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Three	
  DisJnct	
  Approaches	
  to	
  IAMs	
  

•  Cascading	
  Models	
  
–  E.g.	
  MIT’s	
  IGSM;	
  GB-­‐Quest	
  (Carmichael	
  et	
  al	
  2005)	
  

•  System	
  Dynamic	
  and/or	
  Bayesian	
  Networks	
  (Hybrid	
  
Models)	
  
–  E.g.	
  World3	
  (Meadows	
  et	
  al	
  2003);	
  IIASA’s	
  GAINS	
  model;	
  IIASA’s	
  EPIC	
  model	
  

•  QualitaJve/	
  SyntheJc	
  Impact	
  Assessment	
  Models	
  
–  E.g.	
  Millennium	
  Ecosystem	
  Assessment	
  (MEA)	
  2005;	
  Ro@mans	
  and	
  Van	
  

Asselt	
  approach	
  to	
  “Integrated	
  Assessment”	
  



Cascading	
  Model	
  Example:	
  MIT’s	
  
IGSM	
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2. MODEL COMPONENTS

As depicted in Figure 1, the IGSM Version 2 includes sub-models of the relevant aspects of
the natural earth system coupled to a model of the human component as it interacts with climate
processes. A description of the system components used in Version 1, along with a sensitivity
test of key aspects of its behavior, are reported in Prinn et al. (1999), and additional
characteristics of particular components are described in Babiker et al. (2001), Mayer et al.
(2000), Kamenkovich et al. (2002), and other Joint Program Reports, Technical Notes and
journal publications.

The major model components of the IGSM2 are shown in Figure 1:

• A model of human activity and emissions (the Emission Prediction and Policy Analysis or
EPPA model),

• An atmospheric dynamics, physics and chemistry model, which includes a sub-model of
urban chemistry,

• An ocean model with carbon cycle and sea-ice sub-models,

• A linked set of coupled land models, the Terrestrial Ecosystem Model (TEM), a now more
fully integrated Natural Emissions Model (NEM), and the Community Land Model
(CLM), that encompass the global, terrestrial water and energy budgets and terrestrial
ecosystem processes.
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Figure 1. Schematic of the MIT Integrated Global System Model Version 2 (IGSM2).



Cascading	
  Model	
  Example:	
  GB-­‐
QUEST	
  

experts that developed them, while keeping the loss of
complexity to a minimum.

3. GB-quest modelling techniques and model descriptions

3.1. Integrated model description

GB-QUEST is an integrated model that encompasses
several individual submodels. Fig. 2 illustrates the
interactions and feedbacks among the various submo-
dels in GB-QUEST, showing the user’s choices of
external context, responses to questions, and resulting
outcomes. Typical flow chart formatting has not been
used, as the number of arrows required would render the
figure unreadable. Boxes in the central section represent
submodels. External drivers and ‘Worldviews’ are listed
in the numbered diamond shapes on the left, and
groupings of questions by topic are listed in the
numbered circles at the top. Each submodel that is
directly affected by a question within a topic is shown by
a corresponding circle number (and similarly for
external situations). For example, Urban Growth
questions (Circle 1) directly affect the submodels of
Urban Growth and Transport. Solid arrows indicate
indirect effects. For example, Urban Growth submodel
results affect the Agriculture submodel. Feedback
effects are indicated by dotted arrows, and represent
impacts in the next time period. For example, the cost of

housing, one of the aspects of the Cost of Living
submodel, may rise as consequence of user’s choices
concerning Urban Growth topics. This may feed back to
reduce the level of internal migration to the region in the
next time period.

Each of the submodels within GB-QUEST was
designed in two steps. Calibration first took place for
each submodel independently, holding inputs from
other submodels fixed. A second calibration exercise
then took place after the submodel was integrated with
the other submodels, in which inputs from other
submodels were allowed to vary, and the combined
results were assessed in terms of plausibility and
sensitivity.

