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Abstract

Well-intentioned environmental management can backfire, causing unforeseen damage. To avoid
this, managers and ecologists seek accurate predictions of the ecosystem-wide impacts of
interventions, given small and imprecise datasets, which is an incredibly difficult task. We
generated and analysed thousands of ecosystem population time-series to investigate whether
fitted models can aid decision-makers to select interventions. Using these time-series data
(sparse and noisy datasets drawn from deterministic Lotka-Volterra systems with two to nine
species, of known network structure), dynamic model forecasts of whether a species’ future
population will be positively or negatively affected by rapid eradication of another species were
correct 370% of the time. Whilst 70% correct classifications is only slightly better than an
uninformative prediction (50%), this classification accuracy can be feasibly improved by
increasing monitoring accuracy and frequency. Our findings suggest that models may not need to
produce well-constrained predictions before they can inform decisions that improve

environmental outcomes.
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INTRODUCTION

Forecasting ecosystem responses to environmental and anthropogenic changes is challenging but
necessary to better inform environmental decisions (Possingham et al. 2001; Dietze et al. 2018).
To develop.ecological forecasts, we must firstly recognise that ecosystems are complex and
involve manysinteracting species (Montoya et al. 2006), and secondly be explicit about the
uncertaintyin any forecasts that we make (Fischhoff and Davis 2014).

Ecosystems of interacting species can be represented as networks (Ings et al. 2008), and
many qualitative(Levins 1974; Dambacher et al. 2002; Dambacher et al. 2009; Mutshinda et al.
2009; Raymond et al. 2011; Iles & Novak 2006; Baker et al. 2018) and quantitative (Ives et al.
2003; Grosss&Feudel 2006; Novak et al. 2011; Iles & Novak 2016; Ovaskainen et al. 2017,
Baker et al. 2017; Certain et al. 2018) modelling strategies have been used to investigate them.
Both qualitative and quantitative approaches can investigate hypotheses about how disturbances
change future species densities (e.g. Raymond et al. 2011; Ives et al. 2003; Arnoldi et al. 2018).

To forecast the long-term effects of a permanent disturbance such as a species
eradicationg/quantitative data about the interactions between species is needed (Yodzis 1988;
Novak et al."2046). Ecological data often comes in the form of time-series for ecological
communities. Given an assumed network structure, time-series data can be used to estimate the
interactionsstrengths (Ives et al. 2003). Precision in interaction strength estimates is expected to
increase with increased monitoring quality and duration of the time-series data (Attayde and
Hansson 2001). However, even if such data are available, confidently estimating interaction
strengths can'still be very difficult (Angulo et al. 2017; Certain et al. 2018). Model forecasts
parameterised:by imprecise interaction strength estimates may then possess high prediction
uncertainty, thus making it difficult for these models to inform management decisions. The
optimal decision ultimately depends on the predicted outcomes for actions that could be enacted
(Possingham.et.al. 2001), so it is critical to identify whether or not these outcomes will be
unclear because.0f uncertainty in the predictions.

In thispaper, we investigate what useful information about interaction strengths, and their
subsequent effects on future projections, can be gleaned from dynamic ecosystem models fitted
to imperfect monitoring data. We fit Lotka-Volterra models to synthetic data generated from
known underlying population trajectories for deterministic ecosystems with known network

structure. Uncertainty in interaction strength estimates is rigorously calculated using Bayesian
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95 inference (Wolf et al. 2017), and this uncertainty is propagated through to ecosystem responses
96 to management decisions. Our work therefore extends previous modelling efforts that have
97  predicted species responses to disturbances given uncertain interaction strengths (Novak et al.
98  2011), by specifically connecting the uncertainty in interaction strength estimates back to the
99  monitoring data.used to inform these estimates. Furthermore, instead of just focusing on model
100  prediction accuracy, our analysis goes one step further to investigate the relative difference
101  between"futurepredictions with or without an intervention to guide decision-makers as to
102 whether thé inteérvention should be applied or not. We are not aware of other work that has
103  quantitatively propagated information gleaned from time-series data all the way through to the
104  potential impaetiof different management decisions. Overall we demonstrate that, despite the
105  issues in estimating parameter values characterising the ecosystem, there is a potential pathway
106  to generate useful predictions for decision-making.
107
108 METHODS
109  Overview
110  Our method¥ineludes three distinct steps: (1) generation of thousands of synthetic ecosystem
111 populationtime-series data following deterministic Lotka-Volterra dynamics with measurement
112 noise added;(2) fitting Lotka-Volterra models to this simulated data using Bayesian inference
113 (Girolami 2008), and (3) investigating how well the fitted models predict ecosystem responses to
114  a specific management intervention — rapid eradication of one species. These three steps are
115  summarised’below; technical details are provided in Appendices S1-S3.
116
117  Generating the simulated data
118  We generated virtual ecosystems by modelling the changes in biomass over time, of all species

119  in the ecosystem, via deterministic Lotka-Volterra equations (Murray 2002),

dy, 3
120 E:’?yi(f)‘FZ%yi(f)y/(l)’ @
=1

121 where y (¢) iS'the total population biomass (in units of biomass/area) of species i at time ¢ (in
122 years), r; is the intrinsic net growth rate (yr!) of species i, and a, 1s the strength of the per-capita

123  interaction between species i and j (in units of (biomass/area)! yr-!). Each ecosystem we
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generate has N species, and the initial population biomass of each species i is defined as
Y:(0)=y,.

