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New models, new data: can DNA
barcoding help with the
development of General

Ecosystem Models? |
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A Global effort in bottom-trawl fishing Human appropriation of
4.39 x 10e"™ net primary productivity = 17
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Tittensoret al. (2014), Science
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Need to bmnd and forecast the impacts of our actions now and into the futt

.




SUSTAINABILITY

Prediction, precaution, and
policy under global change

Emphasize robustness, monitoring, and flexibility

By Daniel E. Schindler* and Ray Hilborn

great deal of research to inform envi-
ronmental conservation and manage-
ment takes a predict-and-prescribe
strategy in which improving forecasts
about future states of ecosystems is
the primary goal. But sufficiently thor-
ough understanding of ecosystems needed
to reduce deep uncertainties is probably not
achievable, seriously limiting the potential
effectiveness of the predict-and-prescribe
approach. Instead, research should integrate
more closely with policy development to
identify the range of alternative plausible fu-
tures and develop strategies that are robust
across these scenarios and responsive to un-
predictable ecosystem dynamics.

Calls for improving forecasts of future
ecosystem slates are common [eg., (I)]. It
is often assumed that poor performance of
forecasting models (2) derives from weak
understanding of ecological complexity and
that developing richer mechanistic appre-

ciation of ecological interactions

Schindler &Hilborn(2015) Science

outcome that is assumed to be predictable;
policy developed under this premise will
prepare us poorly for the unpredictable (7).

LIMITS OF MODELS. Ecosystems are orga-
nized around a seemingly infinite number of
biological, chemical, and physical processes
that play out across enormous ranges of
space and time scales (8). Feedback mecha-
nisms provide stability such that ecosystems
appear stable during some time frames but
can abruptly shift to express new structures
in others (9). Our abilities to make observa-
tions are limited to a small range of space
and time scales (8), limiting our capacity for
understanding ecosystems and forecasting
how they will respond to local and global

change. Thus, environmental management
will always operate in a realm where uncer-
tainties dominate (10). Although more de-
tailed knowledge about ecological processes
will certainly be produced, reliable forecasts
will likely accumulate much slower than will
be useful for contributing to effective policy
for sustainability or conservation, and eco-
systems will likely change faster than knowl-
edge accumulates.

A wide range of modeling approaches is
used to explore and forecast ecosystem dy-
namics. However, models are prone to er-
rors that can mislead policy if not treated
with appropriate skepticism (I1). For ex-
ample, in statistical models, historical time
series are often compared to quantify cause-
and-effect relationships between resources
and environmental variables. Without con-
trolled manipulations and appropriate ref-
erence systems, such comparisons can lead
to false conclusions, based on spurious
correlations, about cause-and-effect rela-
tionships. For example, a reanalysis of 47
previously published relationships between
environmental variation and recruitment in
marine fish—after including an additional
decade of new data—revealed that only one
of the previous statistically determined rela-
tionships was still used in management be-
cause the initial correlations failed to persist
through time (12).

Nonstationarity in ecosystem relation-
ships (ie, evolution of parameters that
quantify them) adds substantial uncertainty
to models, even if statistical relationships are

ECOLOGY

The Art of Ecological Modeling
lan L. Boyd

Predicting the dynamics of real ecosys-
tems—or even of components of these eco-
systems—will remain beyond the reach of
even the best ecosystem models for the fore-
seeable future

Boyd (2012) Science
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Most models for ecology are correlative

AModel patterns

Species
occurrences
AExtrapolate
- beyond the data
. to predict at new
Environmental ..
variables < conditions
\
AAssumes
Modelled

constancy of
processes

distribution




Processhased models

AModel underlying mechanisms
(e.g. formation of clouds,
hydrological cycle)

AAllows prediction to novel
conditions & unexpected
outcomes

AAs mechanistic understandin
Improves, so does model




General circulation models (GCMs
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The challenge

ACan we model the
biosphere via fundamental
ecological processes?

AlLand and sea?

ACan we forecast changes in
biodiversity and ecosystem
stability/function?

|.e. can we create a general (global) ecosystem mode



What we can learn from the GCM
experience

A Start simple

A Initial models will be crude
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Modelling
philosophy

Balanced
consideration of all
trophic levels
Transparent

Open

Reproducible

Emergence




How?

51

IBM announces
the

new
Portable

Ecology, 83(7). 2004, pp. 1771-1789
o 20 b} the Ecological Society of America

TOWARD A METABOLIC THEORY OF ECOLOGY

JAMES H. BROWN, 124
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OPEN @ ACCESS Freely available online “PLOS one

The Probabilistic Niche Model Reveals the Niche
Structure and Role of Body Size in a Complex Food Web

Richard J. Willia

HOLLING : FUNCTIONAL RESPONSE OF FREDATORS TO PREY DENSITY

The Functional Response of Predators to Prey Density
and its Role in Mimiery and Population Regulation®

By C.S. Hornne

w

The

Madingley

model




Key ecological problem (1)

A2S KIFIgSyQi RSaONAROSR- (K
91%undescribed
AWant to include all taxa in a model

AHow do we resolve this inconsistency?

OPEN 8 ACCESS Freely available online PLOS BIOLOGY

How Many Species Are There on Earth and in the Ocean?

