and Bayes enables the introduction of all
sources of information, theoretical, mechanistic and
empirical (which, in fact, might have come from designed
experiments), and is also flexible. Local specifications can
be modified by the addition, removal, or relocation of
arrows, summarizing known (deterministic) and
unknown (stochastic) elements. The focus changes from
that of which inferential procedure might apply to a
specific design to modeling for integration, and there is an
increasing number of examples from the environmental
literature (e.g. [5,20,43–49]). However, the new flexibility
brings with it some challenges.

Current and near-term challenges

Graphical modeling enables us to contemplate an enor-
mous number of potential models (boxes and arrows in the
graph), introducing at least two challenges: (i) how to fit
complex models; and (ii) how to explore the model space
with regard to adequacy (i.e. consonance with the data) and
model selection (comparison of models). Owing to both
model and data complexity, wholly satisfying answers are
not to be expected, but they remain valuable targets.

For the first challenge, simulation is emerging as the
current answer, although not as it has been applied in the
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past. The traditional forward-simulation approach in
ecology begins with a box-and-arrow diagram similar to
that shown in Figure II, Box 1, and prescribes inputs, and
produces output. Model selection is necessarily ad hoc; in
not directly modeling data, inference is limited to the
summarization of outputs.

The alternative approach models the data together
with the rest of the graph. All variables, observed or not,
are stochastic. Bayes’ theorem provides a conditional
(posterior) distribution for all unknowns given all obser-
vations. Although easily stated and compactly expressed
probabilistically, learning about the posterior distribution
of unknowns (i.e. the fit of the model) is challenging. When
analytical investigation is unproductive, we can still
sample from the posterior. This is simply the first principle
of inference: to learn about a population, we sample from
it, and the more we sample the more we learn. Conditional
simulation techniques of the past 15 years [39,50,51]
include Markov chain Monte Carlo approaches, as well as
direct simulators using (sequential) importance sampling
and particle filters [52,53] in addition to Gibbs samplers.
These tools are powerful, but they cannot be efficiently
applied to arbitrarily complex problems. For example, the
intermediate products of an analysis might not fit in the
main memory of the computer. Or the data stream might
arrive faster than the model converges, a situation that is
likely to arise with the expanding use of sensor network
data*. Efficient computation (algorithms and data struc-
tures) thus remains an active area of research.

Owing to the complexity of the models and the novelty
of developing tools, issues related to model determination
require reexamination. Model adequacy is an absolute
question about a given model, whereas model comparison
is relative, requiring at least two models. Model adequacy
is an inherently informal exercise as it is essentially
impossible to ‘calibrate’ how well a complex process model
‘fits’ the data. Indeed, we might believe more in the model
specification than in the data that we obtain. Especially in
ecological models, data are notoriously noisy, signals
might be weak and confidence in the specification might
far exceed the information in the data.

Model comparison is equally problematic. Model
selection depends on the intended use for the model, but
requires subjective choice of a utility function [48,49,54].
More worrisome is the distillation of a complex model
down to a single number used for comparison. Model
performance must be considered broadly, for example,
beyond the data at hand. As noted here, even if we could
achieve agreement on a model selection criterion, the
space of possible models will be sufficiently huge to
preclude exhaustive search. How do we find the ‘best’ (or
at least ‘good’) models in such a setting? Model determi-
nation is thus also an area of active research.
A future of (overly) complex models?

The emerging, synthetic view of processes, information
and uncertainty represents a crucial transition, one that
* Flikkema, P.G. et al. Model-driven dynamic control of embedded wireless sensor
networks. Proceedings of the 6th International Conference on Computational
Science, Workshop on Dynamic Data Driven Application Systems, Reading, UK (in
press).
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promises to change not only the analysis of data, but also
the way in which information is perceived, collected and
interpreted. The computational tools that have made
complex simulation models familiar in ecology (often with
limited connection to data) have now developed into a
synthetic framework. However, experimental approaches
will not diminish in value; on the contrary, we expect them
to become all the more powerful, as flexible modeling
enables us to accommodate unexpected changes in the
design and availability of information [29]. The challenges
noted here should not deter the use of developing tools.
Rather, they reflect emerging possibilities that demand a
broad overhaul of statistical inference in complex settings.

The fact that complexity often demands sophisticated
models (and that we can now work with them) should not
be interpreted as advocacy for ever-larger models. Where
simple models work, they should be used. The prospect
that ecological models will increasingly look more like
Figure II than like any one of the components in Figure I
in Box 1 was discussed by Clark [3] and can benefit from
some elaboration here. Whereas Figure II (Box 1) appears
bewildering complicated, it is important to emphasize that
it substitutes for (i.e. integrates) all four boxes in Figure I
(Box 1). Concern that this synthetic view can make it hard
to identify the many parameters also requires context.
True, we are estimating more unknowns in Figure II
(Box 1), but the stochastic representation allows us to
assimilate much more information. There are far more
‘anchors’ for the fit in Figure II (Box 1), represented by the
many types of information that we can admit, including
both data and mechanistic understanding.

Finally, it can be easy to mistake the introduction of
stochasticity as a form of runaway model complexity. True,
each stochastic element can bring parameters. But the
stochastic terms simplify models by enabling much to go
unspecified. Palmer et al. [55] provide an explicit example
in numerical weather prediction. Stochasticity stands in
for complexity. By making models stochastic and infer-
ential, complexity can be represented in ways that vastly
simplify modeling. Taken together, the challenge of
complexity and the melding of graphs and Bayesian
inference promise to change ecological science profoundly.
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