The Lotka-Volterra systems we investigate are deterministic (e.g. Narwani et al. 2017), and
therefore possessmo process noise. This is a large assumption, but we stress here that the present
work is a first attempt (to our knowledge) to quantitatively propagate information gleaned from
time-seriessdata‘all:the way through to the potential impact of different management decisions.
Combining,the analysis presented here with an investigation of the effect of process noise on
accuracy of future projections is therefore a clear future step for this research.

We generated 1000 ecosystems, each with their own species interaction strengths and
network structure, following mathematical procedures detailed and justified in Appendix S1.
Briefly, these ecosystems consist of between two and nine species each, organised into one of ten
different network configurations: two to five trophic levels with one species per trophic level,
two to fourgrephic levels with two species per trophic level, two to three trophic levels with
three speciesspertrophic level, or two trophic levels with four species per trophic level. We refer
to these as metwork configurations (instead of calling them network structures) to indicate that
(1) they only group together ecosystems with the same number of species per trophic level and
the same number of trophic levels, and (2) ecosystems within the same network configuration
can express.different interconnections between species (i.e. different network structure). For each
network configuration we assumed that there is an equal number of species at each trophic level,
which is netasparticularly restrictive condition for the small networks we consider (<9 species)
but may not be a reasonable assumption for the much larger networks that characterise many
real-world ecosystems. The assumption of species richness uniformity across trophic levels was
made to keep the number of different network configurations tested in our analysis down to a
practical namber/(ten), and there are a plethora of other network configurations that could have
also been chosen:; Real-world ecosystems may possess decreased numbers of species at higher
trophic levels;although uniformity of species richness across trophic level has been observed,
especiallysin terrestrial food webs (Turney & Buddle 2016). In keeping with these observations,
parameterisationrof the food webs generated in this paper was based primarily on terrestrial
systems (Baker et al. 2017; see also Appendix S1).

We generated 100 different ecosystems for each of the ten network configurations,

thereby yielding the 1000 different ecosystems. As an example, Fig. 1a shows one of the network
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configurations considered in our analysis. We generated ecosystems with predator-prey
interactions only, although we recognise that this common assumption in food web models
overlooks other potentially important interaction types (Berlow et al. 2004; Kéfi et al. 2012;
Pilosof et al. 2017). We initiate each ecosystem’s dynamics to start away from equilibrium.

For eaeh of the 1000 ecosystems, we sampled imperfect measurements of their
population trajectories to simulate monitoring programs of 20 year duration. This was
accomplishedby adding temporally-uncorrelated Gaussian noise to the deterministic ecosystem
trajectories; to Simulate measurement error. To investigate how monitoring accuracy and
frequency affects ecosystem predictions, we simulated ten monitoring programs per ecosystem
which differedsin how often and accurately species population biomasses were measured. Nine
of the monitoring programs we investigated are practically achievable: observations every one,
two or four years; with measurement error 6 of 10%, 20% or 40% (Marion 1995; Petit et al.
1995; Crall et al. 2011). We also simulated a tenth monitoring program with yearly
measurements and 1% error to investigate an extreme best-case scenario. Measurement error was
assumed tosfollow a truncated normal distribution, with a lower bound of zero (to avoid negative
biomass observations), and standard deviation of 1%, 10%, 20% or 40% of the true value of the
species population biomass. Both the true and observed noisy values of species population

biomass were retained for comparison in our analysis.

Calibrating a model to the synthetic data

Models werefitted to the observed noisy data using Bayesian inference (Girolami 2008),
implementedsby‘a posterior-simulation method called Sequential Monte Carlo (SMC) sampling
(Doucet etfal. 2000), a class of methods which is related to and overlaps with particle filtering
(Doucet and Johansen 2009). SMC sampling is seeing increasing usage for a diverse range of
applications (Drovandi & Pettitt 2011; Jeremiah et al. 2012; Lawson et al. 2018; Sisson et al.
2018). Our.SMC sampler (Appendix S2) is adapted from ideas presented in Jeremiah et al.
(2012) and Del'Moral et al. (2012).

