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Summary 
 
A fundamental environmental challenge facing humanity in the 21st century and beyond is 
predicting the impacts of global environmental change. This challenge is complicated by the fact 
that we live on a non-stationary, unreplicated planet that is rapidly moving outside the envelope 
of natural variability into an historical non-analog world.  In other words, while the past helps 
inform us about how the world has worked, it may no longer be the relevant frame of reference 
for management, conservation, and sustainability.  In this future world the two questions at the 
foundation of sustainability are “How are ecosystems and the services they provide going to 
change in the future?” and “How do human decisions affect this trajectory?”  These are, at their 
heart, questions about ecological forecasting. 
 
The need for ecological forecasts traverses the entire discipline of ecology, with cutting-edge 
research spanning disease dynamics, endangered and invasive species, wildlife and fisheries 
management, disturbance, phenology, and biogeochemical cycles. However, at the moment, 
the bulk of ecological forecasts are focused on mean climate change responses on centennial 
time scales, and thus do not meet the needs of most environmental decision-making, which is 
near-term and sensitive to variability and extremes. In addition to unmet demand, this focus on 
long timescales means that we are not routinely comparing specific, quantitative predictions to 
new data, which is one of the strongest tests of any scientific theory. Near-term forecasts 
provide the opportunity to iteratively cycle between making forecasts, performing analyses, and 
updating predictions in light of new evidence. Research across widely disparate disciplines has 
shown that this iterative process of gaining feedback, building experience, and correcting 
models and methods is critical for building accurate forecasts. Iterative forecasting is also a 
crucial part of any decision making under high uncertainty and the cornerstone of adaptive 
management. 
 
Our aim is to articulate the needs and benefits of a concerted effort to develop iterative, near-
term ecological forecasts. We specifically focus on the following questions: 
 

1. What is the current state of iterative ecological forecasting? 
2. What are the most immediate needs and opportunities, both scientifically and societally? 
3. What are the hurdles to getting this done (theory, data, training, collaboration, 

technology, funding, institutions, scientific culture)? 
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In terms of societal demand, technological advancement, and availability of data, the time is ripe 
for rapid progress in making our science more predictive. Societally, recent progress in 
international climate change policy is making forecasting ecological systems and services more 
socially relevant, while global change itself is making traditional environmental management, 
with its basis in historical conditions, more and more challenging. Technologically, instrument 
advances are greatly increasing the volume of data available to ecologists, while also delivering 
that data more quickly.  Likewise, changes in scientific policy and culture are making such data 
more open. Methodologically, the past decade has seen considerable development of 
computational, informatic, and statistical methods and a growth in the use of such tools among 
ecologists. Particularly noteworthy, from the forecasting perspective, is the adoption of 
sophisticated Bayesian approaches such as nonlinear sequential (i.e. iterative) methods (e.g. 
Sequential Monte Carlo, ensemble filters). Furthermore, there is a growing recognition that the 
forecasting of ecological state variables (as opposed to parameter estimation) requires going 
beyond forecasting methods inherited from the physical science that were optimized for 
endogenously chaotic systems (e.g. numerical weather prediction). Specifically, hierarchical 
methods have allowed ecologists to better account for the heterogeneity and inherent variability 
in ecological systems, and to partition inherent stochasticity (e.g. disturbance) from model error, 
but such approaches are only beginning to be incorporated into iterative ecological forecasting.  
 
To advance the development of near-term, iterative forecasts in ecology we advocate for: 
 

• Increased training and fellowship opportunities focused on ecological forecasting 
• Shifts in the scientific culture in ecology to view prediction as integral to the scientific 

process.  
• Increased theoretical focus on predictability and practical methods development for 

iterative forecasting. 
• Build on current trends for increasing open and reproducible science, with a particular 

emphasis on reducing data latency and increasing automation for problems amenable to 
frequent forecasts. 

• New funding opportunities to support the development of long-term forecasts, in 
particular focused on helping researchers at all career stages to bridge projects from 
research to operations. 

• Engaging resource managers, boundary organizations, and potential stakeholders in 
ecological forecasts from early on, and establishing systematic, long-term partnerships. 

• Establishment of an ecological forecasting synthesis center  
• Launch of a “Decade of Ecological Forecasting” initiative. 

 
Finally, we emphasize the need to start iterative, near-term forecasting immediately, arguing 
that learning by doing is the fastest route to drive the science forward. Overall, taking an 
iterative, near-term forecasting approach will not just improve our science more rapidly, but will 
make our science more relevant to society.  
 
 
  



Ecological	Forecasting:	Needs,	opportunities,	and	challenges	 5	
 

Table of Contents 
 

Summary 3 

Table of Contents 5 

1. Introduction 7 

2. Current state of iterative ecological forecasting 10 

3. Needs 12 
What Makes an Ecological Forecast Useful 13 
Basic Science needs 15 
Priority Areas for Ecological Forecasting 16 

Disturbance: Drought 17 
Disturbance: Fire 18 
Zoonotic and Vector-borne Disease 20 
Plant pathogen and insect outbreaks 21 
Biogeochemistry/Carbon 22 
Biodiversity: habitat, threatened, invasives 23 
Wildlife & fisheries management 25 
Phenology 25 

4. Opportunities 26 
Iterative forecasting is now feasible 27 

Data trends and requirements 27 
Methods and computation 32 

Types of problems amenable to iterative forecasting 33 
Socially relevant 33 
At the right scale 34 
Subject to evaluation 35 

Adaptive monitoring 37 
Decision support and adaptive management 38 
Decade of Ecological Forecasting 40 

5. Challenges to iterative ecological forecasting 42 
Theory and Methods 42 

Forecast Uncertainty 42 
Predictability and partitioning forecast uncertainty 43 
Systematic errors 44 
Model averaging 45 

Training & Scientific Culture 46 
Technology & Archiving 48 



6	 Ecological	Forecasting:	Needs,	opportunities,	and	challenges	
 

Funding 49 
Collaboration, Stakeholders, and Boundary Organizations 51 

6. Conclusions 52 

Acknowledgments 54 

Citations 55 



Ecological	Forecasting:	Needs,	opportunities,	and	challenges	 7	
 

 

1. Introduction 
 

The fundamental environmental challenge facing humanity in the 21st century and 
beyond is predicting the impacts of global environmental change. This challenge is complicated 
by the fact that we live on a non-stationary, unreplicated planet that is rapidly moving outside 
the envelope of natural variability into a world that has no prior historical analog (Smith et al. 
2009).  In other words, while the past helps inform us about how the world works, it may no 
longer be the relevant frame of reference for management, conservation, and sustainability. 
This has profound implications for both science and society that we are only just beginning to 
grasp (Milly et al. 2008; Craig 2010; PCAST 2013; Holdren et al. 2014). In this world two 
fundamental questions are “How are ecosystems and the services they provide going to change 
in the future?” and “How do human decisions affect this trajectory?”  These questions are, at 
their heart, about ecological forecasting. Ecologists broadly recognize the need to make our 
science more useful and relevant to the general public -- decisions are made every day that 
affect the health and sustainability of natural systems, but rarely are they made with the best 
available science in hand (Gregory et al. 2012, Johnson and Williams 2015). Advancing science 
in ways that make it more useful and relevant requires a fundamental shift in thinking from 
measuring and monitoring to anticipating change, making predictions, and communicating 
actionable science. 

 
While the call for ecological forecasts is not new (Clark et al. 2001), recent changes 

within and outside our discipline make the time particularly ripe for progress. On the scientific 
side, there has been a massive and recent increase in the accumulation and availability of data. 
At the same time, the societal demand for ecological forecasts is growing dramatically. As 
demonstrated by the recent COP21 meeting, international recognition of climate change has 
finally shifted in favor of action, and with that the required research is shifting from detection to 
adaptation and mitigation, which require accurate forecasts of how systems will respond to 
change. Within the US, Executive Order M16-01 (10/7/2015) calls for the inclusion of ecosystem 
services in all federal decision-making.  

 
Decision-making is fundamentally a question about what will happen in the future under 

different alternatives, and thus inherently is a forecasting problem. Forecasting is a crucial part 
of any decision-making, but there is no such thing as a ‘perfect’ forecast. Forecasting needs to 
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embody a range of possible outcomes, their probability, and implications. This distribution of 
possible futures is what scientists call forecast uncertainty, and rather than reflecting doubt and 
ignorance, its calculation arises from a careful and quantified accounting of the data in hand, the 
past performance of predictive models, and the known variability in natural processes (Dietze 
2017). Uncertainty is at the core of how people evaluate risk and how they make decisions. This 
makes ecological forecast particularly crucial under high uncertainty and a cornerstone of 
adaptive management (Walters 1986).  

 
At the moment, there is a mismatch between the bulk of ecological forecasts, which are 

largely focused on climate change responses on centennial time scales, and the time scales of 
most environmental decision-making, which tends to be focused on the near-term. To define 
near-term for ecological forecasting, for convenience we adopt the climatic definition of "the 
period from the present to mid-century [2017-2035], during which the climate response to 
different emissions scenarios is generally similar... prediction[s] at seasonal to multi-annual time 
scales require accurate estimates of the initial climate state with less dependence on changes in 
external forcing” (Kirtman et al. 2013). In a similar vein, much of what will happen over the next 
twenty years will depend on how near-term climate and land use variability change will affect 
present ecological states and trajectories, or in the parlance of climate modeling, initial 
conditions. While long-term forecasts are important at the Federal and intergovernmental level, 
by not focusing on the near-term we miss an opportunity to support  national to regional to local 
environmental management decisions. 

 
In addition to having greater societal relevance, refocusing ecological forecasting on the 

near-term also promises the greatest benefit to basic science. The current focus on long time 
scales means that we can not routinely compare predictions to new data. By contrast, near-term 
forecasting inherently provides one of the strongest expressions of the scientific method – to 
make a specific, quantitative prediction about what will happen before it occurs, and then 
observe the result. Doing so usually will necessitate a change in our approach to many long-
standing problems, potentially generating new insights and research directions. For example, 
most ecological experiments follow a simple ANOVA design, with discrete treatments aimed at 
answering simple questions like “does X affect Y”. By contrast, forecasting Y requires answering 
“how much does X affect Y,” or more often, “how much does X affect how Y changes through 
time”. Such dynamic (time-varying) predictions are common in some areas of ecological 
forecasting (e.g. disease outbreaks, wildlife populations) but virtually absent in others (e.g. 
phenology, species distribution models). 

 
Near-term forecasts also provide the opportunity to iteratively test models and update 

predictions at quicker cycles than decadal-scale Intergovernmental Panel on Climate Change-
type predictions (Collins et al. 2013). Many cases could involve an iterative cycle between 
making forecasts and performing analyses in light of new evidence that could occur at times 
scales from annual to near real time responses to new, automated datasets (Loescher et al 
2017). Research across widely disparate disciplines has shown that this iterative process of 
gaining feedback, building experience, and correcting models and methods is critical for building 
a predictive capacity (Silver 2012; Kahneman 2013; Tetlock & Gardner 2015). However, this 
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approach has had limited application within the ecological and environmental disciplines to 
advance either applied or basic science. 

 
One illustrative example of iterative forecasting is weather forecasting, where skill has 

improved steadily over the past 60 years. These forecasts have benefitted not only from 
technological advances in measurement and computation along the way, but also from insights 
and improvements that come from continually making predictions, observing results, and using 
that experience to refine models, measurements, and the statistics for fusing data and models 
(Shuman 1989; Kalnay 2002). Early on, the US National Weather Service was faced with the 
choice between building the body of knowledge and tools that would demonstrate the utility of 
numerical weather prediction, or to start forecasting immediately and learn by doing. That they 
chose the second path may reflect unjustified optimism, as forecasting proved harder than 
expected. But ultimately, this path placed atmospheric science on a trajectory that accelerated 
both basic and applied research.  

 
By contrast, in ecology the prevailing opinion about forecasting has been both 

pessimistic and conservative, insisting that “biology is too complex” and always demanding that 
any forecasting model work optimally before we try it. Given our fast-changing world, we can no 
longer afford to wait until ecological models are “good enough” before we start forecasting. That 
said, any ecological forecast needs to have a robust accounting of uncertainties. As we embark 
on the path of learning by doing, we must have every expectation that early forecasts may be 
quite poor. However, it will be much more detrimental, to both to society and our scientific 
credibility, to be overconfidently inaccurate than it is to be honest about our uncertainty. 

 
The foundation for near-term, iterative forecasting is observational data, and in particular 

environmental monitoring. Fortunately, a mission of many government agencies and research 
initiatives is, in fact, environmental monitoring. In the U.S., environmental monitoring is a core 
activity of NASA, NOAA, USGS, Fish & Wildlife, Forest Service, USDA, BLM, National Park 
Service, Forest Service, EPA, and numerous other state and local agencies. On the research 
side, monitoring is the central mission of the National Ecological Observatory Network (NEON) 
and is an essential part of the LTER program, numerous grass-roots research networks, and 
citizen science initiatives. While scientists believe we will never have enough data, the data we 
have are invaluable and critically inform both research and management. An open, but critical, 
question is whether we are producing the right data at the right scales to support ecological 
forecasts. 

 
Although monitoring data can be used to detect change, data by itself cannot anticipate 

change. Anticipating change requires that we make forecasts, and to do so data need to be 
fused with models. Such models may range from the simplest statistical models (e.g. ANOVA, 
regression) to the most complex computer simulations, but models are necessary to translate 
what we see now into what we anticipate will happen in the future or at a new location, either 
under current conditions or when evaluating alternative decisions and scenarios.  
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Models and theory are also the basis for understanding the predictability of ecological 
processes and the mechanisms by which forecasts are possible. Expressing theory and model 
structure into a basic form can help elucidate a framework by which we can ask how best 
advance ecological forecasting. For example, we might try to predict the future state, Yt+1, of 
some ecological system as a function of the current state, Yt, and a set of environmental drivers, 
X, given a model, f, with parameters 𝜃 and process error 𝜀: 

𝑌!!!  =  𝑓(𝑌! ,𝑋!|𝜃) + 𝜀  
Taking a first principles approach (Dietze in prep) the forecast uncertainty in Y at some point in 
the future, 

 
 
depends on the uncertainties and sensitivities of each of these components. Theory provides a 
framework by which the conditions and different factors that drive the predictability of systems 
can be tested, validated, challenged. For example, the first sensitivity, df/dY, describes the 
system stability -- when |df/dY| > 1 systems are chaotic and predictions will be dominated by 
initial condition uncertainty (which is the case for weather forecasting). By contrast, in ecological 
systems initial condition uncertainty often declines with time but parameter uncertainty and 
process error (which encompasses model inadequacy, stochasticity, and heterogeneity) can be 
high and driver uncertainty increases with time. Partitioning these uncertainties provides a 
framework for identifying which are reducible. 
 

Herein we articulate the need, opportunities, and challenges in developing the capacity 
for iterative, near-term ecological forecasts. More specifically, we focus on the following 
questions: 

 
1. What is the current state of iterative ecological forecasting? 
2. What are the most immediate needs and opportunities? 
3. What are the hurdles to getting this done (theory, data, training, collaboration, 

technology, funding, institutions, scientific culture)? 
 