The integrated model allows scenarios to be created
that are informed by regional and cross-sectoral
changes. Future air quality in the region provides a
good example. Air quality is dependent on pollution
from several sources, which are grouped into point,
area, and mobile sources. Point source pollution
emission impacts are principally influenced by sector-
specific changes in technology and resource use, both of
which are uncertain and may be influenced by choices
made by society. Point source impacts are also affected
by economic growth and by changes in climate. Area
sources are dependent on how much agricultural and
forested land remains, and on choices users make
about how they manage that land, which in part
depends on technological change, and in part on societal

ARTICLE IN PRESS

Fig. 2. GB-QUEST model structure.

J. Carmichael et al. / Global Environmental Change 14 (2004) 171–183174
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  Overview	
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MulJ-­‐Discipline	
  Modeling	
  

•  Select	
  the	
  best	
  prac7ces	
  for	
  modeling	
  each	
  
component	
  of	
  a	
  complex	
  system	
  
–  Land	
  Use	
  Management	
  and	
  Predic7on	
  
–  Atmospheric/Weather/Climate	
  Predic7on	
  
–  Watershed	
  Hydrological	
  Flow	
  Analysis	
  
–  Lake	
  Water	
  Quality	
  	
  

•  Integrate	
  by	
  Building	
  Connec7ons	
  between	
  
Dependent	
  Models	
  
–  Consistent	
  land	
  region	
  of	
  study	
  
–  Isolate	
  Parameters	
  that	
  Affect	
  Other	
  Models	
  
–  Bridge	
  Between	
  Models	
  with	
  Necessary	
  Data	
  Manipula7ons	
  
–  Create	
  a	
  Framework	
  to	
  House	
  and	
  Direct	
  Data	
  Between	
  Models	
  

	
  



Cascading	
  Landuse	
  to	
  Flow	
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Forest	
  ElaboraJon	
  Case	
  Study	
  

•  Landuse	
  Change	
  Modeling	
  was	
  originally	
  unconcerned	
  with	
  what	
  
species	
  of	
  trees	
  reforest	
  a	
  sec7on	
  of	
  field	
  no	
  longer	
  being	
  cul7vated	
  

•  Watershed	
  Model	
  is	
  Sensi7ve	
  to	
  Deciduous	
  versus	
  Evergreen	
  
Foresta7on	
  

•  A	
  Method	
  to	
  Generate	
  Re-­‐Foresta7on	
  Details	
  Was	
  Created	
  
•  Tracks	
  Adjacent	
  Land	
  Cover	
  to	
  Influence	
  Re-­‐Fores7ng	
  Details	
  
	
  
	
  



Sample	
  Shrub	
  to	
  Tree	
  Progression	
  
	
  

Actual	
  data	
  from	
  2001	
  to	
  2041	
  ABM	
  Forecast	
  

Code	
   LandCover	
  

52	
   Shrub	
  

41	
   Deciduous	
  

42	
   Evergreen	
  

43	
   Mixed	
  Forest	
  
22001 Land Use 22041 Land Use 



Steps	
  taken	
  to	
  run	
  RHESSys	
  model	
  
with	
  new	
  land	
  cover/use	
  inputs	
  

•  GRASS	
  
– Converts	
  LandUse	
  by	
  Cell	
  to	
  Hillslopes	
  and	
  Patches	
  
– Aggregates	
  Changes	
  into	
  Larger	
  Logical	
  Structures	
  

•  WorldFile	
  Merge	
  Func7on	
  
– Merging	
  trained	
  worldfile	
  (watershed	
  parameters	
  and	
  
variables	
  informa7on)	
  with	
  updated	
  worldfile	
  that	
  has	
  
new	
  watershed	
  land	
  cover/use	
  informa7on.	
  