In ourapplication, SMC sampling estimates the joint posterior probability distribution for

the model parameters { ViosTi5 00 1, j=1,..,N } in each simulated ecosystem, which includes

iy

estimation of initial species population biomass y;, growth rates r;, interaction strengths a;,

measurement noise o0 and the uncertainty in all of these quantities. This approach quantifies
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parameter uncertainty and propagates this uncertainty into scenario predictions via a model
ensemble, thereby building upon a recently introduced ensemble ecosystem modelling
framework (Baker et al. 2017, 2019). Using this method, we can compare the ecosystem
parameters’ true yalues to their probability distributions obtained from model-data fitting, to
identify how.much information about ecosystem parameter values can be gained from the
synthetic data. Eor the primary analysis of this paper, we apply SMC sampling to estimate the
posteriof'10,000times: for ten monitoring programs of different measurement frequency and
accuracy, applied to 100 ecosystems each for ten different network configurations. (We also
estimated 600 additional posteriors, in an extension of our analysis to investigate the effects of
structural uncertainty, as detailed in Appendix S8.) We then use the full posterior, in each of

these cases, to simulate the impact of management interventions on the ecosystem.

Predicting ecosystem response to a species eradication
The ultimate goal of our model fitting to imperfect measurements of generated ecosystems, is to
identify — in"thetbest-case scenario of known network structure, negligible process noise, and
ecosystem dynamics adhering precisely to the models that we fit — whether any ecological
consequenees of a management action, specifically eradication, can be reasonably predicted
using models calibrated to time-series data. This analysis therefore identifies if it is possible for
data-calibrated models to be useful for informing management decisions. To address this goal,
we considered two classes of scenarios for each of the 10,000 combinations of ecosystems and
monitoringprograms: (1) completely eradicating a predator immediately after the 20 year
monitoring period, and (2) no action. For eradication scenarios, we assumed that the predator is
eradicated rapidly so that its population biomass is set immediately to zero. Each eradication
scenario consisted of eradication of only one predator, from any nonbasal trophic level. We did
not consider.scenarios for the eradication of basal species, since this is an unlikely management
action due to.thethigh possibility of secondary extinctions (Dunne and Williams 2009;
Staniczenkoset'al. 2010).

We didwnot predefine any species to be invasive and therefore candidates for eradication.
Hence, we explored scenarios where each predator is individually eradicated. For ecosystems
containing more than two species, there are multiple predators that could be eradicated.

Specifically, if 7L, is the number of trophic levels in the ecosystem, and S is the common
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number of species per trophic level (every trophic level is assumed to have the same number of

species in our analysis, see e.g. Fig. 1a), there are §x (7L, —1) nonbasal species that could be

eradicated. We ran scenarios for each possible predator being individually eradicated, thereby

yielding Sx(ZLh —1) eradication scenarios per ecosystem. Conversely, there is only one “no

action” scehario per ecosystem: letting the ecosystem continue its (non-equilibrium) temporal
dynamics beyond the 20 year monitoring period without intervention.

To compare the eradication and no action scenarios, we focused our analysis on the
predictions©of species population biomasses 10 years into the future (¢ =30 years) after the
monitoring period (¢ = 0 to ¢ =20 years) and proposed eradication (¢ = 20 years). We chose to
focus our analysis on a predefined future time because ecosystem management plans are usually
drafted withselear, near-future, timeframes in mind, and our chosen timeframe of 10 years is
typical for terrestrial ecosystem management (e.g. Director of National Parks 2015). Of course,

predictions over longer timescales will likely possess higher uncertainty.

Calculating metrics that quantify the ability of fitted models to make useful predictions
In preliminagry.simulations we found that predictions of future population biomass often
expressed large uncertainty. However, whilst the uncertainty in an individual prediction of a
future scenario‘might be large, we also wanted to identify if the uncertainty in the difference
between scenarios 1s also large — as the latter is what is important for management decisions. We
also wanted to identify if the data-fitted models are predicting the correct trends even if the
uncertainty bounds in their predictions are large. Hence we introduced six metrics that quantify
the ability offitted models to make predictions useful for management decisions (Box 1 and
Appendix.S3);.these metrics are summarised below. All six metrics are calculated from the
species population biomasses at ¢ =30 years, i.e. ten years after the eradication (or no action)
proposed to occur immediately after the 20 year monitoring period. All six metrics are unitless,
so that the different biomasses of individual species are scaled out of all the metrics. Each metric
is calculated for one species within a particular ecosystem, and is either related to one scenario or
a comparison between scenarios, depending on the specific metric used.

The first three metrics we introduced (Box 1) indicate the uncertainty in model
predictions without any knowledge of the ecosystem’s true future trajectory — uncertainty in

future predictions, uncertainty in eradication impact, and uncertainty in the direction of the
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eradication impact. Here, eradication impact is defined as the relative difference in model-
predicted future trajectories between the two scenarios of eradication and no action. The last
three metrics indicate how different the model predictions are from the ecosystem’s true future —
difference in future predictions, difference in eradication impact, and difference in the direction
of the eradication impact. The six metrics each provide different information about how
uncertain the model predictions are, or how different the model predictions are from the true
trajectory. AISiX metrics are non-negative; reducing their values towards 0% indicates that the
data yield a'more informative fitted model for decision-making. More specifically, metric values
less than 10% are excellent while values exceeding 50% are relatively uninformative (except for
the uncertaintysin the direction of the eradication impact for which a value of 50% is completely
uninformative).