In terms of societal demand, technological advancement, and availability of data, the 
time is ripe for rapid progress in making ecological science more predictive. In particular, we 
emphasize the need to start forecasting immediately, arguing that learning by doing is the 
fastest route to drive the science forward. Overall, taking an iterative, near-term forecasting 
approach will not just improve our science more rapidly, but also will render it more relevant to 
society.  
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2. Current state of iterative ecological forecasting 
 

Predictions of ecological responses to novel environmental change and management 
are ubiquitous across the discipline. The capacity to generate forecasts is increasing rapidly as 
data become more abundant and available (Section 4), computers faster, tools more open, and 
statistics and models more sophisticated. At the same time, climate change and other 
environmental pressures have increased demand for such forecasts. Initiatives at all scales 
from the global to the local exist to anticipate and adapt to change. 

 
Despite the general increase in ecological forecasting, most of this work has been “one-

off” analyses (e.g., conducted as part of a particular grant or report), and/or focused on long-
range futures (e.g., ecological responses to climate change out to 2100). This approach has 
been useful to motivate long-term planning and policy, but has suffered from three major 
failings. First, when forecasts are one-time and long-term, we are not learning from the process. 
Specifically, we are not getting feedback on how our forecasts are performing and using this to 
refine our predictions. Second, because most policy and management occurs on shorter 
timescales, we are not always providing the forecasts that meet immediate needs and increase 
the social relevance of our research. Finally, we are not building the intellectual or institutional 
capacity for prediction. As a discipline, we are not learning from each other, providing explicit 
training to students, or developing the theories, methods, and infrastructure to meet the demand 
for ecological forecasts in a changing world (see Section 6). 
 

Forecasted 
variable 

Spatial extent  / 
forecast 
resolution 

Forecast 
frequency/ 
range 

Goodness of fit Methodology Citation 

Burned area Global extent/ 
1x1 degree 
resolution 

Seasonal 48% global area 
at r > 0.59, p < 
0.01  

Cross-correlation 
and regression, k-
means clustering 

Chen et al 2016 

Influenza 
outbreaks 

National extent/ 
state and 
municipal 
resolution 

Weekly/ real 
time to three 
month outlook 

r = 0.89 Autoregressive 
model as feature of 
random forest.  

Shaman et al 2015, 
and more 

Harmful algal 
blooms 

Regional extent / 
county scale 
resolution 

Daily / real 
time to 5 day 
outlook 

78% accuracy  in 
bloom prediction 

3D hydrodynamic 
particle tracking 
model 

Stumpf et al. 2009; 
HAB tracker website: 
http://www.glerl.noaa.g
ov/res/HABs_and_Hyp
oxia/habsTracker.html 
 
 
 
 
 

Wildlife 
population 
and disease 

Landscape Annual  Bayesian state 
space 

Hobbs et al 2015 

Table 1. Examples of iterative ecological forecasts 
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While examples of iterative ecological forecasts are less common, they do already exist 

and primarily occur in support of decision making. For example, forecasts of wildlife (Hobbs et 
al. 2015, Raiho et al. 2015), human epidemics (Shaman et al. 2015), harmful algal blooms 
[HABs] (Stumpf et al. 2009), and global wildfire (Chen et al., 2016) have reached a state of 
sufficient predictive accuracy for use in resource, risk and disease management. The spatial 
extent, predictive accuracy, and spatial and temporal resolution of forecasts vary (Table 1) and 
not all of these examples include estimates of uncertainty in predictions.  To date, the lack of 
uncertainty estimates has not precluded the use of these forecasts by some managers (e.g., 
NOAA HAB tracker, https://tidesandcurrents.noaa.gov/hab/), but deterministic forecasts such as 
these have come under strong criticism from within and outside the environmental sciences 
(Pilkey and Pilkey-Jarvis 2007, Tetlock and Gardner 2015). Forecast improvement continues as 
an active area of research in all these examples, but there has been little effort to track the 
different ecological forecasts in use today and independently assess what factors have made 
them successful or how they have improved over time. 
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3. Needs 
As mentioned earlier, the need for ecological forecasts permeates virtually every 

subdiscipline in ecology as a means of addressing policy and management challenges and 
accelerating the pace of basic research. In the sections below we first discuss some of the 
general characteristics that make an ecological forecast useful.  We then follow this by 
discussing forecasting needs surrounding decision support and basic science specifically. 
These general and specific characteristics should not be viewed as benchmarks that 
investigators must meet to “start forecasting,” but rather as a set of goals to which forecasters 
should strive. Finally, we finish with examples from different ecological disciplines that highlight 
the near-term science and forecasting needs in those area. 

What Makes an Ecological Forecast Useful 
Well-known failures of early forecasts in the environmental sciences (Pilkey and Pilkey-

Jarvis 2007) likely resulted from a reliance on deterministic predictions rather than probabilistic 
forecasts. Ignoring uncertainty in model forecasts reduces the amount of information available 
to guide decision-making and projects over-confidence in model predictions. Similarly, 
confidence intervals that fail to include important sources of uncertainty may look good, but can 
likewise lead to falsely overconfident predictions and poor decision making that fails to 
accommodate risks. Indeed, the balance between uncertainty and risk tolerance is a critical 
dimension to decision making -- e.g., deciding that no action should be taken given inadequate 
certainty is itself a management decision (Bradshaw and Borchers 2000). Failing to provide 
explicit and well defined estimates of the uncertainty in a forecast also makes it impossible to 
judge whether the forecast was correct or not. For these reasons, ecological forecasts should 
provide probabilistic statements of some future state, rather than deterministic predictions 
lacking confidence intervals. This necessitates the need to move from deterministic models to 
ones that explicitly incorporate and propagate uncertainty. For most applications, multiple 
sources of uncertainty need be considered (e.g., initial conditions, parameters, drivers, process 
error, rare events) as it is not always known a priori which sources will dominate predictions. 

 
Another important source of uncertainty is model structure. Because of this, ecological 

forecasts would benefit from including competing models, for example representing a continuum 
of model complexity, from purely data-driven models to process-based, mechanistic models. 
Bringing competing models to bear on a particular problem has two important benefits: (1) it 
allows for ensemble forecasts and enables holistic evaluation of uncertainty in situations where 
it cannot be readily propagated, and (2) it can help answer basic scientific questions on the 
nature of ecological forecasting related to the need, or lack thereof, for process-based forecasts 
(e.g., Ye et al. 2015 PNAS). It is unrealistic to ask single investigators to develop many different 
models for a single problem, but here we see the potential value of forecasting competitions 
(e.g., Kaggle, https://www.kaggle.com/competitions) and repositories of ecological forecasts 
for bringing together a community of individual forecasts. For example, the city of Chicago 
recently ran a Kaggle crowd-sourced modeling competition for predicting West Nile dynamics 
(https://www.kaggle.com/c/predict-west-nile-virus).  
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Given the importance of incorporating uncertainty into forecasts, there is also a need to 

better characterize uncertainty in coupled models. For example, Jackish et al. (2014) coupled a 
hydrological model and a crop yield model and found that, though each separate model 
explicitly incorporated process uncertainty, “sharing” uncertainty between models through 
bidirectional feedbacks was difficult. Thus, there is a need to develop truly coupled models, 
rather than simply linked models, for interdisciplinary ecological forecasts. 

 
Useful forecasts need to be motivated by clearly defined objectives. Beyond our 

scientific understanding of ecological forecasts, we are motivated to forecast the future to 
support environmental management decisions. Because decisions are focused on the future 
consequences of a present action, having reliable predictions of decision-relevant metrics is 
critical to supporting decisions. Ecological subdisciplines with mature forecasting cultures are 
generally those where management and policy implications are clear. For example, forecasts of 
fire risk emerge from well-developed modeling frameworks (Chen et al 2011) in part because 
the objective is unambiguous: issue warnings and reduce human ignitions, determine how much 
money to allocate toward fire mitigation, and position fire-fighting resources. Clear policy or 
management objectives can guide useful forecasts by defining the ecological state or rate of 
interest, and allows investigators to match the spatial and temporal scale of forecasts to the 
scale of decisions. Making ecological forecasts in the context of clearly defined objectives paves 
the way for scenario-based forecasting. Forecasts based on alternative scenarios are essential 
for delineating the probabilistic outcomes of management and policy actions. While most 
ecologists are probably more familiar with scenario-based projections for long-term forecasting 
(e.g., IPCC climate scenarios), there’s an important opportunity for linking near-term, iterative 
forecasts with adaptive management and other inherently-iterative management decisions (e.g., 
setting annual harvest quotas).  
 

Some of the tension in providing ecological forecasts to support decisions may be in 
determining when the forecast is “good enough,” which may differ widely between scientists and 
stakeholders. In environmental management, decisions often are made based on the best 
available information. If forecasts provide an appropriate uncertainty characterization, then 
decision analysis methods can be used to identify the options that have the highest likelihood of 
maximizing utility given the decision-maker’s goals (Clemen & Riley, 2005; Gregory et al., 
2012). It is critical, however, that the forecasts be rigorously validated. The lack of validation of 
some decision support tools has the potential to undermine the entire enterprise (Nature, 2010). 
There are a number of synergies that could be exploited to develop and iteratively improve 
forecasts, while supporting decisions with relevant output indicators. The process of developing 
near-term ecological forecasts (on the scientific side) and utilizing them (on the management 
side) will require long-term partnerships between researchers and managers in order to refine 
and improve both the forecasts themselves and how they are used. In addition to advancing our 
scientific understanding of ecological processes, this represents an important opportunity to 
advance management processes and develop knowledge and experience around the capacity 
of different management strategies to cope with change and maximize resistance and 
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resilience. The development of near-term ecological forecasts could lead to improved decision 
analysis frameworks and advances in our understanding of coupled human-natural systems. 

Basic Science needs 
The goal of iterative forecasting is not just to improve decision making, but also to test 

scientific hypotheses and improve our understanding of ecological systems. At the core of the 
scientific method is the idea of formulating a hypothesis, generating a prediction about what will 
be observed, and then confronting that prediction with data. All scientists view this process as 
inherently iterative, with our understanding of the natural world continually being resolved and 
updated. In this regard, by making predictions that are very well defined and quantitative, 
iterative forecasting serves as a particularly strong expression of the scientific method in 
ecology. Making a quantitative prediction raises the bar, providing a harder test of a hypothesis 
than is commonly found in null models, which too often are trivial (e.g., X has no effect on Y). 
Indeed, some of the most exciting and popular scientific discoveries in recent years (Higgs 
boson, gravity waves, etc.)  involved testing very specific and quantitative predictions made by 
models. Furthermore, by making out-of-sample predictions, ecological forecasts provide a 
stronger test than in-sample statistical testing. Because these predictions are about a yet-to-
observed future, iterative methods are also less susceptible to overfitting, which may arise either 
overtly through multiple comparisons or subconsciously because those building the model 
already know what happened. Overall, shifting to an iterative approach to ecological forecasting 
has the potential to accelerate the pace of basic scientific research. Every forecast provides a 
natural experiment, and we get to test that hypothesis every day we go into the field. 

 
The other reason to focus on near-term, iterative rather than long-term forecasts is that 

forecasts far in the future do not provide feedback about how well we are doing. Research 
across widely disparate disciplines, spanning both the natural and social sciences, has 
repeatedly shown that this iterative process of gaining feedback, building experience, and 
correcting models and methods is critical for improving forecast capacity and use (Silver 2012; 
Kahneman 2013; Moss et al., 2014; Tetlock & Gardner 2015).  

 
When making ecological forecasts, our current knowledge and theories are embedded in 

the models we use.  Model improvement, however, is not guaranteed simply by making 
forecasts. Model results need to be compared to newly acquired data and their accuracy 
evaluated. A range of methods are available for evaluating model skill. When forecast skill falls 
below the desired levels, we are then confronted with how to interpret these results and modify 
our models. For simpler systems where the domain may be restricted to a few essential and 
well-understood physical processes, model revision may be relatively straightforward. If there 
are sufficiently few critical parameters and functions, one can generate large simulation 
experiments over suitable combinations and evaluate which models perform best. For more 
complicated models combining physical and biological processes, a situation typical of 
ecosystem and earth systems models, it may be difficult to understand why a model performed 
poorly and as a consequence make effective modifications. This is particularly true in places 
where theories about the underlying processes are poorly developed or when the process is 
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inherently idiosyncratic. Further difficulties arise when the targets of forecasting are themselves 
difficult to monitor accurately. 

 
These complexities suggest a more integrated assessment of models may be 

necessary. First, models should be constructed with well-defined sub-modules encapsulating 
hierarchical components of the modeled system (e.g. different life-history stages in a population 
model, species in a community model, or carbon pools in an ecosystem model). It may then be 
necessary to evaluate “sub-forecasts” produced by these components rather than focus only on 
a single target criterion. Adequate interrogation of model performance may require a 
hierarchical approach where sub-modules are tested in different combinations. In likely cases of 
ambiguity, these sub-modules should inform experimental or other fine-scale validation 
approaches. This approach, while improving model understanding and improvement, also 
places a greater burden on monitoring as specific measurements may be required for each 
different model sub-component. Whether large, complex models can be efficiently revised using 
simple comparison to a small number of key monitoring variables is an open question for future 
research. However, we argue here that there are good reasons to believe this will be a 
challenging task. 

Priority Areas for Ecological Forecasting 
In the emerging discipline of ecological forecasting there are wide swaths of problems 

where an iterative approach to ecological forecasting could bear useful fruit over the next 5-10 
year. The focal areas discussed below generally meet the criteria, which we will discuss in 
Section 4 (Types of problems..), of having societal relevance, open data, and occurring on 
spatial and temporal scales amenable to making useful forecasts. Broadly speaking, these are 
areas where we can begin to tackle iterative approaches to forecasting today using current tools 
and data.  
 

Developing ecological forecasts in these key areas would have a number of short- and 
long-term impacts on our field. In the short term, these forecasts have the potential to make our 
science immediately more relevant to society and adaptive management efforts. They will also, 
fairly immediately, give us feedback about how we are doing at forecasting different ecological 
quantities. In doing so they will begin to accelerate progress in these areas of research, and in 
some cases may lead to conceptual changes in how these problems are viewed and studied.  
 

On the longer term, these efforts to broaden the scope of iterative forecasting will also 
lay the foundation for being able to tackle harder problems in the long term. This improvement 
will come in 3 major ways: improvements in theory, improvements in tools and methods, and 
gaining experience. Key conceptual and methodological questions exist about the spatial and 
temporal scales of predictability, what ecological processes are predictable, and what sources 
of uncertainty drive uncertainties in ecological forecasts. Likewise, there are important questions 
about the relationship between emergent phenomena and predictability, the role of ecological 
teleconnections in predictability, and the importance of system memory and landscape legacies 
in affecting the predictability of ecological trajectories. Collectively gaining experience at 
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ecological forecasting is necessary because the community is currently not ready to respond 
quickly to events (e.g. natural disasters and disturbances) or effectively to adaptive 
environmental management information needs. Scientifically, additional experience is required 
because we currently lack a sufficient sample of iterative ecological forecasts to be able to look 
for general patterns to ecological predictability. 