– Preserves	
  the	
  model	
  training	
  of	
  unmodified	
  patches	
  
whenever	
  possible	
  

	
  



WorldFile	
  LandUse	
  Merge	
  
•  Selec7vely	
  Merges	
  ABM	
  and	
  Original	
  WorldFiles	
  
•  Preserves	
  200	
  Simulated	
  Years	
  of	
  Model	
  Training	
  
•  Updates	
  Patches	
  or	
  Canopies	
  if	
  ABM	
  Changed	
  LandUse	
  

–  Patch’s	
  landuse_default_ID	
  
–  Canopy’s	
  default_ID	
  

•  Java	
  Object	
  modeling	
  of	
  WorldFile	
  structures	
  

World 

Basins 

Hillslopes * 

Zones * 

Canopy 
Patches 

* Multiples in Mississquoi Data 



Phase	
  2	
  (2014-­‐15):	
  Integra7on	
  of	
  
DHVSM/RHESSYS	
  with	
  Lake	
  Model	
  

(A2EM)	
  



A2EM	
  Architecture	
  
Background:	
  A2EM	
  (Advanced	
  Aqua7c	
  Ecosystem	
  Model)	
  

Bathymetry	
  
River	
  Inputs,	
  
Main	
  lake	
  
level	
  	
  

Ini7al	
  water	
  
levels,	
  temp	
  	
  	
  

Wind	
  (speed,	
  
direc7on)	
  

Temp	
  
RH	
  
Pressure	
  
Solar	
  Radia7on	
  
Cloud	
  Cover	
  

IniJal	
  nutrients,	
  
phytoplankton,	
  
zooplankton	
  	
  

Phyto	
  growth	
  and	
  
nutrient	
  uptake	
  
parameters	
  	
  

Ini7al	
  mussel	
  
densi7es	
  

IniJal	
  sediment	
  nutrient	
  
concentraJons,	
  bulk	
  
density,	
  sediment	
  
diagenesis	
  parameters	
  



A2EM	
  Steps	
  for	
  2014	
  

•  Complete	
  calibra7on	
  of	
  water	
  quality	
  model	
  
to	
  2012	
  &	
  2013	
  
– Many	
  parameter	
  es7mates	
  for	
  Limnotech	
  version	
  
of	
  the	
  model	
  appear	
  suspect	
  

–  Integrate	
  hydrodynamic	
  model	
  insights	
  into	
  
mechanis7c	
  papers	
  



IntegraJng	
  A2EM	
  with	
  RHESSYS	
  

•  An7cipated	
  steps	
  to	
  Integrate	
  A2EM	
  into	
  the	
  
IAM	
  framework	
  
– Develop	
  preprocessor	
  to	
  translate	
  RHESSYS/
DHSVM	
  output	
  into	
  input	
  file	
  formats	
  for	
  EFDC	
  
and	
  RCA	
  (text-­‐delimited	
  files)	
  

– Develop	
  script	
  to	
  automate	
  EFDC	
  RCA	
  	
  EFDC…	
  
batch	
  runs	
  (integra7ng	
  watershed	
  model)	
  

•  Current	
  framework	
  uses	
  an	
  Access	
  database	
  and	
  a	
  
semi-­‐proprietary	
  interface,	
  but	
  that	
  mostly	
  facilitates	
  
the	
  development	
  of	
  input	
  files;	
  that	
  could	
  be	
  done	
  
manually.	
  

– Come	
  up	
  with	
  a	
  method	
  of	
  es7ma7ng	
  
meteorological	
  variables	
  not	
  being	
  downscaled	
  
(solar	
  radiaJon,	
  cloud	
  cover,	
  wind,	
  RH,	
  pressure)	
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System	
  Dynamic/Hybrid	
  Model	
  Examples:	
  
Meals	
  et	
  al.	
  (2008)	
  P	
  flow	
  model	
  

3.4. Spatial modeling environment

We used the Spatial Modeling Environment (SME) (Maxwell
and Costanza, 1997; Costanza and Voinov, 2001; Maxwell, 2003)
to link the pixel-based dynamic mass-balance model with a
watershed-level GIS. SME allows a STELLA model to be
simultaneously executed across a complex multi-pixel (raster)
landscape at an annual time step. Non-spatial models are run in
each cell of a gridded model landscape (Fig. 2). SME is the
computational engine (GIEE, 2004; Maxwell et al., 2003) that
links local unit models with input time series and GIS spatial
data.