We calculated and compared the six metrics for all non-eradicated species in all
management scenarios (either eradication or no action), monitoring programs and ecosystems,
and grouped the values of the six metrics together by monitoring program and network
configurationi(ite. ecosystems with the same number of species per trophic level and number of
trophic levels).ndividual values of the metrics were aggregated across species and ecosystems
(without any.stratification of values either by ecosystems or by species position within the
network) teridentify how these metrics’ values are distributed within each combination of
monitoring program and network configuration. Ultimately, this analysis addresses the following
question: Even if the future predictions of individual species trajectory are highly uncertain, are
there particularaspects of ecosystem responses to an eradication which can possibly be predicted

with high confidence?

RESULTS

Large uncertainty in future predictions of species population biomass was a common observation
amongst the 1000 ecosystems that we investigated. 20 years of synthetic monitoring data was
used to inform'each modelled ecosystem; and the 10-year future model projections of this
ecosystem, folloewing the complete eradication of one predator immediately after the 20 year
monitoring period, were analysed. Fig. 1b shows an example of one of our generated ecosystems,
measured with the best plausible monitoring program that we considered (annual measurements

of all species for 20 years with 10% measurement error). For the true trajectory of this ecosystem
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without any management intervention (red lines in Fig. 1b), 20 years of monitoring data was
sufficient for the ecosystem to be approaching but not yet reaching equilibrium. For the model
predictions (shaded areas) based on the monitoring data (dots), the uncertainty in future
projections. following a species eradication was sufficiently large that it is unclear if this
eradication will,be net beneficial or detrimental to the remaining species. The estimated
probability distributions of model parameters for this ecosystem (Fig. 2) also indicated that
several imtéraction strengths were unresolvable with this data.

Uncertainty in future population predictions varied widely between species and
ecosystems. To give some sense of how the species responses in the ecosystem shown in Fig. 1b
compare toourrgeneral results from multiple network configurations and monitoring program
qualities, we'show box and whisker plots capturing the interquartile range (box) and 95% central
credible interval (whiskers) of the uncertainty in future predictions in Appendix S5. For example,
for 100 ecosystems of the same structure and subjected to the same monitoring program as Fig.
1b, uncertainty in future predictions for the eradication scenario had a median of 21%,
interquartile'range (box) of 10-44% and 95% central credible interval (whiskers) of 3-217%
(second columneof Fig. S5.6b in Appendix S5, upper limit not shown). Hence, uncertainty in
future predictions could be low or extremely high, depending on the species and ecosystem, even
with an exeellent monitoring program. As expected, reducing monitoring accuracy or frequency
increased the uncertainty in future predictions (Appendix S5).

Reducing measurement error from 40% to 10% reduced model uncertainty more
effectively thantincreasing monitoring frequency from once every four years (quadrennially) to
annually (Fig=3). Hence, precise and infrequent monitoring may be of greater value than
imprecise and frequent monitoring, but we caution that this conclusion strongly depends on the
possible trade-off between measurement accuracy and frequency in a given study. The trade-off
may also depend.on other factors not considered here, such as environmental stochasticity,
demographic stochasticity, or uncertainty regarding the network structure itself.

For the'extreme best-case scenario of annual monitoring with 1% measurement error,
prediction aceuracy increased dramatically but did not always lead to highly constrained
predictions (Appendix S5). For example, for the ecosystems with the largest number of species
(nine) that we investigated, the median uncertainty in future predictions of species population

biomass after a proposed eradication still exceeded 10% (first column of Fig. S5.10b in
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Appendix S5). Uncertainty in future predictions may therefore be an unavoidable situation even
with excellent data, but in reality, management decisions still need to be made.

To investigate the usefulness of imperfect data for model calibration and subsequent
predictions. to inform management decisions, we next focused on what could be achieved with
the worst plausible monitoring program we considered (quadrennial measurements with 40%
error), across multiple metrics of uncertainty and model-data difference. We first summarise our
results for €€0systems possessing three trophic levels and two species per trophic level (Fig. 4)
and then discuss applicability of the key result obtained across all ten network configurations we
investigated (between two and nine species, Fig. 5).

Bothithewncertainty in future predictions, and the difference between model predictions
and true trajectories, were higher for eradication scenarios (Fig. 4b,f) than for scenarios
involving no intervention (Fig. 4a,e). This occurs because the species in the ecosystem continue
their previous trajectories if no management action is undertaken, whereas an eradication “jolts”
the species into different trajectories (compare blue and red future predictions in Fig. 1b).