Disturbance: Drought 
The IPCC Fifth Assessment Report projects that under climate change scenarios, 

drought will increase in frequency and severity [Allen et al., 2014]. Other modeling studies also 
simulate expansion of drying areas due increasing surface net radiation, vapor pressure deficit 
and potential evapotranspiration (Cook et al. 2014).  Forecasting drought and the form that it will 
take (i.e., meteorological, characterized by a deficit in precipitation; agricultural, characterized 
by a deficit in soil moisture; or hydrologic, characterized by a deficit in river and stream flow, or 
ecological, characterized by a deficit that drives ecosystems beyond thresholds of vulnerability) 
is hence a growing imperative [Pozzi et al., 2013; Werner et al., 2015]. Since 2000, the United 
Nations has identified the development of early warning systems for drought as a priority 
[UNISDR, 2000]. Reliable forecasts of drought could lessen its impacts on the economy and 
human livelihood by, for instance, allowing for more informed reservoir operations or agricultural 
decisions (e.g., the number of animals to pasture or the variety of crops to plant), by enabling 
water management agencies and municipalities to preemptively issue restrictions or relief 
organizations to plan for allocation of resources, and by anticipating impacts to ecosystems and 
natural resource management. 

 
State-of-the-art drought forecasts are statistical, dynamical, or combinations of both, and 

produce predictions of drought indices such as the standardized precipitation index [Dutra et al., 
2013; Belayneh et al., 2015; Mo and Lyon, 2015], soil moisture index [Thober et al., 2015], 
standardized streamflow index [Madadgar and Moradkhani, 2013] or standard anomaly index 
[Jaranilla-Sanchez et al., 2011]. Many of the statistical models use Bayesian [Madadgar and 
Moradkhani, 2013] or machine learning approaches such as artificial neural networks, trained 
on existing datasets [Jalalkamali et al., 2014; Belayneh et al., 2015], to project the value of 
drought indices into the future. Shortcomings of these models include that they tend to be 
specific to the region on which they were trained, and they may not be robust to nonstationary 
climates. These shortcomings may not apply to dynamical models. Those models often take the 
form of distributed hydrologic models that are forced by coupled atmosphere-ocean general 
circulation models [Thober et al., 2015] and produce estimates of river discharge, groundwater 
levels, and soil moisture [Jaranilla-Sanchez et al., 2011]. The most advanced of these 
mechanistic models also take into account feedback between vegetation communities, soil 
moisture, and regional exchange fluxes with the atmosphere [Sawada et al., 2014]. Detailed 
representation of vegetation often is lacking in mechanistic models yet is essential for 
forecasting agricultural drought and reducing the uncertainty in projections of soil moisture (e.g., 
Swann et al., 2016). In general, the low skill of soil moisture forecasts has been implicated as 
one of the greatest barriers to dynamical forecasts of drought [Mo and Lyon, 2015]. 
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A recent study comparing the skill of forecasts from state-of-the-art, ensemble-
generated, dynamical models to statistical drought models found that the dynamical seasonal 
forecasting system consistently outperformed the statistical forecasting system over all lead 
times examined [Thober et al., 2015]. The dynamical modeling system examined linked the 
North American Multi-Model Ensemble for meteorological predictions to a mesoscale hydrologic 
model, whereas the statistical modeling system used the ensemble streamflow prediction 
approach. These forecasts depend highly on initial hydrologic conditions, making their 
characterization an imperative. With regard to data needs for forecasting, the greatest is that of 
improved near-real-time precipitation data for the globe [Dutra et al., 2013; Mo and Lyon, 2015]. 
As with the Decade of Prediction in Ungauged Basins initiative in hydrology [Sivapalan et al., 
2003], rapid advancements in drought forecasting likely will be made with a combination of 
improved real-time data collection and improvements in process-level understanding, here with 
regard to soil moisture and vegetation dynamics.  

 
 Significant drought impacts include losses in primary productivity and biodiversity; 
altered rates of carbon, nutrient and water cycling; increased frequency, severity and extent of 
ecological disturbances such as wildfires and insect outbreaks; vulnerability to biological 
invasion; changes in water quality; and diminished quality of wildlife habit. The legacy of these 
impacts can carry over long (years to decades) after the drought is over, depending on the 
capacity of the particular ecosystem to withstand stresses (its resistance) and recover from the 
disturbance (its resilience). Given advances in subseasonal-to-seasonal, near-term, and long-
term drought forecasting, there is an important opportunity for ecologists to provide forecasts of 
the time- and space-dependent ecological consequences of drought.  

Disturbance: Fire 
Wildfire imposes significant costs on society in terms of its impacts on human health, 

property, and natural resources, and can also be a significant carbon source on a global scale. 
For federal agencies responsible for land management (e.g. US Forest Service) fire fighting 
costs represent an enormous budgetary uncertainty, that can swing wildly and strain resources 
from year to year and region to region. However, fire is a natural part of many ecosystems and 
natural or prescribed fire can be critical to maintaining ecosystem health and achieving 
conservation goals. For an individual fire, uncertainty about its spread and intensity is an 
enormous tax on those tasked with protecting human well-being and balancing decisions about 
where, when, and whether to fight a fire. Over longer time scales, fire feedbacks likewise 
represent a substantial uncertainty in climate change projections, both in terms of carbon 
budgets and species survival. Overall, fire forecasting is relevant to society across a range of 
spatial and temporal scales. 

 
On daily timescales, the integration of fire-emitted aerosols and trace gases into 

numerical weather forecasting systems has become possible because of the availability of 
reliable, high quality active fire and fire radiative power (FRP) observations from the Moderate 
Resolution Imaging Spectrometer (MODIS) and other satellite sensors with similar 
characteristics (Giglio et al. 2016; Schroeder et al. 2014). These near real-time (NRT) satellite 
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observations inform the initial boundary condition for chemical weather forecasts that predict the 
dispersal and evolution of fire plumes and the influence of biomass burning on atmospheric 
composition over a period of several days. Several operational and quasi-operational systems 
exist, including the European Union’s Monitoring Atmospheric Composition and Climate System 
(MACC) (Kaiser et al. 2012), the U.S. Navy’s Fire Locating and Monitoring of Burning Emissions 
(FLAMBE) Project (Reid et al. 2009), NOAA’s Smoke Forecasting System (Rolph et al. 2009), 
the U.S. Forest Service’s BlueSky smoke modeling framework (Larkin et al. 2010), and NASA’s 
GEOS-5 Forward Processing (FP) system (Darmenov and da Silva 2015). 

 
 The standard operating version of all of these forecasting systems assume that the 

spatial structure and intensity of fire emissions remain constant over the duration of the 
numerical weather forecast. Thus, the evolving impact of fires on atmospheric composition is 
determined by the influence of meteorology on transport, chemistry, and loss processes, but not 
because changing weather modifies rates of fire spread. If, for example, surface winds and 
vapor pressure deficits are predicted to abruptly increase several days into the future, the 
influence of fires on atmospheric composition may be underestimated because of the inability of 
these persistence-based algorithms to simulate an increase in emissions. Thus, a critical priority 
for future work is the development of predictive models of FRP and fire emissions that operate a 
scale appropriate for integration into these smoke forecasting systems.  An important related 
science challenge is to develop a quantitative understanding of how the quality of fire spread 
rate and emissions predictions may degrade over the course of a weather forecast, and how 
this degradation varies regionally from loss of information in the weather forecast, and 
separately, from limits to our ability to predict future variations in fire behavior given perfect 
knowledge of weather and climate. 

 
On seasonal timescales, a combination of expert opinion, statistical models, and 

dynamical models have been used to create seasonal outlooks of fire season severity. Within 
the U.S., the National Interagency Fire Center creates seasonal outlooks for different regions 
using seasonal climate forecasts from NOAA, estimates of snowpack, and expert opinion of 
regional fire managers. For Indonesia, Spessa et al. [2015] created an early warning system for 
fires using precipitation forecasts from the ECMWF System 4 coupled ocean–atmosphere 
model. For the Amazon, Chen et al. [2011]  and Fernandes et al. [2011] provided evidence that 
sea surface temperatures (SSTs) in Niño 3.4 and Atlantic Multidecadal Oscillation (AMO) 
regions create a dual forcing of fire activity, with lead times of 3-9 months between SSTs and 
the middle of the fire season. Subsequent work has highlighted the role of terrestrial water 
storage as a mechanism enabling these lead times, by serving as a capacitor linking wet 
season teleconnections with dry season evapotranspiration and relative humidity [Chen et al., 
2013; de Linage et al., 2014]. Drawing on these relationships, an experimental seasonal fire 
forecasting system was developed by University of California Irvine and NASA scientists for 
different states and regions within the Amazon Basin 
(http://www.ess.uci.edu/~amazonfirerisk/ForecastWeb/SAMFSS2016.html). In this system, 
MODIS active fires are statistically modeled as a function of SSTs from the Niño 3.4 and AMO 
regions, and Gravity Recovery and Climate Experiment (GRACE) satellite observations 
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terrestrial water storage are used to corroborate forecasts prior to public release. Recent work 
suggests it may be possible to predict seasonal burned area in other ‘hotspot’ regions on 
different continents, and highlighting the central role of El Niño - Southern Oscillation (ENSO) in 
influencing interannual variations in burned area [Chen et al., 2016]. 

 
With the lengthening MODIS active fire and burned area time series and new high-

resolution fire products becoming available from Visible Infrared Imaging Radiometer Suite 
(VIIRS) [Csiszar et al., 2014], a unique opportunity exists to create a global early warning 
system for seasonal fire risk using dynamical forecasting systems. The use of dynamical 
forecasts from GEOS-5 [Ham et al., 2014], ECMWF [Vialard et al., 2005], and other seasonal 
forecasting models may offer several advantages over statistical models driven by SSTs. First, 
dynamical models have been shown to have improved forecast skill for ENSO during boreal 
spring as compared with statistical models, and thus may allow for longer lead times and higher 
levels of fire predictability [Barnston et al., 2012]. Second, with anthropogenic forcing of climate 
change expected to intensify in the future, the behavior of climate modes and teleconnections 
between remote ocean-atmosphere interactions and climate over land are unlikely to remain 
stationary [Milly et al., 2007]. Thus, the use of a dynamical forecasting system may increase the 
robustness of a seasonal fire forecasts with respect to unforeseen future changes in the timing 
and severity of fire seasons.  

Zoonotic and Vector-borne Disease 
Infectious disease is responsible for over a quarter of all human deaths annually (WHO 

2004). Historical pandemics killed substantial fractions of the population at the regional scale, 
and there is growing concern about emerging and re-emerging infectious diseases as a result of 
population growth, globalization, and climate change. Emerging and re-emerging infectious 
diseases are diseases which are new to or have been reintroduced to a population and are 
increasing in incidence or expanding in range (Morens et al. 2004). The emergence of human 
immunodeficiency virus (HIV), the causative agent of acquired immune deficiency syndrome 
(AIDS), is one example of an infectious disease that emerged in the human population and has 
caused great morbidity and mortality (Morens et al. 2004).  Emerging and re-emerging diseases 
are not just of concern for humans; these diseases  can also have large impacts on wildlife and 
livestock. For example, the 2001 UK outbreak of foot and mouth disease alone resulted in 
almost 6.5 million livestock being culled and had a £6 billion ($9.3 billion) economic impact on 
the UK (Anderson 2002,Thompson et al. 2002). In wildlife, the Tasmanian devil facial tumor 
disease, an infectious cancer that emerged in Tasmanian devils, has caused such severe 
population declines and has spread so quickly that it could lead to the extinction of Tasmanian 
devils in the wild (McCallum et al. 2009).  Because of the high costs to public and animal 
welfare and the additional economic burdens associated with disease outbreaks, there is a 
growing interest and need to improve forecasting capabilities. 

  
Zoonotic diseases, diseases which are transmitted to humans by animals, and vector-

borne diseases are often listed as a high priority area for emerging infectious disease research. 
Recent examples of zoonotic and vector-borne disease emergence events include the Ebola 
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outbreak in West Africa in 2014 and the Zika virus emergence in South America in 2015. 
Zoonotic diseases emerge from a wide range of animal hosts around the globe making 
predicting such an emergence event difficult. Vector-borne diseases are also particularly 
challenging because the feeding preferences of the arthropod vector (i.e. mosquitoes for 
diseases such as malaria, and dengue; ticks for Lyme and borreliosis; Kissing Bugs for Chagas) 
may not be limited to one or two species. An additional challenges with vector-borne diseases 
are the expanded ranges of vectors and pathogens through human-facilitated movement and 
environmental influences such as climate (Wesolowski et al. 2012, 2015, Parham et al. 2015). 
Increasing our ability to forecast the emergence or re-emergence of infectious diseases, 
particularly zoonotic and vector-borne diseases, and the potential spread after the emergence 
has taken place is one of the major challenges in disease ecology (Han et al. 2016, Lofgren et 
al. 2014) 

 
Though there is still a great amount of work to be done, forecasting in disease ecology 

has made great strides in recent years with the development of new methodologies including 
ensemble models (both single and multi-model ensembles) (Shaman and Karspeck 2012, 
Lindstrom et al. 2015, Yamana et al. 2016, Webb et al. 2017), and adaptive management and 
structured decision-making (Shea et al. 2014, Probert et al. 2016, Webb et al. 2017). These 
advances in forecasting methodology have been initiated in part by the increase in use of 
models to inform policy and the recognition of the value that models can bring to decision-
making (Lofgren et al. 2014, Han and Drake 2016). The majority of these new advances in 
forecasting have been made in human and livestock systems and on directly transmitted 
diseases. Zoonotic and vector-borne diseases present unique challenges to forecasting 
because multiple hosts or vector species are involved; this additional ecological complexity 
results in forecasts that must take multiple populations into account. Efforts at forecasting these 
diseases are emerging (Bettencourt et al 2007, LaDeau et al 2011, 2015), however, as with all 
forecasting efforts high quality data are needed, including  large-scale monitoring data (Springer 
et el 2016, Han and Drake 2016). Risk factors and standardized ways of predicting zoonotic 
emergence events are also being investigated, though these are also in early stages (Luis et al. 
2013, Han et al. 2016, Han and Drake 2016). 

Plant pathogen and insect outbreaks 
Plant pathogens and insects are major drivers of growth reductions and plant mortality 

across both native vegetation and agriculture. Billions of pounds of pesticides are used annually 
to avoid outbreaks among agricultural species, as historically such outbreaks have had 
considerable impacts on human health, nutrition, and rural economies. Yet, pesticides 
themselves have also had large impacts on humans and natural ecosystems. Within natural 
systems, endemic insects and pathogens regulate patterns of diversity (Bagchi et al 2014), 
native and invasive outbreaks can have large economic impacts (Aukema et al. 2011), and 
invasive outbreaks have decimated numerous keystone tree species (Anagnostakis 1987; Loo 
2008). In the US alone forest insects and pathogens have an impact on the forest carbon cycle 
comparable to fire and harvest combined (Hicke et al 2012). Indirectly, insects and pathogens 
outbreaks alter ecosystem services, biogeochemical cycling, and forest structure, composition, 
and biodiversity. 
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Despite their widespread effects, pest forecasts remain limited outside major agricultural 

crops. For example, the US Forest Service runs a forest health monitoring program and 
produces a periodic assessment of forest risks (Krist et al 2014), but this is an assessment of 
potential hazards, not a prediction. More generally, current forecasts are predominantly 
equilibrium predictions of potential range (Meentemeyer et al 2012). Near-term forecasts of 
outbreak dynamics that include uncertainties are rare (Hatala et al. 2011), and have been ‘one-
off’ predictions that have not been updated in light of new data. 