4. Results

Following the approach described above, we combined a
pixel-level mass-balance model, the P index, RCA, and GIS in a
spatially and temporally explicit framework at the watershed
level. We call this framework the Dynamic Interactive Simulation
of Phosphorus Loss Areas (DISPLA) model. To fully illustrate
model dynamics, we first present results of PPBalModel
simulations for individual pixels, then results of a watershed-
level baseline simulation in a test watershed. Application of
DISPLA to alternative management scenarios is presented in
Meals et al. (this issue).

Fig. 2. Schematic diagram of the DISPLA approach based on the Spatial Modeling Environment (SME) and the PPBalModel.

Table 3
Values for some PPBalModel parameters that define the initial or present-day conditions for pixels in corn, hay, pasture, forest and urban

Model parameter (units) Pixel land use category

Corn Hay Pasture Urban Forest

Manure TP input (kg P ha!1 year!1) 53 24 0 0 0
Fertilizer TP input (kg P ha!1 year!1) 29 15 0 9 0
Vegetative TP uptake (kg P ha!1 year!1) 43 29 0 0 0
Soil P assay (mg MMP kg soil!1)a 9.0 6.0 5.5 15.0 3.0
Depth surficial soil (cm) 14 5 4 4 14
Curve numberb 86 81 74 84 70

These values remain unchanged during PPBalModel baseline simulations.
a MMP = modified Morgan soil P.
b CN for hydrologic group C.

D.W. Meals et al. / Agriculture, Ecosystems and Environment 127 (2008) 189–200194



System	
  Dynamic/Hybrid	
  Model	
  Examples:	
  
Kato	
  (2005)	
  Nutrient	
  Flow	
  Model	
  



LCB	
  Hybrid	
  Model:	
  A	
  Coupled	
  Natural	
  and	
  Human	
  
System	
  











IntegraJng	
  Climate	
  Change,	
  Hydrology	
  and	
  
Lake	
  Dynamics	
  

•  Anthropogenic	
  climate	
  change	
  could	
  induce	
  abrupt	
  alternate	
  stable	
  
states	
  in	
  the	
  Lake	
  Champlain	
  segments	
  from	
  more	
  frequent	
  and	
  
more	
  intense	
  flooding	
  events	
  in	
  Lake	
  Champlain	
  Basin	
  as	
  well	
  as	
  
reduced	
  ice	
  cover	
  internally	
  in	
  the	
  lake	
  system.	
  	
  

•  The	
  severity	
  of	
  algal	
  blooms	
  are	
  subject	
  to	
  a	
  variety	
  of	
  influences,	
  
ranging	
  from	
  N	
  and	
  P	
  fluxes	
  in	
  the	
  lake	
  segments,	
  water	
  depth,	
  
forma7on	
  and	
  evolu7on	
  of	
  zooplankton	
  species,	
  and	
  ver7cal	
  and	
  
horizontal	
  profiles	
  of	
  temperature	
  gradients.	
  



Assessment	
  and	
  Management	
  of	
  
Uncertainty	
  
•  Understanding	
  the	
  impacts	
  of	
  anthropogenic	
  climate	
  
change	
  on	
  water	
  quality,	
  such	
  as	
  forma7on	
  and	
  
persistence	
  of	
  harmful	
  algal	
  blooms	
  (HABs),	
  requires	
  
quanJficaJon	
  of	
  uncertainty	
  that	
  is	
  introduced	
  in	
  
assuming	
  future	
  trajectories	
  of	
  N	
  and	
  P	
  fluxes	
  as	
  well	
  as	
  
water	
  and	
  atmospheric	
  temperature	
  gradients.	
  