Wemextsought to identify if the model predictions of the eradication impact — that is, the
relative difference between scenarios of eradication vs no action — also could possess high
uncertaintysand large difference from their true values. Contrary to our expectations, we found
that predictions of eradication impact carried similar uncertainty (Fig. 4c) and similar difference
between model and true values (Fig. 4g) to the individual model-predicted future trajectories
(Fig. 4a,b,e,f). To further elucidate this result, we visually inspected many of the thousands of
trajectory figures generated by our simulations (of which Fig. 1b is a representative example).
We observedithat several ecosystems were approaching equilibrium densities within the 20-year
monitoring period (see, e.g., Fig. 1b), and thus the uncertainty in the difference between
scenarios 1s potentially being dominated by the uncertainty in the eradication scenario. This
result therefore. may not hold in ecosystems which are undergoing rapid population fluctuations,
but for ecosystems with negligibly or gradually changing species populations it is unsurprising
that the impact'of an ecosystem perturbation is likely to be less predictable than if the ecosystem
experiences nossuch perturbation.

The final two metrics that we investigated were the uncertainty (Fig. 4d) and model-data
difference (Fig. 4h) in the direction (either increase or decrease) of the predicted eradication

impact. The direction of the eradication impact identifies whether a species’ future population
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biomass, after the eradication, will be higher or lower than its future population if no action is
undertaken. Unlike the other three uncertainty metrics (Fig. 4a-c), the uncertainty in the direction
of the eradication impact (Fig. 4d) cannot exceed 50%, the latter of which indicates a completely
uninformative prediction (in this case there is equal probability of an increase or decrease in a
species’ future;population biomass due to the eradication compared to no action, see Appendix
S3). Fig. 4d.shows that model predictions for the direction of the eradication impact can range
from very confident (0%) to completely uninformative (50%).

However, promisingly, the model-data difference in eradication impact direction (Fig.
4h) was less than 50% for more than 75% of the individual species responses across all
eradicationscenarios and ecosystems: this indicates that the majority of the model ensemble (by
weight) predicts'the correct eradication impact direction >75% of the time. We obtained this
result for ecosystems with three trophic levels and two species per trophic level, subjected to a
monitoring program with the lowest measurement accuracy (40%) and frequency (quadrennially)
that we investigated. Whilst 75% confidence still leaves considerable room for error, especially
since 50% eonfidence for this metric indicates a completely uninformative prediction, this
probability is high enough to suggest that sufficient knowledge and monitoring data for an
ecosystem'may permit calibrated models to make predictions that are practically useful for
informing.decisions.

Expanding this latter analysis to consider individual species responses across all of the
different network configurations we tested (two to nine species) instead of just ecosystems with
three trophie”lévels and two species per trophic level, we found that the direction of eradication
impact couldsbe’predicted correctly more than 70% of the time in all of our tested network
configurations (Fig. 5). For this metric, 50% correct indicates an uninformative result (random
prediction of the direction of eradication impact being either an increase or a decrease), so 70%
correct classifications is not optimal but could still be of value for decision-makers. We used two
different methods to identify if the model was predicting the correct direction of eradication
impact (one.method shown in Fig. 5; both methods shown in Appendix S6). We reached the
same conclusion regardless of the method used to predict the eradication impact direction; for
both methods we did not consider ecosystems or species positions within the network separately,
but rather aggregated results across all species’ potential responses to all possible predator

eradications across all ecosystems possessing the same network configuration and monitoring
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program. We also found (unsurprisingly) that improving monitoring accuracy and/or frequency
can increase the proportion of correct predictions for the direction of eradication impact
(Appendix S6).

We undertook additional analysis to disentangle the impacts of trophic level and
closeness of zesponse species to the eradicated species on the proportion of correct model
predictions for the direction of eradication impact (Appendix S7). This analysis indicated that
eradication‘impacts on individual species depend strongly on network structure; thus such
analyses are well-suited for future investigation of specific case study systems.

Finally, we investigated how misspecification of network structure (by assuming all
species on different trophic levels are involved in predator-prey interactions with each other)
affects model prediction accuracy (Appendix S8). We found that accuracy in predicting the
direction of eradication impact reduced, but remained above 65% in all our tested configurations
(Figure S8.1). This result (>65%), obtained with the worst plausible monitoring program we
considered, s getting closer to completely uninformative (50%), which emphasises the
importancesof assuming network structures that are as close to correct as possible. In fact, in
certain cases, monitoring data of low frequency and accuracy can sometimes not be sufficient to
compensatesfor misspecified network structures (Figure S8.2). These results highlight that
comprehensive monitoring data is of best use for model predictions when it is coupled with

expert knowledge regarding which species interactions are actually present in the network.