 
Given their large impacts, near-term time scale, and amenability to management options 

(e.g., pesticides, harvesting, restrictions on moving materials), pest forecasts appear to be a 
good candidate for near-term iterative forecasting. In the US, potential sources of iterative data 
include forest inventory data, airborne and ground-based forest health monitoring programs, 
reporting from land managers, and remote sensing. While all but the largest outbreaks are hard 
to detect from current satellite remote sensing, due to their moderate spectral resolution, 
imaging spectroscopy has previously been used to both detect outbreaks and distinguish 
among agents (Hatala et al 2010). 

Biogeochemistry/Carbon 
Humans are rapidly changing ecological systems by altering the global biogeochemical 

cycles.  These changes are driven by many activities, such as increasing emissions of carbon 
dioxide (CO2) to the atmosphere from burning fossil fuels, altering the distribution and nature of 
freshwater, rapidly changing land cover and land use, and increasing industrial extraction and 
application of reactive elements (Vitousek et al. 1997).  Forecasting the impacts of these 
anthropogenic and natural processes on global biogeochemical cycles constitutes a major area 
of research in ecology and earth system science.   
 

Given the potential for complex feedbacks with climate, there is a pressing need to 
acquire observations and models to better predict and understand the C cycle. In particular, we 
need to improve quantification of CO2 and methane sources and sinks, the changes in C stocks 
at continental to global scales, and temporal changes in climate and nutrient controls. These 
observations and models are necessary to support policy decisions at regional to global scales 
(Canadell and Schulze 2014; Ciais et al. 2014).  
 

The key tool for forecasting carbon dynamics are Earth System Models (ESMs) that 
incorporates thousands of interrelated processes simulating energy balance, hydrology, and 
biogeochemistry interactions between the Earth’s surface and the atmosphere (Oleson et al. 
2013; Hurrell et al. 2013). Despite continuous development of such comprehensive ESMs over 
the last decade, uncertainty in future terrestrial C cycle feedbacks, as represented in inter-model 
spread, has not been reduced (P. Friedlingstein et al. 2006; Pierre Friedlingstein et al. 2014).  
 

A common way to reduce this uncertainty and increase the model’s forecast 
performance is through confronting the models with data (Raupach et al. 2005; Scholze et al. 
2017). Constraining model predictions with data is usually done with Bayesian-based data 
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assimilation (DA, also called model-data fusion) (Y. Luo et al. 2011). DA provides a statistical 
framework to use data to estimate model parameters, evaluate alternative model structures, and 
quantify uncertainties in model predictions. DA has been successfully applied to simple 
ecosystem models with modest amounts of data (e.g. (Williams et al. 2005; Keenan, Davidson, 
and Moffat 2012; Bloom and Williams 2015) but encounters tremendous challenges when it is 
applied to a complex Earth System Model, such as the Community Land Model, with multiple 
streams of heterogeneous data (Yiqi Luo et al. 2016). The challenges arising from DA with 
complex models and multiple datasets include low tractability of complex models; 
interoperability of multiple, heterogeneous data sets; equifinality of model structure selection 
and parameter estimation; and computational demand of global optimization. Nonetheless, 
efforts to apply formal data assimilation systems to global carbon cycle models are currently 
underway e.g. (Schürmann et al. 2016; Peylin et al. 2016). 
 

Systematic observations, with well characterized uncertainties, that can be linked to 
modeled states and fluxes, therefore play a critical role in forecasting the future trajectory of 
biogeochemical cycles, particularly over the land surface where high spatial and temporal 
variability in ecosystem fluxes creates the largest uncertainties. Relevant observations are 
numerous, but can be characterized in general terms as in-situ measurements of CO2 (and 
other gases) concentration in the atmosphere, measurement of gas fluxes by networks such as 
FLUXNET, ICOS and NEON, and inventory measurements of biomass on the land surface, and 
remote sensing observations of atmospheric composition, vegetation and other surface 
properties (Ciais et al. 2014; Scholze et al. 2017). 
 

Although technically challenging, there is considerable benefit from using multiple data 
sets simultaneously to improve models of the carbon cycle due to their complementary ability to 
constrain different ecosystem processes (MacBean et al. 2016; Thum et al. 2017). These 
processes interact to control overall carbon fluxes, and need to be accurately simulated to make 
reliable forecasts at all time scales. 
 

These are exciting time in carbon cycle science, as for the first time we find ourselves 
with systematic observations, carbon cycle models, statistical tools and nascent systems to 
bring these three components together to make meaningful forecasts. Long time series of 
observations, new monitoring networks, and a suite of current and upcoming remote sensing 
missions (GOME-2, SCIAMACHY, ECOTRESS, GEDI, OCO2/3, TROPOMI, BIOMASS, FLEX, 
GeoCARB) promise to overcome the limitations of using short-term, localized or episodic data 
collections to describe inherently non-stationary ecological systems where the range of both 
explanatory and response variables changes due to shifting species composition, adaptation 
and evolution.  Iterative forecasts through time enable much larger areas of the solution space 
to be explored over a diverse range of conditions, leading to an orderly forecast evaluation-
update-improvement cycle.  

Biodiversity: habitat, threatened, invasives 
Understanding and conserving biodiversity is considered to one of the grand challenges 

in environmental science (National Research Council 2001) and is central to the new 
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Intergovernmental Science-Policy Platform on Biodiversity and Ecosystem Services (IPBES). 
However estimates of how biodiversity will respond to climate change and other factors vary 
widely (Urban 2015). This results, in part, because forecasts for extinction risk and changes in 
biodiversity are rarely explicitly tested and are not regularly updated as new information 
becomes available, and because our understanding of the processes governing biodiversity is 
still limited.  

 
Improving the prediction of how biodiversity will change in the future will benefit from 

three major advances. First, models for changes in biodiversity should include dynamics. The 
vast majority of diversity modeling approaches are currently based on space-for-time 
substitutions that are used to either model the location of individual species or model diversity 
directly (e.g., Thomas et al. 2004, Distler et al. 2015). Explicitly including dynamics in these 
models allows information on how diversity has changed through time in the past to be 
considered by the models and could allow limitations to species’ ability to move in response to 
changes in the environment to be considered (Early & Sax 2011). Second, improvements in 
data use and availability for both biodiversity data and associated environmental data are 
important. Most of the openly available data on biodiversity comes from temperate regions 
whereas areas that are considered of greatest concern for biodiversity loss are located primarily 
in the tropics (Gonzalez et al. 2016). In addition, most biodiversity predictions are based only on 
climate data (e.g., Thomas et al. 2004, Distler et al. 2015), even though factors such as habitat 
loss and invasive species are considered to have major influences on biodiversity. Expanding 
the array of data used for forecasting diversity will be hard work, but will be crucial to 
improvements of our understanding of how diversity will change from local to global scales. 
Finally, biodiversity captures a number of different components of community ecology, but 
almost all biodiversity forecasts focus only on the number of species. The benefits of 
biodiversity forecasting for management and understanding of ecological systems will be 
significantly improved if biodiversity forecasts expand to include an array of biodiversity 
components including numbers of rare or threatened species and aggregate diversity metrics 
that incorporate not only the number of species but also their relative abundance within the 
community. 

 
Forecasts of invasive species distributions are used for risk assessments to develop lists 

of species to allow (white list) or not allow (red list) into a country or region, to develop watch 
lists of established species spreading to new areas, and to guide control efforts for already 
established species.  Often, however, these forecasts are static.  As with biodiversity, including 
dynamics would advance predictions.  These forecasts are often of where a species may occur, 
rather than where a species may be abundant or have a large impact.  Data sets beyond 
occurrence data from museum or opportunistic mapping are needed to move towards forecasts 
of impact.  Addressing abundance and impact across all species would provide better 
information on the potential impacts to native populations and ecosystems would help 
understand the threat to biodiversity and prioritize monitoring and control efforts. 
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Wildlife & fisheries management 
 

The application of population models to wildlife and fisheries management provides a 
long-standing example of integrating data and models to make ecological forecasts (Crouse & 
Crowder 1987, Lande 1988). This domain also provides some of the earliest ecological 
applications of Bayesian methods (Varis & Kuikka 1997, Punt and Hilborn 1997, Hilborn and 
Mangel 1997) and useful case studies in integrating diverse data sources to constrain forecasts 
(Michielsens et al. 2008, Kuikka et al. 2014). Wildlife and fisheries management also provides 
an important example of a long-standing integration of ecological forecasts into decision 
support. 

 
 Despite being a more advanced example of current ecological forecasting approaches, 
there is still plenty of work to be done on wildlife and fisheries forecasting. In particular, current 
iterative approaches are largely manual, rather than relying on automation, and thus are 
typically only updated annually rather than as data becomes available. Automation may help 
capture population shifts more quickly and general cyberinfrastructure for forecasting would help 
extend iterative forecasting approaches to a wider range of populations. In addition, most fishery 
and wildlife forecasts don’t take a truly iterative approach, but instead typically refit the whole 
model to all previous data as new data is added. This matters less for small data sets and 
problems  (e.g. a local wildlife population), but for larger problems that integrate over numerous 
data streams and populations (e.g. regional fisheries assessments) computation has already 
been identified as a bottleneck (Kuikka et al. 2014). Truly iterative approaches could help relieve 
this bottleneck.  

Phenology 
 

Seasonal shifts in light, temperature, and precipitation act as the metronome to nature. 
Year-to-year variability in the timing of phenology cycles can have a large impact on species 
interactions, ecosystem and agricultural productivity, and other ecosystem services, but remains 
challenging to predict. Accurate short-term phenological forecasts could improve agricultural 
productivity (e.g. through more precisely planned planting and harvest), conservation, recreation 
and tourism, and the management of invasive species (e.g. dispersal) and diseases (e.g. host 
life cycle). Long-term shifts in phenology could have large impacts on biodiversity and 
ecosystem function (Winder & Schindler 2004; Willis et al. 2008; Miller-Rushing et al. 2010; Pau 
et al. 2011), by creating asynchronies between species and their environments (Inouye 2008), 
and among interacting species (Both et al. 2006; Post & Forchhammer 2008; Thomson 2010). 
Improved long-term phenological forecasts (Ibanez et al 2010) thus impacts management and 
policy options. 

 
 Phenological forecasting is relevant to all organisms, but plant phenological forecasting 
is particularly amenable to iterative forecasting due to the availability of large amounts of 
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automated data (e.g. remote sensing, phenocam network, paired above/below canopy light 
sensors) and citizen science initiatives (National Phenology Network, Project Budburst). Leaf 
phenology, in particular, has large impacts on ecosystem productivity, carbon allocation, land 
surface energy budgets, and the annual oscillation of atmospheric CO2 (Moore et al. 1995, 
Richardson et al. 2013, Keenan et al 2014). Leaf phenology is subject to large amounts of 
spatial and interannual variation (Richardson et al. 2010) and a large source of uncertainty in 
carbon cycle models (Richardson et al. 2012) and remote sensing platforms and algorithms 
(White et al. 2009); meta-analyses of warming experiments and long-term observations show 
surprisingly discordant results of temperature sensitivities (Wolkovitch et al. 2012). Initial efforts 
at applying iterative forecasting approaches to phenological forecasting are promising (Viskari et 
al 2014) but have identified a need for a fundamental shift in approaches. Specifically, most leaf 
phenological models are not dynamic (i.e. future phenological state is not a function of current 
phenological state), which makes it impossible to update near-term forecasts in light of new 
observations. Shifts in modeling approaches will not only make phenology more amenable to 
near-term forecasting, but also have the potential to lead to advances in our understanding of 
phenological processes. Phenological forecasting also needs to be scaled up in space to better 
explore how to leverage spatial and temporal correlations and deploy monitoring using adaptive 
approaches.  
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4. Opportunities 

Iterative forecasting is now feasible 
 

In terms of societal demand, technological advancement, and availability of data, the 
time is ripe for rapid progress in making our science more predictive. A major driver for iterative 
ecological forecasts is controlled not by the supply (data, technology, etc), but by the demand 
for such forecasts. Societally, recent progress in climate change policy, both internationally and 
domestically, is making forecasting ecological systems and services more politically relevant, 
while global change itself is making environmental management that primarily uses historical 
conditions less likely to identify solutions that lead to sustainable or stakeholder-desired 
outcomes.  While societal demand affects the impetus for forecasting, in the subsections below 
we’ll highlight the changes in technology, data, methods, and scientific culture that make 
iterative forecasting more feasible than ever before. 

Data trends and requirements 
 
The amount of available ecological data has been rapidly increasing, and it is this 

increase in data that makes iterative forecasting much actionable than it has been in the past. At 
a high-level, there are a number of factors contributing to this increase in data availability. First, 
technological advances are greatly increasing the volume of data collected by ecologists. New 
instruments have been developed, and older instruments refined, across all scales from remote 
sensing to molecular methods. Furthermore, many instruments have gotten cheaper, smaller, 
and lower power, allowing more sensors to be deployed, while increases in sensor speed and 
decreases in the cost, size, and power requirements of data storage has allowed measurement 
frequency to increase in many areas. In addition, the development of remote data uplinks is 
making data available more rapidly.  

 
Data to be used in near-term ecological forecasting can come from a wide variety of 

sources, but the most useful data share certain characteristics. Repeated measurements are 
essential, since they enable the checking and iterative improvement of forecasts. High 
measurement frequency also provides more opportunities for model updating and improvement, 
and low latency (time between data collection and data availability) ensures forecasts are made 
on relevant time scales, and are not obsolete before they can even be made. Both frequency 
and latency requirements are relative to the process being forecast and the time horizon of the 
prediction; in the examples given in Table 1, harmful algal blooms are forecast on the order of 
days and use daily input data, while the lynx population in Sweden is forecast on an annual 
basis, updating with new input data only once a year. 

 
Ecological forecasts will furthermore be most successful if they use public, accessible, 

machine-readable, and interoperable data (Michener and Jones 2012); and open-source, 
reproducible, and well-documented models and software. This is especially important for 
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iterative forecasts, because of the need for continuous, automated updates as new data 
becomes available. Fortunately, there has been a recent push in ecology towards making the 
data and code associated with science more openly available (Whitlock et al. 2010, Mislan et al. 
2016), and towards following best practices in data structure (Borer et al. 2009, White et al. 
2013), metadata (Michener et al. 1997,Strasser et al. 2012), and software development 
(Stodden & Miguez 2014, Wilson et al. 2014). Collaborative research is becoming ever more the 
norm in ecology, which requires greater data sharing and more rigorous data management to be 
effective. 

 
 At the same time, Federal policies now mandate the release of non-sensitive Federal 

data and software in public, machine-readable, and open-source formats (Burwell et al., 2013; 
Scott and Rung 2016). To support these requirements, data archives have come into existence, 
not only making long-term archiving possibly but also providing citations for data directly. 
Beyond these minimum requirements for data sharing, many researchers now take a more open 
view on data sharing than previous generations, with increasing numbers voluntarily sharing not 
just with collaborators but posting data openly, in some cases doing so in real time 
(https://eos.org/editors-vox/your-science-is-your-openly-shared-data). 