	
  
•  Forecas7ng	
  the	
  loca7on	
  and	
  7ming	
  of	
  cri7cal	
  transi7ons	
  in	
  
fresh	
  water	
  lake	
  systems	
  
–  Empirical	
  Focus	
  on	
  Missisquoi	
  Bay	
  
–  LCBP	
  and	
  USGS	
  monitoring	
  data	
  from	
  1992-­‐2010	
  is	
  aggregated	
  at	
  
bi-­‐weekly	
  7mescale	
  to	
  train	
  the	
  models	
  



Phosphorus	
  Flux	
  Dynamics	
  





Nitrogen	
  Flux	
  Dynamics	
  



ChlA	
  Dynamics:	
  TN/TP	
  



ChlA	
  Dynamics:	
  Temperature	
  



ChlA	
  Dynamics:	
  Zooplankton	
  



ChlA	
  Dynamics:	
  Waterlevel	
  



Dynamic	
  ForecasJng	
  of	
  CriJcal	
  TransiJons	
  
[Dakos	
  et	
  al.	
  (2012)	
  PLoS	
  One	
  (7)7:	
  e41010]	
  

whereas decreases in recovery rates have been demonstrated in
chemical reactions [11], lasers [12], or in the plankton [13].
However, the statistical detection of leading indicators in both past
events and in real time remains challenging for at least two
reasons. First, there is a lack of appropriate data. High frequency
sampling and designed experimentation have been proposed as
potential solutions that can improve the detection of leading
indicators [6,10]. In many important cases, however, high
frequency sampling or experiments are impossible. Furthermore,
in many systems, sampling schemes are designed explicitly to avoid
temporal autocorrelation, which is, in fact, needed for the accurate
application and assessment of leading indicators (see worked
examples below).
Second, there is no clear framework for the application and

detection of leading indicators. Different approaches have
emerged in different fields [14] and have been applied to different
types of transitions [15]. For instance, most leading indicators are
based on detecting changes in the stability properties of a system
around its equilibrium under a weak stochastic regime [6],
whereas alternative approaches have been developed for systems
experiencing highly noisy regimes [16]. As the literature is rapidly
expanding, there is an urgent need for a coherent methodological
framework and a comparison between approaches.
Here we present a methodological guide for using leading

indicators for detecting critical transitions in time series. For this,
we apply available leading indicators to two example datasets
generated from a simple ecological model that is known to
undergo a critical transition to an alternative state. While most of
these methods have been applied to real-world data in papers that
we cite, such applications inevitably depend on specific details (e.g.
missing values, data transformation, coping with too-long
sampling intervals or too-short time series) that make it difficult
to compare the methods themselves. The exact location and
nature of the critical transition is also ambiguous for real-world

data. Therefore we gather issues of data preprocessing in a
separate section (see ‘‘Step 1. Preprocessing’’ below), and illustrate
the methods using simulated data with known, clearly defined
critical transitions. The structure of the paper is as follows. First,
we describe two categories of leading indicators: metric-based and
model-based indicators. Second, we present the ecological model we
use to generate the time series we use to detect critical transitions.
Third, we show how each indicator is applied to the two simulated
time series. We provide computer code alongside the worked-out
examples. Last, we review the sensitivity and limitations of each
indicator and discuss their interpretation. We trust that the
framework and the tools we provide will encourage testing the
ability of these indicators to detect upcoming transitions in real
systems.

Methods

We group leading indicators of critical transitions into two
broad categories: metric-based and model-based indicators (Table 1).
Both types of indicators reflect changes in the properties of the
observed time series of a system that is generated by a general
process:

dx~f (x,h)dtzg(x,h)dW ð1Þ

where x is the state of the system, f(x,h) describes the deterministic
part of the system, and g(x,h)dW determines how stochasticity
interacts with the state variable; dW is a white noise process. A
slow change in the underlying conditions (drivers), h, moves the
system close to a threshold where a transition may occur. Metric-
based indicators quantify changes in the statistical properties of the
time series generated by equation 1 without attempting to fit the
data with a specific model structure. Model-based methods quantify
changes in the time series by attempting to fit the data to a model

Table 1. Early warning signals for critical transitions.