DISCUSSION

Forecasting-for decision-making should not wait for a well-constrained model

Predicting the future of an ecosystem is a prerequisite for decision-making (Petchey et al. 2015),
but is often,avoided in ecology due to concerns about biological complexity (Dietze et al. 2018).
Here, we demonstrated that model predictions of future trajectory for ecosystem food webs can
carry high uncertainty even if there is excellent time-series data available from a monitoring
program. Despite this uncertainty, the models can potentially be useful to inform management
decisions, if'precise population predictions are not critical to the decisions. To obtain this
conclusion, we assessed the predictive proficiency of the fitted ecological models (Pennekamp et
al. 2017), and found that even in the most infrequent and imprecise monitoring programs tested,

these models had >70% confidence in predicting whether species population biomasses, ten
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years after an eradication action, will be higher or lower than if no action is undertaken. (To
avoid misinterpretation, we reiterate here that 50% confidence indicates an uninformative
prediction, so 70% correct classifications is not optimal but could still be of value for decision-
makers.) This finding was obtained in the best-case scenario, whereby the model structure
accurately reflects the ecosystem dynamics, and there is no stochasticity in the ecosystem apart
from measurement noise. At the very least, our analysis suggests that it is possible, for dynamic
models €alibrated to time-series data, to provide useful predictions for decision-making. More
generally, approaches such as ours that formally account for uncertainty propagation are
advantageous because they can predict the probability of an undesirable outcome (Regan et al.
2005; Tunney etal. 2017). Our results therefore support the view that we do not need to wait
until ecologi€alimodels are well-constrained in their predictions before we start forecasting
(Dietze et al. 2018; Houlahan et al. 2017); even a model that is not particularly well-constrained
in its predictions can potentially be used for management decisions. We recognise that accepting
the predictions of a model will always be a value judgement for the decision-maker. However, at
the very leastyitis of benefit to provide decision-makers with model predictions, including

uncertainty, forthem to decide on how to act on this information.

Monitoring'accuracy versus frequency

Improving the accuracy of monitoring from 40% to 10% reduced model uncertainty more
effectively than increasing measurement frequency from quadrennial to annual (Fig. 3 and
Appendix S5)"This result echoes other authors’ findings that reduced sampling visits with
greater coverage (thereby increasing monitoring accuracy) may be of greater benefit than
frequently sampling fewer sites (Roy et al. 2007), and that skipping certain monitoring time
points to improve the remaining abundance estimates can be beneficial (Humbert et al. 2009).
However, there is a potential tradeoff here, because higher monitoring frequency increases the
chances of detecting unexpected ecological responses (Keith et al. 2014). Regardless of the
monitoring program used, our approach is able to predict the potential benefits for forecasting
from increasedumonitoring accuracy versus frequency, as decision-makers may not have the
resources to do both. Hence our analysis has the potential to predict the data quality needed to
answer a given research or management question, which is a current need suggested within the

community ecology literature (Delmas et al. 2019). This is especially pertinent since monitoring
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is a substantial investment that requires careful consideration of the benefits versus the costs

(McDonald-Madden et al. 2010).

Comparison to previous research in community ecology

Our work addssto the ecological network literature focused on fitting models to time-series data
(Ives et al. 2003; Certain et al. 2018), consideration of uncertainty sources (Mutshinda et al.
2009) and propagating parameter uncertainty through to predictions following perturbations
(Aufderheide'etal. 2013; Novak et al. 2011). In the context of this prior work, our key
contribution is to demonstrate how different aspects of time-series data alter forecast uncertainty,
and ultimatelyshoew this uncertainty affects the utility of model forecasts to help environmental
managers decide which ecosystem interventions to implement. Similarly to Novak et al. (2011)
we find clear relationships between uncertainty in interaction strengths and the proportion of
correct predictions, but our work goes one step further by connecting this uncertainty in
interaction strengths back to the informativeness of the measured data. Unlike Novak et al.
(2011) we didnot investigate how connectance affects uncertainty in interaction strengths,
because of the small size of the networks we investigated (Section S1.2.3). We also performed
additionalamalysis to investigate the effects of network structure misspecification on our results
(AppendixsS8); recent work by other authors has addressed the effects of model misspecification
as well (Certain et al. 2018).

Similarly to us, other authors have focused on what information can be gleaned from
time-series datay(Cenci & Saavedra 2018), but with stochastic autoregressive models (e.g. Ives et
al. 2003; Ivesset‘al. 2010; Hampton et al. 2013; Ovaskainen et al. 2017; Certain et al. 2018) used
more commonly than deterministic Lotka-Volterra models (e.g. Narwani et al. 2017).
Autoregressive models explicitly account for demographic stochasticity, although in practice this

process noise.may be difficult to distinguish from observation error (Certain et al. 2018).