 
Because of these trends and requirements, computer scientists, software engineers, and 

information managers can add significant value to ecological forecasting teams and should be 
engaged as first-class collaborators (Read, 2016).  We strongly recommend that ecologists in 
general, and groups involved in iterative forecasting in particular, follow these practices to 
maximize the potential for building open, integrated systems for performing iterative forecasts. 
The use of open data in ecological forecasting will also maximize data use, model comparison 
and competition, and contributions by a diverse range of researchers. Testing, reproducibility, 
and accuracy can all be improved by multiple research groups using a common dataset.  
 

Forecasting provides a particularly strong impetus for the timely public release of 
ecological and environmental data. Having the most recent data possible maximizes the 
potential for making accurate forecasts. As such, long embargo periods and delaying data 
release until after publication of the associated papers will reduce the accuracy of forecasts. In 
addition to delays in availability of data, much long-term ecological data is not easily accessible 
or requires considerable effort to clean and harmonize with other datasets. The lack of 
availability of many long-term datasets is related, in part, to concern on the part of the data 
collectors that they will not receive sufficient credit for this unique kind of data (Mills et al. 2015). 
As such, efforts to ensure that proper credit is provided to data providers will be important for 
maximizing the potential of ecological forecasting. 

  
There is often also a discrepancy in rapid data release across ecological disciplines and 

observational methods. Automated data streams from instruments mounted on stationary or 
moving platforms (e.g., towers or satellites) are often collected, processed, and made available 
in a matter of minutes to days via a well developed and automated cyberinfrastructure. 
However, manually-collected observational data are not rapidly available due to logistics; time 
lags may occur for many reasons. Technicians or scientists may have limited time, access, or 
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resources to make observations and digitize them. Samples (e.g., water, soil, biological 
specimens) often must be shipped to labs for processing, identification, verification, or analysis. 
In some cases, very few facilities are sufficiently specialized and available to quickly process 
samples, and each may use different data documentation standards. Thus, each processing 
and translation step may cumulatively delay data release by months to years. While much 
discussion has occurred in the literature about improving resource availability for research, 
another immense boost would be to improve the availability as well as competition among such 
facilities to meet timely and strict contractual obligations as well as promote shared standards 
among these facilities. 

  
Some types of observational data will also continue to be relatively sparse due to 

localized or remote niches or microclimates; availability or interest to study particular species or 
communities, or due to the sensitivity of releasing particular data due to concern over protection 
of vulnerable species or locations and issues of privacy on private lands. Here, there should be 
efforts undertaken to aggregate or anonymize data such that legitimate researchers can access 
data of interest while keeping sensitive data protected. For data that is not particularly sensitive 
but rather sparse, technologies can be developed that assist these remote researchers to 
manage their data similarly and share it. One such initiative, GEOBON’s in-development ‘BON 
[Biodiversity Observation Network] in a Box’ (https://boninabox.geobon.org), provides a set of 
modular software tools that capitalize on existing standards for documentation and analysis. 

 
In addition to increased data availability at the scale of individual researchers, there has 

also been an increase in data from research networks, both formally organized and grassroots, 
as well as a number of important citizen science initiatives. Formal networks provide 
standardized data collected using common protocols and instruments across many sites and 
many types of observations. Network programs with data that are available include the Long 
Term Ecological Research Network (LTER), Forest Inventory Analysis (FIA), the USGS National 
Water Quality Assessment (NAWQA), the USGS National Water Information System, FluxNet, 
and the National Ecological Observatory Network (NEON).  These networks include both 
research (LTER, FluxNet) and monitoring/observational (FIA, NEON, NAWQA) networks. 
Importantly, these networks have dedicated funding that provides long-term data.  

 
Grassroots networks, such as Global Lake Ecological Observatory Network (GLEON; 

www.gleon.org), Nutrient Network (NutNet, http://nutnet.org/) and DroughtNet 
(http://www.drought-net.org/), often lack top-down funding but provide a common protocol for 
individual researchers to implement the same observations or experiments across many sites. 
Citizen science initiatives, such as the Breeding Bird Survey, the National Phenology Network, , 
LakeObserver (www.lakeobserver.org), and iNaturalist, expand this idea outside of academia, 
often leveraging mobile phone technology to allow everyday people and schoolchildren to 
contribute observations. These networks include both experimental and observational data. 
They vary in the extent to which they meet the criteria  of open data best practices, high 
frequency, low latency, and uncertainty reporting. However, all of them meet at least some 
criteria, and often can be used together, or in conjunction with remote sensing data, to form 
much richer datasets. 
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 At the other extreme from bottom-up networks are large-scale derived data layers, such 
as are common for climate data, land-use data, remote sensing, and GIS (Figure 1). Such data 
are available in a wide range of spatial and temporal resolutions and extents with assessments 
of accuracy made by large teams of researchers.  For example, land use/cover maps for the 
conterminous United States are available from the mid-1970s through current at 5 year time 
steps (Fry et al. 2009, 2011, Wickham et al. 2013) at 30m resolution for > 15 classes of land 
use/cover. Other widely available land/cover databases for modeling land change include 
CORINE for Europe (e.g., Weber 2007, Feranec et al. 2010) and GlobeLand30 (Joka Arsanjani 
and Tayyebi 2016) and MODIS (Friedl et al. 2002, 2010) at a global scale. Finer scale temporal 
information on critical ecological variable such as LAI and soil moisture have now released to 
the ecological community near-real time which can be used to assess current ecological 
condition of vegetation (cf. Anderson�Teixeira et al. 2015).  Land cover type specific data are 
available too from a variety of national and international government agencies, such as the US 
Cropland Data Layer (Boryan et al. 2014) and forest inventory plots (e.g., Forest Inventory and 
Analysis data or FAI, see Oswalt et al. 2015, Fei et al. 2015). Global gridded atmospheric data, 
such as NCEP Reanalysis data (Kanamitsu et al. 2002, Kistler et al. 2001, and Kalnay et al. 
1996), are readily available for key atmospheric inputs (e.g., relative humidity, air temperatures, 
solar fluxes).Other data, which are static for most modeling purposes, are also readily available 
at large scales and in accessible formats (e.g., common GIS formats), such as hydrography 
(e.g., NHD-PlusV2 or later) hypsography (e.g., Shuttle Radar Topography Mission).  Long-term 
surface- and groundwater data, including physical (discharge, well levels, temperature), 
chemical (nutrients, toxicology, organics, metals), and biological variables (community 
assemblages, production), are available from the USGS and EPA Water Quality Portal 
(http://www.waterqualitydata.us/) and National Water Information System 
(http://waterdata.usgs.gov/nwis). Water use information, summarized at watershed and county 
scales, is collected by USGS every 5 years. NOAAs National Water Model provides real-time, 
10-day and 30-day forecasts for 2.7 million stream reaches in the NHDPlus 
(http://water.noaa.gov/about/nwm). 
 
 Human demographic, economic, health, and housing data are often collected by local, 
national or international governmental organizations and many of these variables might be 
helpful for modeling the relationships between population change, consumption patterns and 
natural resource use.  Other useful data might include public boundaries, political boundaries, 
and road networks, to name a few.  Archives of useful socioeconomic data are available from 
local, regional, national and/or international governmental organizations; one of the most 
comprehensive source if NASA’s SocioEconomic Data and Applications Center or SEDAC. 
Data on species distributions and abundances vary considerably, but are the best for 
vertebrates and woody plants; the best are for birds such as the National Breeding Bird Survey 
conducted annual since the late 1960s and the Christmas Bird Count organized by the Audubon 
Society. Global distribution maps with their conservation status exists for many vertebrates, 
such as mammals (e.g., Pekin and Pijanowski 2012). High resolution information on the 
presence/absence of some species is now becoming available through new technologies such 
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as camera traps (e.g., Ahumada et al. 2011) and soundscape recordings (e.g., Pijanowski et al. 
2011). 
 

Large and long-term data programs have the advantage of sustained funding and 
human capital to develop streamlined, thorough, and well documented and vetted pipelines for 
the data lifecycle (collection, quality control, publication, and archiving). Such pipelines have 
been developed and continue to be refined from the experience of researchers across the 
decades. Advances in data standards and data processing tools have also contributed to data 
becoming available more quickly in both large and small projects, as processing is often a 
greater bottleneck than data download itself. That said, at all level opportunities remain to 
increase the discovery and interoperability of datasets. Interoperability is improved not only 
through the use of data standards, but also through the development of ontologies that define 
these standards and the relationships among them so that we can improve machine-based 
discovery and interconversion of comparable data. We can also aim to produce more consistent 
data layers and rely on standard gridding systems to avoid issues of scale mismatch among 
data. Likewise, we need better tools for data discovery and mapping, such as easy-to-find public 
APIs and tutorials to use them 

 
Finally, it is critical to develop ecological forecasts that characterize the uncertainty of 

predictions, rather than making deterministic predictions. However, it is impossible to make 
realistic probabilistic forecasts without estimates of the uncertainty in input data. Uncertainty 
reporting on input data for forecasts is essential, as is assessment of model uncertainty. At the 
moment, publicly available data vary considerably in the extent of uncertainty reporting, but at 
the moment robust uncertainty estimates tend to be the exception rather than the rule. This is 
an important area for further development. Furthermore, opportunities exist to leverage model-
driven uncertainty analyses to better identify what data are most crucial for reducing 
uncertainties [Dietze et al., 2014,2013; LeBauer et al 2013]. 
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Figure 1.  Timelines that (A) summarizing major data streams that can be used for ecological 
forecasting; (B) timeline period descriptions; and (C) forms of modeling across time.  
Forecasting, hindcasting, backcasting, deep backcasting. 
 

Methods and computation 
 The increased technical feasibility of iterative forecasting isn’t solely driven by increased 
data availability. Methodologically, the past decade has seen considerable uptake of 
sophisticated Bayesian approaches among ecologists and advances in those methods and 
tools. Particularly relevant to iterative forecasting are advances in the area of nonlinear 
sequential (i.e., iterative) statistical methods, such as Sequential Monte Carlo / particle filters 
and  ensemble filters, which are increasingly being employed with both statistical and process-
based models. Furthermore, there is a growing recognition that the forecasting of ecological 
state variables (as opposed to parameter estimation) requires going beyond forecasting 
methods inherited from the physical science that were optimized for endogenously chaotic 
systems (e.g., numerical weather prediction). Specifically, hierarchical methods have allowed 
ecologists to better account for the heterogeneity and inherent variability in ecological systems, 
and to partition inherent stochasticity (e.g., disturbance) from model error, but such approaches 
are only beginning to be incorporated into iterative ecological forecasting. Finally, at the 
completely opposite end of the spectrum from the “big data” advances in ecology, Bayesian 
methods are also providing a means to make forecasts when data are very sparse (Ibanez et al. 
2014). Specifically, the use of informative priors, such as through expert elicitation, generates a 
starting point for chronically data-limited problems (e.g., invasive species, emerging diseases) to 
make formal predictions, with uncertainties, and then to iteratively refine these predictions as 
data become available. 
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 In addition to statistical advances, informatics and data science have emerged as 
disciplines that are increasingly able to deal with the emerging challenges of working with big 
data. Forecasting likewise is able to leverage more computational resources than ever before. 
Beyond the general increase in the speed and power of individual computers, high-performance 
computing resources (clusters, supercomputers) are becoming more and more available to 
most researchers. Furthermore, the advent of cloud computing is making computation more 
flexible and scalable. 
 

Just as data has become more open, likewise models and tools for forecasting are 
becoming more open to make acquiring and working with models and data easier (e.g., 
rOpenSci, Morris & White 2013). Programming languages like R and Python provide thousands 
of statistical packages that are open and free. In addition, more and more quantitative ecologists 
are moving their tools and models into open code repositories, such as Github, where they are 
both free to use and more easy to modify and contribute to. Public APIs and web services 
increase the rapid accessibility of data using a standardized set of labels or annotations, which 
may in turn be mapped to various model parameters. Simultaneously, community-developed 
standards for environmental data types (e.g., Open Geospatial Consortium NetCDF, WaterML) 
are being developed to ensure consensus.  Open source code to make use of data services is 
rapidly being generated and adopted by researchers and agencies and shared on public 
repositories; among these are the USGS’s GitHub repository for R code, USGS-R 
(https://github.com/USGS-R) as well as numerous Github repositories developed by community 
members that integrate, analyze, and visualize USGS data. Continued funding of among-entity 
development and maintenance of sharing infrastructure is critical. 

Types of problems and decisions amenable to iterative 
forecasting 

Socially relevant 
 

One could choose to forecast many different phenomena.  One consideration is to focus 
on forecasts that are useful for societal decisions.To be societally useful, a forecast needs to 
provide information about ecological processes and ecosystem services that impact goals 
common for the management of environmental resources. Forecasts that can be directly 
incorporated into a decision context and that have a positive value of information (i.e., a 
decision could change as a result of more precise information) have a higher societal relevance 
than those that solely improve our fundamental understanding of a system. For example, 
grazing permit decisions on western public lands could be based not just on climatological 
forecasts of drought, but also ecological forecasts of drought responses, in terms of not only 
predictions of forage quantity and quality, but also indirect impacts on biodiversity, 
biogeochemical fluxes, invasibility, and disturbance risk (fire, erosion, etc). 



3
4	

Ecological	Forecasting:	Needs,	opportunities,	and	challenges	
 

At the right scale 
 
 There are a few traits that can guide us in picking particularly good problems to 

forecast. At the one extreme, processes that change very slowly (e.g. soil carbon) are easier to 
forecast accurately on the near-term, but such forecasts are hard to distinguish from trivial null 
models (e.g., no change). At the other extreme, forecasts of phenomena that are too short term 
(e.g. sub-daily carbon fluxes) may be too noisy and may not have practical applications. 
Particularly promising are phenomena that exhibit sufficiently rapid change to be challenging to 
model on monthly- to interannual- timescales. Examples include fire, insect outbreaks and 
epidemics, which show strong episodic behavior that varies between seasons and years. These 
examples also illustrate a second trait: strong positive feedbacks that amplify small events. For 
applied problems these responses are going to be difficult to predict in the long-term, and thus 
require an iterative approach that is frequently updated with new observations. By contrast, for 
basic science the same problem of amplification of the initial signal, which makes long-term 
forecasting challenging, can actually be beneficial as it enhances our ability to detect and record 
changes in frequency and magnitude of events, and thus to distinguish among competing 
hypotheses. From a systems perspective these two traits correspond to: 1) system time scales 
that are on the same time scales of monitoring and 2) interactions between fast and slow state 
variables. Ecological quantities having a turnover time or replacement rate on the order of 
months to biennial will be the most responsive to monthly-to-interannual climate variation. Some 
care however is needed in defining the relevant state variables. Long term stores like polar ice 
caps do not vary strongly on short time scales; however the rate of deposition and melting can 
show strong interannual variation and these are related to a much smaller component of recent 
surface ice. The interaction between fast and slow variables can lead to rapid change when 
slowly accumulated storages, fuel in the case of fire and susceptibles in the case of epidemics, 
are released rapidly. These releases often correspond to a transient loss of stability when 
control by slow drivers breaks down (Holling 1992). 
 