Camilo Mora'?*, Derek P. Tittensor'*?, Sina Adl’, Alastair G. B. Simpson"', Boris Worm'

1 Departrnent of Biology, Dalhousie University, Halifax, Nova Scotia, Canada, 2 Department of Geography, University of Hawaii, Honolulu, Hawaii, United States of America,
3 United Nations Environment Programme World Conservation Monitoring Centre, Cambridge, United Kingdom, 4 Microsoft Research, Cambridge, United Kingdom




Model functional groups, not species
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Key ecological problem (2)

ACannot model individuals separately

Millions per litre

(http://www.cefas.defra.gov.uk) Up to c. 2500 per ki
(Goodman, 199&7oology



Individuals as (multispecies) cohort:

Functional traits:

/ Carnivorousectothermig iteroparous mobile

Num. individuals: 325
Individual mass: 2.6 kg
Age: 3.4 years




Dynamics

Dispersal

Mortality

/

Mortality rate
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Reproduction

Harfootet al. (PLo3Biology), 2014
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Feeding niche

> 300 -
S 250 - Predatormass =
S < 200 - 10009
— 3 150 -
2 3 100
= 50 -
)
Z 0 I I | 1
0 100 200 300 400
Prey mass (g)
Optimal .
orey size Also accounts for:

Smaller A Assimilation efficiency

o A Time spent eating
Larger A Emergent preyswitching
prey

Number eaten (N)

Prey density (D)
Brose et al. (2005), Ecology ; Williams & Purves (2011), Ecology



A Cohort dynamics
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July 2010 Surface Temperature Anomaly (°C)
Bas Period: 1951-1980]
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Seed the model with equal
biomass everywhere

What emerges: global

Heterotroph biomass
(kgkm=2)

3-65185

65185 - 87886
87886 - 112493
112493 - 143548
143548 - 175535
175535 - 217102
217102 - 235608
235608 - 361691
361691 - 456746
456746 - 2907023

EEN0O0O00OO0@EDm

-90

Harfootet al. (PLo3Biology), 2014



Produces communitievel

metrics
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Harfootet al.
(PLoSBiology), 2014



Captures some properties at
organismal level very well
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4. What can GEMs do?



Model structure and emergence

AMadingleyproduces emergent behaviour at
multiple ecological scales:

Individual (e.g. reproductive success)
Population (e.g. dynamics)

Community (e.g. foodveb & trophic structure)
Ecosystem (e.g. energy & material flows)
Macroecologicale.g. latitudinal gradients)

A




ood web sampling

WYonnectanc®

cumulative distribution
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Perturbations & ecological
collapse

AThresholds
ASudden statechanges and trophic cascades
AResilience
ARecovery?
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Do recovering ecosystems return
to the preimpact state?

\K’: o >

Recovery phase

Hysteresis?

Impact phase 95%



Generally not

Gobi desert
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Earlywarning signals of collapse

Early Warnings of Regime Shifts:
A Whole-Ecosystem Experiment

S. R. Carpenter,* ]. ]. Cole,? M. L. Pace,® R. Batt,® W. A. Brock,? T. Cline,! ]. Coloso,>
]. R. Hodgson,” ]. F. Kitchell,* D. A. Seekell,® L. Smith,* B. Weidel®

Unpubl
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L atitudinal ratio of endotherms
to ectotherms

Endotherm to ectotherm biomass ratio

Marine

Latitude
|

| | |
1e-05 1e-03 1e-01

Endotherm to ectotherm biomass ratio




Past, present and future of
ecosystems

AProject back to 1859 using GEB% model outputs
AProject forward under scenarios of future change (to 2100)

AUse the strengths of modelling approach (land and ocean,
can produce novel metrics)

ATradeoffs (e.g. agriculture vs. fisheries)

1859

y

2005

2100




5. DNA barcoding & GEMs
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Not much data with which to
evaluate patterns

AEcology> generally small
scale observations &
experiments




Sampling ecosystems from top to

bottom Eniwetok Atoll

TROPHIC STRUCTURE AND PRODUCTIVITY OF A WINDWARD
CORAL REEF COMMUNITY ON ENIWETOK ATOLL!

Howarp T. Opum? and Eveene P, Opum®

Odumé& Odum(1955)



Sampling ecosystems from top to
bottom

Alnternational Biological Program (IBP) 1984974




" Table 3.1. Shellfish and cephalopods to be recorded during surveys.

TSNCode  Common name Sclentific name Recording Measurement Unit
Crustaceans

98682 Golden crab Cancer bellanius Male/Female Carapace width mm below
98681 Edible crab Cancer pagurus Male/Female Carapace width mm below
aRkanNKk Nean-watar rad rrah farvnn affinic Mala/Famala Caranara width mm halnw

ICES. 2012. Manual for the International Bottom Trawl Surveys. Se
of ICES Survey Protocols. SISBTE VIII. 68 pp



CanmetabarcodingandeDNA
help?

DNA barcoding and metabarcoding of standardized
samples reveal patterns of marine benthic diversity

L) Matthieu Leray and Nancy Knowlton'

Leray& Knowlton (2015), PNAS

Thomseret al. (2012)PLo3ne