Generalisingour results to real ecosystem networks

Forecasting dynamics in complex ecosystems is challenging, but may be of great benefit for
informing management decisions in these systems. Our work investigates this problem in small
predator-prey networks with known structure. However, in real ecosystems we may not know

their network structure, and these systems can be far more complex, involving many other
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interaction types (Arim & Marquet 2004; Berlow et al. 2004; Ruscoe et al. 2011; Plein et al.
2017), variability in interaction strengths (Navarrete & Berlow 2006; Ushio et al. 2018), process
noise (Wood 2010) and age or size structure (Law et al. 2016). The ecosystems we investigated
had high connectance (Section S1.2.3), and thus a relatively large number of interaction strengths
needed to be.estimated in our generated ecosystems. The lower connectance of the larger
ecosystems expected in nature might counteract the reduced confidence in future predictions
expected'in"theéseé' more complex systems, but only if there is knowledge of which species
interaction§ are present or absent (as was assumed here).

We considered ecosystems that follow deterministic Lotka-Volterra equations, as this is a
relatively ubiquitous approach for investigating community ecology dynamics (e.g. Roberts
1974; Jansen'&*Kokkoris 2003; Stone 2016). Extrapolation of our key results regarding the
ability of calibrated models to predict management outcomes may vary in ecological
communities with different dynamics. Future work could also investigate the relative importance
of different'sources of uncertainty (measurement noise, environmental and demographic
stochasticity;imodel structure uncertainty and network structure uncertainty) on predicting
management outcomes, following on from prior studies analysing stochasticity sources
(Mutshindaset al. 2009) and robustness to parametric assumptions (Certain et al. 2018).
Resolving.these different sources of uncertainty is a logical next step to improve the precision of

future ecological forecasts.

CONCLUSION

Even with exeellent data and sophisticated model calibration techniques, it may not be possible
to resolve all species interaction strengths, but this should not prevent fitted models from being
used to inform management decisions. At the very least, it may be possible to predict whether a
management.action, in this case, eradication, will cause a net positive or negative impact on a
species’ population. This information might be sufficient for managers to act upon even if
uncertainty.infuture ecosystem projections is large. In short, we do not need to wait for models
to produce well-constrained predictions before we start using them to inform decisions that

improve environmental outcomes.
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FIGURE CAPTIONS

Figure 1. (a)’An ecosystem network configuration possessing three trophic levels with two
species per trophic level. Arrows represent predator-prey links, with the arrowhead directed
towards the predator. Predator-prey interactions given by dashed arrows only exist in our
generated networks if the predator feeds on more than one trophic level (see Appendix S1 for
further details)=(b) One of the ecosystems generated from the network configuration shown in
(a), monitored annually with a measurement error of 10%, over a 20 year period. An eradication
of species lsimmediately after the 20 year monitoring period is proposed in this example. The
true ecosysteém trajectory without any intervention is shown with a red line, and the true
ecosystem trajectory if species 1 is eradicated is shown with a blue line. Data from the simulated
monitoring program is shown as black dots. This data is used to inform the SMC-fitted model:
projectionsawithout any intervention are shown in red shaded areas, and projections if species 1
is eradicatedrare’shown in blue shaded areas. For these model projections, dark and light shaded
areas represent the 68% and 95% central credible intervals of the predictions, respectively.
Notice that there is large uncertainty in future predictions, especially for the eradication scenario

(blue shaded.areas).

Figure 2. Probability distributions (shaded regions) for four of the 22 interaction strengths

obtained from SMC sampling for the ecosystem and sampled data shown in Fig. 1b. Dashed
vertical lines represent the true parameter values. Insets show the associated interaction; for
example, parameter as, (top) represents the effect of the interaction between species 2 and 3

(black arrow) on species 3 (black circle). Uniform prior distributions enclosed by the x-axis
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limits were assumed for all parameters. The y-axes represent relative rather than absolute
probabilities, rescaled so that the density function’s maximum is one. Probability distributions
for all parameters of this ecosystem, and technical details for constructing these distributions, are
provided in Appendix S4. Notice that the data helped to estimate interaction strengths o3 s and
a3 6 but was net,particularly informative for a3, or a4,. Appendix S4 also shows that
informativeness©f data for interaction strengths is not necessarily related to trophic level (see

e.g. distribtitionsfor parameters a; ;3 and as4 in Appendix S4).

Figure 3. Uncertainty in future predictions, across 100 randomly generated ecosystems with 3
trophic levels and 2 species per trophic level. Uncertainty in future predictions for eradication
scenarios (blue boxplots) include all possible nonbasal species eradications (four per ecosystem
in this case). Boxes represent the interquartile range and whiskers enclose the 95% central
interval. The “baseline monitoring program” indicates model predictions informed by 20 years of
species population data monitored quadrennially with 40% measurement error. The other two
columns show'the reduction in uncertainty due to either a four-fold increase in measurement
frequency (annual monitoring) or a four-fold increase in measurement accuracy (10%
measurement.error), relative to the baseline monitoring program. Notice that increasing
monitoringraccuracy is better than increasing monitoring frequency by the same factor, if the

goal is to reduce uncertainty in model predictions.