There exists an interesting tradeoff in approachable problems and successful forecasts. 
Increasing process variability on the time-scales of interest generate greater opportunity to 
ascertain skill because the signal is greater, however too much high-frequency variation may 
yield excessive noise that reduces statistical power. These problems can be ameliorated to 
some extent by initially focussing on systems with well-understood mechanisms, low process 
variability, or those for which there exist large, high-quality model-training datasets. Quality of 
input data is a key consideration and the best sources will be from well-designed sampling 
protocols that control bias and account for measurement error. We may also gain by focussing 
on coherent or synchronous patterns emerging at a macro-scale. Spatial coherence allows data 
collected at one location to inform forecasts at other locations. Another factor that affects the 
predictability of an ecological forecast is the predictability of the independent variables (drivers, 
inputs) in a forecast. If a key driving variable is itself hard to predict (e.g., mid-range weather), it 
will tend to make the response of the system less predictable. Because of this it’s possible that 
forecasts may include different explanatory variables than retrospective analyses, at times 
choosing variables that provide less power but are easier to predict. 
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Subject to evaluation 
 

Despite the many ad hoc scores used to compare models, parametric statistical models 
should be evaluated with proper and local scores to assess their predictive ability (Gneiting and 
Raftery, 2007; Gneiting, 2011). A proper scoring rule is one that is based on the statistical 
model used to explain the data. A local scoring rule is one that depends on data that could 
actually be collected and modeled, as opposed to some unobservable quantities. The deviance 
−2 log[y|θ] is one type of proper and local scoring rule, which explains why it is so commonly 
used in information criteria (e.g., AIC, BIC, DIC). 
 

To calculate the score, one can use out-of-sample data yoos so that the score becomes 
−2 log 𝑦!!" 𝜃 . One challenge is that the score itself has inherent uncertainty associated with it 
because it depends on unknown parameters θ. Thus, common options include: 1.) the use of a 
plug-in estimator such as the posterior mean of the parameters 𝜃 = 𝐸(𝜃|𝑦) in the deviance 
−2log [𝑦!!"|𝜃], or 2.) computing the posterior mean deviance 𝐸!|!(−2log [𝑦!!"|𝜃] (Hooten and 
Hobbs, 2015). 
 

When out-of-sample data are not available, one can use cross-validation, iteratively 
leaving out data for a number of “folds” and computing a score by summing the scores for each 
of the folds. Alternatively, in the Bayesian setting, the deviance information criterion (DIC) 
provides an in-sample scoring function to assess predictive ability. DIC can be calculated as 
 

−2log[y|θˆ]+2pD 

 

where 𝑝𝐷 =  −2 log 𝑦 𝜃 − 2𝐸!|!(log 𝑦!!" 𝜃 ) and represents the “effective number of 

parameters,” providing a penalty in the scoring function to account for optimistic predictive ability 
due to the use of in-sample data and plug-in estimator for θ. 
 

The scoring function of choice can be used to evaluate models for predictive ability and 
select among them to make final forecasts. For a set of candidate models M1, . . . , ML, one can 
compare the scores and identify the best predicting model. 
 

Finally, a rapidly growing, but still underutilized, tool for improving prediction in ecological 
modeling efforts is the method of regularization (Hooten and Hobbs, 2015). Regularization 
provides an overarching framework for model selection that explicitly constrains a model to 
balance model fit and complexity. For out-of-sample data, regularized models predict better 
because they are not overparameterized. In regularization, a penalty of the user’s choice 
constrains the model to provide smoother predictions by shrinking parameters in such a way 
that their influence in the model is reduced. For example, in generalized linear models where a 
link function connects data-level parameters to a latent linear process involving regression 
coefficients β, the penalty acts to shrink β toward zero, creating a more parsimonious model. 
Bayesian models have a natural penalty, called the prior, which provides a formal mechanism 



3
6	

Ecological	Forecasting:	Needs,	opportunities,	and	challenges	
 

for regularization that can be exploited to yield better predictions (Hooten and Hobbs, 2015). In 
ecological Bayesian models, one can use regularization ideas to obtain optimal models for 
forecasting simply by modifying the priors in the model. This form of regularization alleviates the 
need to perform post hoc model selection. 
 

When assessing forecast skill it is useful to compare a forecast based on ecological 
knowledge against an appropriate null model. Unlike statistical model tests, which are usually 
compared to a ‘no effect’ null model or a default parameter value (e.g. slope = 0), for forecast 
models the appropriate null might be more sophisticated. One possible null is the random walk 
model -- tomorrow will be like today plus some random noise. However, when projecting further 
out the random walk predicts a variance that continues to increase linearly without bounds. In 
this case the null model will eventually make predictions that are completely implausible 
because it’s outside the possible range of natural variability. This prior range of variability, which 
may come from long-term means or first-principle biological or physical constraints, provides an 
additional useful null model -- the ecological equivalent to comparing a weather forecast model 
to the long-term climatology. The issue of climatology also raises the question of when highly-
predictable cycles (diurnal, seasonal) should be included in the construction of the appropriate 
null. Instead of predicting that tomorrow will be like today, a null model might predict that the 
next observation will be some weighted average of the most recent measurement, the same 
time yesterday, the same day last year, the long-term mean, etc.  
 
 For nascent ecological forecast models, most modelers or users of the models 
understand the potential limitations of the forecasts that can be produced. Thus, the use of 
expert elicitation or judgement, a systematic method of quantifying subjective probability 
judgments (Meyers and Booker 2001, Keeney 1991), can be used to refine model forecasts for 
a specific context and use.  For example, in the early years of weather forecasting, local 
forecasts were provided using a combination of model predictions and expert judgment to 
interpret the model predictions within the context of the local (Shuman 1989).  Such approaches 
that use expert judgment are still used for making seasonal drought forecasts and the 
combination of model forecasts and expert judgment often provide forecasts that are better than 
a model alone.  Thus, when using ecological model forecasts to support decisions (either 
specific decisions or providing information, such as drought, that supports a range of different 
decision contexts), the combination of ecological model forecasts coupled with expert 
judgement may improve the short-term skill of nascent forecasting efforts. The assessment of 
skill, for both models and experts, can be quantified using scoring rules to determine forecasts 
that perform better over time. 
 
 Finally, when judging the skill of ecological forecasts it is important to remember that 
some forecasts will change the in the future because of human actions, such as management. 
For example, if we make a prediction of the spread of an invasive species, and then act to 
eradicate the invasive species given a scientific forecast, not only will future models be wrong, 
but we will have lost our ability to validate our forecast skill because we will not have observed 
whether or not the species spread given environmental conditions. This in no way argues for 
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inaction. It does suggest that care must be taken when validating such models, such as through 
extensive testing and validation of the model components. 

Adaptive monitoring 
 

There is a long-standing tradition of using static sampling designs for ecological 
monitoring that are based on well-developed properties that facilitate frequentist statistical 
inference (Thompson, 2013). However, in the study of dynamic systems, adaptive monitoring 
designs can lead to improved inference (e.g., more accurate forecasts) while reducing 
monitoring costs (Seber and Thompson, 1994). An iterative ecological forecasting approach is 
particularly well suited to take advantage of adaptive monitoring, both because iterative 
methods include the flexibility to ingest irregularly spaced data in space and time, and because 
explicit estimates of forecast uncertainty are an important input many adaptive monitoring 
approaches. 
 

Diggle and Lophaven (2006) described a two-stage procedure for identifying optimal 
adaptive monitoring designs whereby a prospective design is used to collect baseline data 
which are then modeled and used to refine a retrospective design to collect future data 
optimally. For example, Hooten et al. (2012) used such an approach to evaluate the cost 
savings associated with reducing monitoring effort in future years while retaining maximal 
inferential capabilities for trends in waterfowl populations. 
 

In situations where the underlying system is dynamic, the models used to describe the 
system will be dynamic, leading to dynamic adaptive monitoring designs (Wikle and Royle, 
2005; Fuentes et al., 2007). For example, Hooten et al. (2009) proposed an dynamic spatio-
temporal adaptive monitoring design strategy for optimally monitoring vegetation communities at 
a restoration site near the Missouri River. They collected baseline data using a conventional 
static monitoring design for several years, and then obtained future designs that minimized the 
uncertainty associated with forecast variance of the latent state variables (i.e., the process 
governing the spatial redistribution of plant biodiversity). Hooten et al. (2009) used a hybrid 
monitoring design where a large portion of monitoring locations were held fixed from year to 
year in a static, balanced pattern while a smaller number of monitoring locations were allowed to 
move in subsequent years. They showed that their dynamic adaptive designs significantly 
reduced forecast uncertainty compared to similar designs based on a random placement of 
monitoring locations. 
 

Dynamic adaptive monitoring designs have increased in popularity in atmospheric 
science, environmental monitoring (e.g., air quality, pollutants), and in the medical industry (e.g., 
clinical trials) due to their ability to improve inference while reducing the costs associated with 
monitoring. In situations where operational ecological forecasts are desired, optimal adaptive 
monitoring provides measurable value beyond traditional static designs and allows the analyst 
to formally couple the statistical modeling that ultimately provides scientific inference with the 
data collection process. 
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Decision support and adaptive management 
 

Not only is an iterative forecasting approach a natural fit for adaptive monitoring 
(dynamically adjusting what and where we measure), but it also plays an important role in 
decision support and adaptive management (Figure 2). 

 
Adaptive management is an iterative process of making environmental decisions that are 

improved over time given a refinement of decision objectives and what is learned from modeling 
and improved forecasts (Walters 1986).  Despite the intuition and broad agreement that 
adaptive management is an important framework for environmental management, there are few 
cases where adaptive management has been implemented beyond the first decision phase 
(Westgate et al. 2013, Fabricius & Cundill 2014).  

 
 Decision support refers to organized efforts to facilitate the use of knowledge to improve 

decision outcomes (Moss et al. 2014). The field of decision support provides fundamental 
insights on effective decision aiding, which includes both the processes and decision tools to 
increase the likelihood of desired outcomes. Decision support systems can provide assistance 
at several stages of a typical adaptive management/decision process, including (1) framing 
decisions/information needs; (2) discovering and co-producing information, (3) integrating 
values, science and other contextual factors to set preferences, (4) deliberating and 
implementing a decision; and (5) reviewing/learning/updating.  
 

Because decisions are ultimately about the future, the ecological information most 
relevant to decision making are predictions of how systems will respond given different 
management choices. Adaptive management acknowledges that our ability to manage 
ecological systems is based on imperfect and uncertain predictions, and thus decisions need to 
account for the uncertainties about the future as well as actively experiment and learn as part of 
the decision making process. It is widely known that a key part of adaptive management is the 
collection of monitoring data to assess the outcomes of different management actions. What is 
less often discussed is that this monitoring data, by itself, is not sufficient. The information also 
needs to be used to update our understanding of the system and make new predictions to 
determine whether status quo or an alternative action is most likely to produce the desired 
management outcomes. In this way an iterative approach to forecasting plays an important role 
in adaptive management, especially if such forecasts are designed to be societally relevant to 
support the operationalization of adaptive management decisions and actions.  
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Figure 2. Adaptive decision-making framework.  From Moss et al. 2014. 
 

Despite the potential utility of scientific information or forecasts, information may not be 
presented for easy incorporation into decisions (von Winterfeldt, 2013).  Thus, when translating 
scientific information for use in decisions, it is useful to bring stakeholders into the process 
strategically in the scoping, development, output, and iterative improvement of forecasts.  Co-
production ensures that forecasts are both scientifically rigorous and meet needs for evidenced-
based decision-making (Meadow et al., 2015).   
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Decade of Ecological Forecasting  
 

While there are undoubtedly challenges to ecological forecasting (Section 5), there is an 
important opportunity to learn from other research communities that have faced similar barriers 
and substantially advanced their fields of research. Initiatives such as the three International 
Polar Years (1882-1883, 1932-1933, 2007-2009), sponsored by the International Council for 
Science and World Meteorological Organization, International Geophysical Year (1957-1958), 
sponsored by the International Council of Scientific Unions, and Decade of Predictions in 
Ungauged Basins (PUB, 2003-2012), sponsored by the International Association of Hydrologic 
Science, have succeeded in bringing widespread public and scientific attention to topics in need 
of research and synthesis. In addition to new research projects, these initiatives, structured by 
clearly identified goals and objectives, generated new working groups, meetings, and synthesis 
products. Drawing on the success of such initiatives in stimulating new research and synthesis, 
we highlight the need for a similar initiative for near-term ecological forecasting. 
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Box: Decade of Prediction in Ungauged Basins 
 

The community awareness that led hydrologists to propose the Decade of PUB was 
that existing understanding and models were inadequate to predict hydrologic responses in 
ungauged basins [Sivapalan et al., 2003]. Within individual basins, minimization of modeling 
uncertainty had traditionally been achieved through site-specific calibration. However, 
uncertainty was prohibitively high in application to ungauged basins, due to incomplete 
understanding of catchment-scale processes and feedbacks, the spatial and temporal 
variability in those processes and drivers, and unsuitable regionalization techniques to 
transfer knowledge from models developed for gauged basins to ungauged basins 
[Hrachowitz et al., 2013]. The decade of PUB aimed to dramatically alter paradigms of model 
usage and development in hydrology by achieving a greater general understanding of key 
hydrologic processes and the regional or geologic factors causing processes and parameters 
to vary [Wagener et al., 2004]. Six parallel science themes were identified to achieve these 
goals: new approaches to data collection, conceptualization of process heterogeneity, new 
approaches to modeling, uncertainty analysis and model diagnostics, catchment classification, 
and new hydrological theory. By the end of the decade, advancements had been made within 
each of these themes, with particularly strong advancements within subdisciplines of 
hydroinformatics [Alvisi et al., 2006; Ratto et al., 2007; Kirchner, 2009] and comparative 
hydrology [Thompson et al., 2011; Gaál et al., 2012; Blöschl, 2013]. Other success stories 
include massive improvements in the understanding of catchment-scale rainfall-runoff 
processes and their associated nonlinearities, vastly improved understanding of the link 
between catchment form and function, and new and improved frameworks for quantifying 
uncertainty [Hrachowitz et al., 2013]. 

  
At present, ecologists face many of the same challenges as hydrologists at the 

commencement of the Decade of PUB. The opportunity to initiate a Decade of Ecological 
Forecasting is both timely and critical. Climate change has not yet forced many natural systems 
outside their “envelope of historical variability” [Milly et al., 2008; Allen et al., 2014], which will 
present more serious challenges to ecological forecasting. Moreover, scientists are presently 
equipped to develop forecasts at the small scales associated with site-specific field work. These 
projects are of a scope that would be manageable for a graduate student or individual PI. The 
Decade of Ecological Forecasting initiative would then promote synthesis across these small-
scale projects to produce insight applicable to larger scale forecasting, much as the decade of 
PUB promoted cross-scale synthesis from small-catchment studies to larger regions. As with 
PUB, the synthesis would ideally produce insight on regionalization of parameters and 
classification of ecological systems and forge new understanding of how hierarchical forecasting 
(to scale up from small-scale forecasts to make predictions at the regional scale) should be 
performed. Improved methods for quantifying and propagating different types of uncertainty 
through forecasts and across scales should also be a primary goal of a Decade of Ecological 
Forecasting initiative.   
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5. Challenges to iterative ecological forecasting 
The previous sections identified the needs and opportunities for iterative forecasting, as 

well as the data available to drive such forecasts. This section aims to identify the challenges to 
developing an iterative approach to forecasting, and in doing so lay out a road map for key tasks 
before us. This roadmap is laid out in terms of the following focal areas: Theory and Methods, 
Training, Technology, Funding, and Institutions. While these challenges are likely to present 
themselves in all forecasts, their relative importance varies as forecasts mature in readiness 
from early experimental forecasts to later ‘operational’ forecasts. 

Theory and Methods 
While there is a broad body of theory that aims to explain a wide range of predictably 

repeatable patterns in ecology, there’s been comparatively little development of theory 
surrounding ecological predictability itself (Dietze 2017). In the sections below we start by 
discussing forecast uncertainty and then look at how different factors influence that forecast 
uncertainty and what that can tell us about the predictability of ecological systems. After that we 
touch on two specific methodological challenges for ecological forecasts. First, how to best 
account for systematic errors in models and data in a general sense. Second, within the topic of 
systematic errors, how can we use multi-model forecasting to try to account for model structural 
errors specifically. 

Forecast Uncertainty 
 
The posterior predictive distribution (PPD) is the workhorse of Bayesian prediction and 

forecasting. The PPD for unobserved data can be found by integrating all other random 
quantities out of the joint posterior distribution (i.e. integrating over all other sources of 
uncertainty). In most cases, the predictive distribution cannot be derived analytically and 
forecasting requires the use of numerical methods. In situations where the data are conditionally 
independent given the model parameters, it is straightforward to generate the PPD by sampling 
across the different uncertainties. However, when the data are dependent after conditioning on 
the model parameters (e.g. temporal or spatial autocorrelation), one needs to sample from the 
predictive distribution iteratively, by conditioning on the current samples for model parameters, 
inputs, and initial conditions on each iteration. More complicated process or data models may 
be more challenging to obtain predictions for, but can still be tackled using MCMC methods. 
Wikle and Hooten (2010) show that many forms of physical process models can be nested in a 
hierarchical framework and represented using a general quadratic nonlinearity (GQN) 
formulation. Specifically, Wikle and Hooten (2010) proposed a family of dynamic multivariate 
models that can be expressed as 
 

zt = M(zt−1, θM )zt−1 + F(zt−1, θF )ηt 
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where, the combination of propagator matrices, M and F, control the structure of the dynamic 
process and M can be decomposed further to represent a large class of spatio-temporal 
dynamic processes. One advantage to using hierarchical models based on mechanistic physical 
processes is that they are capable of providing more accurate long-range forecasts than purely 
phenomenological time series models (Wikle and Hooten, 2010; Cressie and Wikle, 2011) 
because they mimic the actual characteristics of the inherently dynamic natural systems. 

Predictability and partitioning forecast uncertainty 
 

Forecast uncertainty will generally increase with time, so a key part of understanding the 
predictability of different ecological processes lies in understanding how fast uncertainty 
increases with time and how that uncertainty compares to our null expectation (Section 4). As 
discussed in the first-principles example in Section 1, multiple sources of uncertainty contribute 
to this trend of increasing uncertainty (e.g. initial conditions, covariates/drivers, parameters, 
process variability) and the importance of each is moderated by the sensitivity of the system to 
each factor. The nature of a forecasting problem is typically associated with which term 
dominates forecast error. For example, uncertainty in weather forecasting is dominated by initial 
condition uncertainty (i.e. uncertainty about the current state of the atmosphere) because the 
atmosphere is an inherently chaotic system -- a high sensitivity to initial conditions causes 
similar initial states to diverge rapidly through time. Improving weather forecasts thus depends 
on reducing initial condition uncertainty. Importantly, the statistical tools and techniques 
employed in weather forecasting are tightly linked to a theoretical understanding of the nature of 
the forecasting problem. 

 
By contrast, in ecology, insufficient attention has been given to determining which 

uncertainties control predictability. Some have argued the importance of driver uncertainty (Luo, 
Keenan, and Smith 2014), while others have focused on process variability (Clark 2005). In 
reality, there is unlikely to be a single source of uncertainty that dominates across all of ecology. 
More likely, different uncertainties will dominate for different problems, but the relative 
importance of different terms is likely to exhibit broad patterns across the discipline. This 
identification of classes of patterns of predictability is an immediate practical concern, as it 
determines both what we can predict and what processes we need to focus on measuring to 
improve predictions. As noted above, the drivers of uncertainty affect the tools used for making 
forecasts. The corollary of this is that the uncritical adoption of forecasting tools designed for 
different uncertainties (e.g. atmospheric data assimilation) will meet with limited success. In 
many cases forecasts can be produced using general, brute-force numerical methods (e.g. 
MCMC, see below), but for larger problems (big models, big data) these may be computationally 
prohibitive. For ecological forecasting to advance, there is a pressing need to develop new data 
assimilation tools and techniques focused specifically on the uncertainties relevant to ecological 
problems. 

 
Beyond tools, predictability also provides a theoretical framework for looking across 

ecology broadly and identifying common patterns across systems. Lacking a first-principles 
derivation that applies across all of ecology, the practical way forward is to develop a 
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comparative approach to predictability -- empirically determine what factors affect predictability 
for a wide range of ecological problems and then empirically identify the patterns across those 
case studies (Dietze 2017, in prep). Given a wide range of uncertainties that affect the 
predictability of a system (internal stability, initial conditions, drivers, parameters, process 
variability, stochasticity, model error, model structure), an important first question is whether 
there are common patterns to which source of uncertainty dominates ecological forecasts. Is 
there a single dominant source, similar to how weather forecasts are dominated by initial 
condition uncertainty? Do the dominant sources vary from problem to problem in a way that 
shows high level patterns that maps onto different ecological subdisciplines (population, 
community, ecosystem; terrestrial vs. aquatic) or different trophic levels or functional groups? 
Are the dominant sources of uncertainty structured by spatial, temporal, or phylogenetic scale? 
Answers to these questions provide a high-level means of organizing our understanding of 
ecological processes and will lead to new theories and research directions. The answers are 
also incredibly practical -- given that we can’t measure everything, such patterns help us direct 
limited resources appropriately when encountering new problems. 

Systematic errors 
 
The fundamental components of predictability are accuracy (bias) and precision 

(uncertainty). Statistical estimators are generally derived to ensure that estimates are 
asymptotically unbiased in the face of random error. The asymptotic nature of these estimators 
can be challenging for the numerous ecological problems that are data limited. However, more 
generally problematic is that standard techniques don’t account for systematic errors in either 
data or models. These errors are important because they don’t cancel out with additional 
sampling. While obvious biases are deliberately avoided during data collection, smaller biases 
become progressively more important the farther a forecast is projected into the future. 
Common examples would be sensor misalignment and drift. Even more problematic are 
systematic errors in models. First of all, because all models are approximations of reality, it is 
inevitable that errors will be present. Ideally these errors are random and independent, but it is 
fairly common for predictions close together in time and under similar conditions to produce 
similar errors.  Errors that are close in time can often be accommodated by accounting for 
autocorrelation with one or more lags, but systematic errors that only show up under certain 
conditions (e.g. drought) require more sophisticated model validation and error modeling / bias 
correction. Developing methods for identifying and correcting systematic errors requires 
additional research. Applying flexible data mining techniques to modeling model-data residuals 
offers one promising option for finding patterns in complex models and large data problems 
where traditional statistical diagnostics (e.g. residual plots) can be challenging. In addition, 
explicit model benchmarking (Luo et al 2012) can help identify systematic errors by formalizing 
repeatable model-data comparisons that can be extended to a range of models within a class, 
but benchmarking remains relatively rare in ecology.   

 
Because biases sometimes only show up under specific conditions, there is always the 

risk of unanticipated errors under novel conditions. Likewise, there’s always a risk of “unknown 
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unknowns” and Black Swans -- the low probability events that are not on the radar and thus not 
incorporated in forecasts, but can have a large impact on ecosystems. 

 
Overall, we recommend an explicit separation of random and systematic errors in data 

versus models where this is possible. However, without explicit and informative prior constraints 
this can be challenging because if all one observes is a model-data residual these four terms 
(data error, data bias, model error, and model bias) are not uniquely identifiable (i.e. many 
combinations give the same observed residual). A state space framework (a.k.a. hidden Markov 
model) is frequently used for predictions in space and time because it facilitates an explicit 
separation of observation and process errors. The separation of process and observations also 
allows for the use of more appropriate data models. For example, ecological data are often 
zero-inflated (has more zeros than expected by chance), while ecological processes tend to be 
multivariate with covariances across multiple scales (space, time) and state variables. 
Separation of data and model errors makes it more straightforward to choose separate error 
distributions for the data (e.g. zero-inflated Poisson) and model (e.g. multivariate Normal). It 
also makes it easier to combine multiple sources of information that inform the same or related 
processes, as different data sets can have different observation error models but share the 
same process model. One important challenge when combining data is the weight given to 
different data. Ad hoc weighting or averaging can cause results to be very subjective and 
destroys the probabilistic nature of Bayesian and Maximum Likelihood methods, rendering 
uncertainty estimates ill-defined. However, if data sets are combined naively, large data can 
swamp the signals in smaller datasets and lead to internal inconsistencies due to data and 
model biases. At the moment there’s no silver bullet, but best practices call for being as 
complete as possible when specifying error models, which includes accounting for sampling, 
autocorrelation, heteroskedasticity, bias, and non-Gaussian distributions (e.g., fat-tails). For 
example, flux towers produce >17k half-hourly measurements per year, but these 
measurements are from one tower. So does n = 17,000 or 1, or is the effective sample size 
somewhere in between because of the multiple time-scales of autocorrelation in the data (half 
hourly, daily, annual)? 

Model averaging 
 
Multimodel forecasts tend to perform better than individual models, as structural biases 

in models tend to cancel out. Furthermore, multi-model ensembles allow us to account for 
structural uncertainties that arise due to the empirical nature of most ecological models. Often 
multi-model approaches use unweighted ensembles (all models count equally) but Bayesian 
model averaging (BMA) can be used to obtain a weighted-average forecasts with improved 
predictive skill (Hoeting et al., 1999). When the likelihood of each model is difficult to calculate 
directly, reversible- jump MCMC (RJMCMC) can be used to explore the model space. RJMCMC 
algorithms for complicated models may present a programming challenge, but Barker and Link 
(2013) provide a two-stage procedure for Bayesian model averaging that allows one to fit L 
models independently, and then resample them in a secondary MCMC algorithm. The use of 
these methods has been limited previously, but given that model averaging provides more 
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accurate predictions than any single model (Madigan and Raftery, 1995), BMA holds great 
value for ecological forecasting (Hooten and Hobbs, 2015). 

Training & Scientific Culture 
Training the next generation of ecological forecasters requires skills and abilities that 

may not be taught at home institutions (e.g., Read et al., 2016, Hetherington et al., 
unpublished). To the best of our knowledge only three US universities currently offer graduate 
courses in ecological forecasting: Boston University (Dietze), Notre Dame (Jason McLachlan, 
based on Dietze’s course), and University of Florida (White). The skills required for ecological 
forecasting range from high-level concepts, to specific tools and techniques in modeling, 
statistics, and informatics, to decision support, leadership, and team science collaboration skills 
that are critical to carrying out successful interdisciplinary science (e.g., 205 NAS report, 
Weathers et al. 2013, 2016, Read et al. 2016, Uriarte et al. 2007, etc).  Some successful models 
that have emerged to fill gaps in graduate student skillsets utilize cohort Fellowship programs 
(e.g., GLEON Fellows program, Read et. al. 2016) that are offered across institutions and 
include student led products (i.e., manuscripts), and interdisciplinary training programs (such as 
NSF-sponsored Research Training Groups [RTG]) that are often focused within an institution 
but across departments.  Short courses, held over a 1-2 week period to obtain specific skills, 
such as the stable isotope course IsoCamp (http://stableisotopes.utah.edu/), are another model 
that hold promise.  Short courses already covering material relevant for ecological forecasting 
include: the Flux Course (http://fluxcourse.org); “Training in Bayesian Modeling for Practicing 
Ecologists” (http://www.nrel.colostate.edu/projects/bayesworkshop/); “Bayesian calibration, 
forecasting and multi-model predictions of process-based vegetation models” 
(http://www.irsae.no/cost-action-fp1304-profound-spring-school/); and “Assimilating Long Term 
Data into Ecosystem Models” (http://paleonproject.org/). In addition, the Near-term Ecological 
Forecasting Initiative (NEFI) will begin offering a short course specifically on ecological 
forecasting starting summer 2018. A challenge with many of these courses is their sustainability 
-- many are associated with the Broader Impacts of individual grants and stop when the grant 
finishes. Some of these courses solve this problem by charging tuition, but typically at a rate 
that covers course expenses and instructor travel, but not salaries, and thus are dependent on 
donated time. Beyond graduate training, short courses in modeling also exist in applied 
disciplines (e.g. water quality, forestry) that often confer certificates or credits toward continuing 
education requirements for professional societies. Such certifications may also be particularly 
helpful for bridging ecological forecasts from research to operations. 
 

These complementary or supplementary training opportunities could be utilized to focus 
specifically on building ecological forecasting expertise. In doing so they could build on existing 
trends toward more sophisticated statistical training (especially model-data integration) and 
training in best practices in data, coding, and informatics (e.g. Data Carpentry, Software 
Carpentry). In addition to relying on general computational training in statistics, data 
management, code management, and informatics, forecasting also benefits from expertise in 
range of topics that are outside the scope of these current trends. Examples range from 
technical training in iterative statistical methods (e.g. Kalman Filter) and moving tools from 
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research to operations, to familiarity with social science methods for expert elicitation and 
decision support. Furthermore, the experience gained by those currently working on iterative 
forecasts is often isolated in disciplinary pockets (e.g. those doing carbon cycle predictions are 
not talking to those doing emergent disease forecasts or invasive species forecasts). This 
expert knowledge needs a forum that allows for ideas, methods, and experiences surrounding 
iterative forecasting to cross-fertilize and be transmitted for new researchers to innovate upon 
and apply to new disciplinary problems.   
 

In addition to the technical training required for the next generation of ecological 
forecasters, there are also simple shifts in the scientific culture in ecology that would encourage 
greater engagement in forecasting. First, prediction needs to be viewed as an essential part of 
the scientific method, not Broader Impacts that are tacked on at the end of a project.  

 
Furthermore, if we are to produce forecasts that are socially relevant the perception of 

applied research as a second class endeavour must change. Applied research is less 
competitive for publication in top tier journals, and tends to confer less respect within academia. 
However, the broader impacts of near-term ecological forecasting are very significant and 
ultimately required if we want our science to contribute to the long-term sustainability of both 
society and the natural world. Furthermore, as articulated herein and increasingly emphasized 
by some funding agencies (NOAA, NSF SESYNC, NASA Ecological Forecasting), work that has 
immediate relevance to current decisions is not mutually exclusive from work that aims to 
produce fundamental theoretical insights. Basic and applied research don’t have to be an 
either/or choice. 

 
Second, prediction often requires a perceptual shift in the types of questions we ask and 

the designs we use to answer them. For example, rather than asking whether X affects Y, we 
need to ask how much X affects Y. The former lead to generations of studies that followed an 
ANOVA design and the identification of an overwhelming plethora of things that important, but 
very limited capacity to use that information effectively, either to build on previous work 
quantitatively or to use previous work when making predictions (Houlahan et al 2016). A simple 
shift to a greater use of regression-based experimental designs (more treatment levels, fewer or 
single replicates at each level) does not require sophisticated statistical tools or advanced 
training, but would immediately shift the questions being asked and make data more relevant to 
forecasting.  