Figure 4. Modeluncertainty, and difference between the model and true underlying data,
quantified meseveral different ways (see Methods and Appendix S3), across 100 randomly
generated ecosystems with 3 trophic levels and 2 species per trophic level, given a 20 year
monitoring program that measures all species quadrennially with 40% measurement error. Red
and blue bexplots indicate the “no action” and “eradication” scenarios, respectively; black
boxplots show.metrics calculated from comparing these two scenarios. Boxplots (a) and (b)
present the same information as the two “baseline monitoring program” boxplots shown in Fig.
3. For metrics shown in this figure that are calculated from the eradication scenario results, all
possible nonbasal species eradications are considered (four per ecosystem in this case). Boxes
represent the interquartile range and whiskers enclose the 95% central interval. Whiskers whose

upper vertical bars are not shown indicate that the 95% central interval includes metric values
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that exceed 100% (indicating the possibility of a very uninformative prediction). Notice that the
third quartile for the direction of the eradication impact (right-most column) is less than 50%.
This indicates that the model’s predictions of the direction of change (increase or decrease) in a
species’ future population biomass due to a proposed eradication, compared to the future
population biemass if no action is undertaken, are correct at least 75% of the time for ecosystems

with 3 trophic levels and 2 species per trophic level (see also Fig. 5).

Figure 5. Ability of the fitted models to correctly predict the direction of eradication impact
(increase or decrease in a species’ future population biomass due to eradication, compared to the
future population biomass if no action is undertaken) for the 20 year monitoring program with
the most imprecise (40% error) and infrequent (quadrennial) measurements that we investigated.
The ability of themodel to predict the correct direction of eradication impact was calculated
from the proportion of simulations where the model predicted a >50% probability of a species’
future population biomass changing in the same direction as the true value (same method as the

blue bars innAppendix S6, and the blue and cyan bars in Appendix S7). TL = trophic level.

FIGURES
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BOXES

Box 1. Definition of the six metrics used to quantify the ability of fitted models to

make predictions useful for management decisions

1. Uncertainty in future predictions (UFP):

ACI {y model,erad (tfuture ) }

median {y model,erad (tfuture )}

UFP

erad —

for eradication scenarios, and
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Ao {y )
CI model,no erad \" future . .
UFP = for the “no action” scenario.

noerad — di
median {y model,no erad (tﬁlfure )}

2. Uncertainty in eradication impact (UEI):

UEI — ACI {ymodel,erad (tfuture) - ymodel,no erad (tfuture ) }

y model,no erad (tfurure )

3. Uncertainty in the direction of the eradication impact (UDEI):

UDEI = min {Q’ 1 - q} s Where q = H (ymodel,erad (tfuture) - ymodel,no erad (Ifuture))

4. Differencee'infuture predictions (DFP) between model predictions and true values:

DFP_. = | median {y model.erad (Cfuture )} ~ Virue,erad (Thuure)

 d = for eradication scenarios, and
‘ y true,erad (tfuture )

median ymo el,no era (t ure) _yrue 1o era (t re)
DEP _’ { del, d \Hfut } true, d \"futu

no erad ‘

for the “no action” scenario.
y true,no erad (lfuture ) ‘

5. Difference in eradication impact (DEI) between model predictions and true values:

. y model,erad (tfuture ) - y model,no erad (tfuture ) y true,erad (tfuture) - y true,no erad (tfuture )
DEI = |median -

y model,no erad (tfuture ) y true,no erad (tfuture )

6. Difference in the direction of the eradication impact (DDEI) between model predictions

and true values:

DDEI = ‘H (ymodel,erad (tfuture) - ymodel,no erad (tfulure )) - H ( ytrue,erad (tfuture) - ytrue,no erad (tfuture ))

Terminology: median{x} is the median of x, X is the mean of x, and A {x} is half the

difference between the upper and lower bounds of the 68% central credible interval for x .
All of these calculations are applied to the model ensemble obtained from posterior

simulation and may require internal weighting if each member of the posterior sample does
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768

not have the same probability (e.g. using weighted mean instead of mean, etc.). H(x) is

the Heaviside step function, equal to one if x>0 and zero otherwise. V.. croq (fre) and

future

Vimodet.erad (Burure ) ar€ the true and model-predicted population biomasses, respectively, of a

non-eradicated species at some future time f,,. following the eradication of another

species at some earlier time. (In our simulations the eradication occurred at the end of a 20

year monitoring period, and the future time of interest was 10 years later, i.e. ;.

= 30 years.),Analogously, ¥ o et Cruare) A0 Viodel no erad Crure) ar€ the true and model-
predicted population biomasses, respectively, of a species at the same future time £, if
no managementaction is undertaken. Both Y. g (Fiue) 300 Ve no erad (Fure) aT€ single

values, Whilst ¥ 4 crad (iuure) @04 Vinoget no erad (Crunre ) DOth Tepresent probability distributions

obtained fromposterior simulation. Further details on all metrics are provided in Appendix
S3. Noticethateach metric provides different information about how well the fitted model

is predicting the future of a species in response to a proposed eradication action.
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