 
Third, while making a very explicit, quantitative prediction results in a much stronger 

testable hypothesis than a more general statement, it also comes with a much greater chance of 
being wrong. While we all know intellectually that being wrong is an essential part of how the 
scientific method works, fear of being wrong is an unavoidable psychological barrier -- no one 
wants to be wrong. And as noted above, particularly in the early stages of forecasting, until the 
community has build stronger predictive models, we should expect to be wrong regularly. That 
internal psychological barrier is enhanced in a scientific subcommunity that is not accustomed to 
making explicit predictions, as it leads to fears about impacts on professional reputations and 
career prospects. Indeed, in parts of ecology where model comparisons are more common 
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(e.g., model intercomparison projects [MIPs] in ecosystem ecology), teams generally ensure 
that papers are worded in a way that emphasizes community learning rather than identifying 
winners and losers. This is particularly important when contribution to such activities is pro 
bono, rather than directly funded, as a perceived failure creates a significant disincentive to 
future participation. In some cases there can also be concerns that failed forecasts could lead to 
legal implications based on how those forecasts are used and interpreted by the public. Indeed, 
research forecasts should explicitly be labeled as such (e.g. http://www.zika-model.org/) to 
ensure users are aware that such systems are a work in progress and should be treated with 
caution (e.g., the distinction between the National Weather Service’s operational short-term 
forecasts and the research-grade seasonal predictions from their Climate Prediction Center). 
This also reiterates the importance of including robust uncertainty estimates in forecasts -- it is 
far better to be honestly uncertain to being over-confidently wrong. But at the same time, 
honestly uncertain ecological forecasts are still better than ecologists not having a voice at the 
table -- when correctly communicated uncertain forecasts provide an important signal for the 
need to seek alternatives that are precautionary, robust to uncertainty, or adaptive. 

Technology & Archiving 
 

Maximizing the potential for adaptive ecological forecasting will require the development 
of models and tools than can be iterated as new data become available and easily adapted and 
improved as this new data provides more information about the best approaches to forecasting. 
In addition, forecasting will improve most rapidly if the entire scientific community can actively 
compare the performance of different approaches to forecasting to identify those that are most 
effective (Mcgill 2012). Accomplishing these goals will require ecological forecasting to be open, 
usable, and reproducible. 

 
Accomplishing these goals will also require a broad improvement in how ecologists 

develop and share models, code, and data. As a starting point, increases in the use of best 
practices in both code development (Wilson et al. 2014) and data structure and sharing (White 
et al. 2013) will make it easier to access, understand, and reuse, data, models, and code. These 
practices include the use of good data structures, development of metadata, use of open 
licenses, documentation of code, writing code that is easily understood by others, and the use of 
version control and automated testing. Of particular importance to iterative forecasting is that 
each of the parts that go into a forecast, including data, models, and their integration and 
evaluation, be easy to rerun and produce consistent outcomes. In other words, these 
approaches need to be reproducible. To accomplish this we recommend a combination of 
general best practices with continuous integration (a method for automatically executing and 
testing code after each change) and informatics approaches for building automated pipelines for 
automatically running and evaluating models after any change to the models and any addition of 
new data. Building ecological forecasts in this way will make them easy to apply in an iterative 
forecasting context.  
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A large fraction of current research occurs in ‘one off’ analyses, which are done once 
and never repeated. The distinction between such analyses and fully-automated pipelines is not 
all-or-nothing, but a continuum. Such a continuum from ‘research grade’ products to 
‘operational’ products is captured in frameworks such as NASA’s Application Readiness Levels 
(ARL, http://www.nasa.gov/sites/default/files/files/ExpandedARLDefinitions4813.pdf). ARL 
describing the states of an application as it develops from research to operations, and it reflects 
not only degree of refinement and automation in a tool or analysis, but also the infrastructure 
and personnel (servers, database administrators, system administrators, software developers, 
operations, etc.) required to do operational forecasting (meaning high availability, capable of 
supporting intended number of users, etc). 

 
Improving forecasts, and evaluating their improvement over time will benefit from openly 

sharing and archiving the data, code, used for forecasting as well as the forecasts themselves. 
Data and code archiving have been actively discussed in ecology (e.g., Whitlock 2011, 
Hampton et al. 2015, Mislan et al. 2016), but archiving of forecasts is a new area. Archiving 
forecasts allows evaluation of forecast accuracy based on forecasts that were clearly made 
before the evaluation data was collected, allows comparisons of the accuracy of different 
forecasting approaches developed by different research groups to the same question, and 
allows the historical comparison of forecast accuracies to determine if the field of ecological 
forecasting (and ecology more broadly) is improving over time. Efforts to archive ecological 
forecasts should take advantage of existing infrastructure for archiving data, while developing 
associated metadata and discoverability systems to allow forecasts to be readily compared. By 
publicly archiving ecological forecast from early on, we are preparing in advance for the future 
syntheses and community-level learning discussed in the Theory and Training sections. 

Funding 
Ecological or otherwise, forecasting is an iterative process that improves over time as 

additional observations are made. Iterative improvement over many years or decades requires 
sustained funding, which is inconsistent with the current academic research funding model, 
based on short (<5 year) granting cycles. A major challenge is how to move basic academic 
research outcomes to operations, likely supported by non-academic funding (e.g., federal 
agencies such as USGS, USDA, NOAA, FWS, etc.). Many researchers are unaware of, or not 
thinking about, the restrictions placed on most federal research agencies that prohibit funding of 
‘operational’ tools and infrastructure. Crossing from research to operations thus requires a 
hand-off from research funding to operations funding that crosses agencies. The uncertainties 
and challenges of crossing such a funding gap are daunting to many PIs, and it serves as an 
implicit disincentive to operationalizing forecasts. Funding agencies and program officers need 
to do more to actively support such bridges. This will likely require a shared strategic effort 
between more basic research funding bodies to organizations with the infrastructure and 
longevity to sustain operational forecasting capabilities.  
 

NASA’s Ecological Forecasting Application is one model for moving basic research to 
operations. This program requires a partner be identified at the time of grant submission and 
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that research will be operationalized externally in partner infrastructure (and with a phased 
transition from NASA to partner funding). This is a relevant guide for considerations that need to 
be made when operationalizing ecological forecasts, but the community would also be served 
by some detailed examples of the particular technical considerations for operationalizing 
ecological forecasts. For example, forecasting software written by research scientists may need 
to be re-implemented in another programming language and/or optimized by professional 
software developers prior to integration into a forecasting application. Likewise, there need to be 
a progressive shift in design from scientist-focused to user-focused. This is where research 
related to users and decision support can support increased uptake and improved 
understanding among ecologists of the important caveats for use in decision-making. 
 

The funding required to support forecast development and improvement is related to the 
nature of the ecosystem being forecast and the spatial and temporal scales at which forecasting 
is undertaken. National-scale forecasts will likely require more significant investments, but for 
regional or local forecasting, state or regional conservation organizations and public/private 
partnerships may be a source of funding. Pay-for-use models are another option, but past 
experience (e.g. remote sensing imagery) suggests this limits use and innovation. Furthermore, 
most ecological forecasts will economically behave like a public good -- their use by one party 
doesn’t “use up” their supply and it would be both challenging and self-defeating to restrict the 
information they provide to just those willing to pay. This suggests that large scope ecological 
forecasts that are of general use to the public genuinely require dedicated long-term public 
support.  
 

The bridge from research to operations is not the only place funding is an issue if we 
want to advance an iterative approach to ecological forecasting. Training and technology require 
funding for the activities advocated above. Beyond this, the next generation of forecasters would 
benefit greatly from graduate and postdoctoral fellowships directed at forecasting and from the 
availability of supplemental funding, similar to Doctoral Dissertation Improvement Grants, aimed 
at helping students make their existing analyses more updatable and automated.  
 

For technology, training, theory, and methods development a natural next step would 
be the creation of a forecasting synthesis center. Such a center could both contribute to 
development in these areas directly, as well as supporting synthesis working groups who would 
pull together the concepts, data, tools, and experiences to advance forecasting. Such a forecast 
synthesis center could exist in many forms, for example mirroring the success of previous NSF 
centers (NCEAS, SESYNC, NIMBioS), through NEON or the LTER program, as an interagency 
program (e.g., Joint Fire Science Program, Carbon Cycle Interagency Working Group), or 
through agency/university partnerships (e.g., USGS, USFS, USDA ARS and APHIS, and the 
National Weather Service all have on-campus centers with agency personnel actively involved 
in teaching, mentoring, etc). In any of these configurations, a forecast synthesis center could 
provide the institutional memory and continuity required to help transition forecasts from 
research to operations. 
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Collaboration, Stakeholders, and Boundary Organizations 
While the previous section advocated for collaborations with stakeholders, such 

collaborations can be challenging because the scientists and stakeholders think about a 
particular problem from two different perspectives (Eigenbrode et al., 2007) and thus have 
different goals and values when prioritizing research agendas. If a key objective of an ecological 
forecast is to increase its potential utility for decision-making, it is important to that the model 
development include more than just a goal of producing decision relevant outputs. Rather than a 
‘build it and they will come” model of development, we advocate for co-production processes, 
where ecological forecast users -- e.g., stakeholders, decision-makers, and other scientists -- 
collaborate with forecasting experts to mutually learn and understand the desired forecast 
outputs for a range of decision contexts and the potential or limitations of current forecasting 
capabilities (Meadow et al., 2015).  

 
If the ecological forecast users are other scientists, then it is necessary to develop 

collaborative, multidisciplinary teams to better understand and produce research where the 
ecological forecast can be refined in ways that yield new scientific insights.  For example, one 
can imagine research where seasonal fire forecasts could be represented using different 
visualization and uncertainty representations; these forecasts could then be used by 
researchers in human and computer interactions or risk analysis to understand how different 
user groups (technical experts, causal scientific information users, and non-scientists) interpret 
and use information to make individual or organizational decisions.  For successful 
collaborations, it is recommended to employ best practices for interdisciplinary teams.  Such 
practices help to build trust, to establish effective communication and a shared lexicon, and to 
help identify and manage conflict (Read et al. 2016, Chevurelil et al. 2014). 

 
If the ecological forecast users are stakeholders or decision-makers and one of the goals 

is for ecological forecasts to be used to support decision-making, then establishing new 
collaborations with potential ecological forecast users outside of academia is necessary.  
Developing collaborations with decision-makers or stakeholder surrogates (i.e., organizations 
focused on a particular advocacy position and represent individual stakeholder members) who 
need specific types of ecological forecasts can be fruitful in having the forecasts applied in 
specific decision-making context. Often times, however, it is necessary to engage in processes, 
called boundary processes, to bridge the information and people focused on the scientific and 
policy aspects for a particular topic (Moss et al., 2014).  These intermediaries can be individual 
science translation experts, who facilitate the use of science in decision-making contexts or they 
can be boundary organizations, whose organizational role is to facilitate the translation of 
relevant scientific information to support decision-making. Such processes conducted during the 
project design can inform the specific form of the output so that is is accessible and 
interpretable, and at a frequency that is meaningful to potential users. Regardless of whether 
the co-production is between different types of scientists or with stakeholders, effective 
engagement and mutual learning requires a long-term investment in developing relationships to 
allow for effective science policy translation and facilitate increased use of scientific information 
(Pouyat et al., 2010, Driscoll et al., 2011).  
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Building long-term relationships does not need to be a sole PI activity.  There are a 

number of different boundary organizations that exist to bridge the science policy divide.  Some 
of these organizations are at universities, such as agriculture or Sea Grant extension 
specialists, NOAA Regional Integrated Science and Assessment Centers (RISA; 
http://cpo.noaa.gov/ClimateDivisions/ClimateandSocietalInteractions/RISAProgram.aspx), or 
DOI Climate Science Centers (CSC; https://nccwsc.usgs.gov); some of these organizations are 
within the Federal Government, such as Landscape Conservation Cooperatives (LCC;  
https://lccnetwork.org/) or USDA Climate Hubs (https://www.climatehubs.oce.usda.gov); and 
others are or housed within non-governmental organizations (NGOs).  Partnering with such 
organizations allows for engagement within their established and trusted networks, guidance on 
how to most effectively translate science to be more salient for specific decision-making context, 
and potentially increases the potential impact of the research more quickly, and provides their 
stakeholder and decision-making networks with credible forecasts that are relevant for their 
decisions. The effectiveness of these collaborations can be measured over time as forecasts 
are actually used and value of information is analyzed to determine its influence on decisions 
(Runge et al., 2011). 
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6. Conclusions 
The most important take home message is that we need to start forecasting 

immediately. Rather than waiting until forecasts are ‘good enough,’ we need to perceive 
forecasting as an iterative learning exercise and that the fastest way to improve both the skill of 
our predictions and the underlying science is to engage in near-term iterative forecasts so that 
we may learn from our failures. In addition, ecological forecasting does not require a top-down 
agenda. Individual ecologists can get started today using existing data, often with only modest 
reframing of the questions being asked and the approaches being taken. Furthermore, it can 
also often be easier to engage with decision makers on the small scale. 

 
Next, we need to develop cyberinfrastructure for the public dissemination and 

archiving of ecological forecasts, which will allow us to advance as a community in two 
important ways. First, by looking across different types of forecasts we can take a comparative 
approach to seek generalities in what affects predictability in ecology. Second, forecasts of the 
same or similar processes let us use small-scale efforts to work toward upscaling. For example, 
multiple local forecasts could be synthesized using hierarchical models to later assess their 
spatial and temporal synchrony, leading to further constraints at the local scale moving forward. 

 
While near-term ecological forecasting does not require a top-down agenda, we do 

believe that there are practical steps that can be taken to advance the field, to take advantage 
of current opportunities, and to create new opportunities. To summarize the recommendations 
from previous sections, we advocate for: 

 
● Increased training and fellowship opportunities focused on ecological forecasting 
● Shifts in the scientific culture in ecology to view prediction as integral to the scientific 

process.  
● Increased theoretical focus on predictability and practical methods development for 

iterative forecasting. 
● Build on current trends for increasing open and reproducible science, with a particular 

emphasis on reducing data latency and increasing automation for problems amenable to 
frequent forecasts. 

● New funding opportunities to support the development of long-term forecasts, in 
particular focused on helping researchers at all career stages to bridge projects from 
research to operations. 

● Engaging boundary organizations and potential stakeholders in ecological forecasts from 
early on. 

 
Two larger initiatives that would advance iterative forecasting are the establishment of an 
ecological forecasting synthesis center and a “Decade of Ecological Forecasting” 
initiative. The idea of a forecast center, as discussed earlier, could exist in many different 
incarnations, but in all these possible variants it provides an important focal point for 
synthesizing forecast research and advancing theory, tools, training, and best practices. Long-
term support for a forecasting center would also provide continuity to forecast projects, allowing 
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both the forecasts to mature and improve through time and for longer-term institutional 
knowledge and expertise to develop. On the flip side, the Decade of Ecological Forecasting 
initiative would help spur the broad grass-roots initiation of a wide variety of ecological 
forecasts. This bottom-up approach would help shift the community’s priorities and generate the 
breadth and depth of examples needed and find generalities across scales and processes. 
 

Finally, a failure to engage actively in near-term forecasts is a missed opportunity to both 
advance our science and to make it more relevant to society during what is undoubtedly a 
critical junction in our species’ history. 
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