Phenomenon

Method/Indicator Rising memory Rising variability Flickering Ref.

metrics Autocorrelation at-lag-1 x [23]

Autoregressive coefficient of AR(1) model x [19]

Return rate (inverse of AR(1) coefficient) x [23]

Detrended fluctuation analysis indicator x [7]

Spectral density x [20]

Spectral ratio (of low to high frequencies) x [25]

Spectral exponent x [this paper]

Standard deviation x x [28]

Coefficient of variation x x [28]

Skewness x x [29]

Kurtosis x x [25]

Conditional heteroskedasticity x x [32]

BDS test x x [10]

models Time-varying AR(p) models x x [38]

Nonparametric drift-diffusion-jump models x x x [16]

Threshold AR(p) models x [38]

Potential analysis (potential wells estimator) x [43]

Leading indicator or method, the primary underlying dynamical phenomenon associated with it, and the original reference in which it was developed.
doi:10.1371/journal.pone.0041010.t001

Early Warning Detection Methods
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Modeling	
  Approach	
  

•  Focus	
  on	
  developing	
  a	
  “hybrid”	
  integrated	
  assessment	
  
model	
  that	
  integrates	
  P	
  and	
  N	
  fluxes	
  from	
  watersheds	
  
as	
  well	
  as	
  climate	
  change	
  scenarios	
  in	
  predic7ng	
  
Harmful	
  Algal	
  Blooms	
  (HABs)	
  in	
  the	
  lake	
  Segments.	
  

•  There	
  are	
  two	
  concurrent	
  modeling	
  approaches	
  that	
  are	
  
being	
  developed	
  to	
  integrate	
  dynamic	
  P	
  and	
  N	
  fluxes	
  at	
  
biweekly	
  7me-­‐scale	
  from	
  Missisquoi	
  river	
  in	
  predic7ng	
  
the	
  likelihood	
  of	
  algal	
  blooms	
  in	
  the	
  bay:	
  

–  Dynamic	
  Forecas7ng	
  approach,	
  e.g.	
  ARIMA,	
  GARCH	
  and	
  
state	
  space	
  models;	
  

–  Bayesian	
  Network	
  Modeling	
  approach	
  



ARIMA	
  Model	
  

80 arima — ARIMA, ARMAX, and other dynamic regression models

Remarks and examples
Remarks are presented under the following headings:

Introduction
ARIMA models
Multiplicative seasonal ARIMA models
ARMAX models
Dynamic forecasting
Video example

Introduction
arima fits both standard ARIMA models that are autoregressive in the dependent variable and

structural models with ARMA disturbances. Good introductions to the former models can be found in

Box, Jenkins, and Reinsel (2008); Hamilton (1994); Harvey (1993); Newton (1988); Diggle (1990);

and many others. The latter models are developed fully in Hamilton (1994) and Harvey (1989), both of

which provide extensive treatment of the Kalman filter (Kalman 1960) and the state-space form used

by arima to fit the models. Becketti (2013) discusses ARIMA models and Stata’s arima command,

and he devotes an entire chapter explaining how the principles of ARIMA models are applied to real

datasets in practice.

Consider a first-order autoregressive moving-average process. Then arima estimates all the pa-

rameters in the model

yt = xtβ+ µt structural equation
µt = ρµt−1 + θ�t−1 + �t disturbance, ARMA(1, 1)

where

ρ is the first-order autocorrelation parameter

θ is the first-order moving-average parameter

�t ∼ i.i.d. N(0,σ2), meaning that �t is a white-noise disturbance

You can combine the two equations and write a general ARMA(p, q) in the disturbances process as

yt = xtβ+ ρ1(yt−1 − xt−1β) + ρ2(yt−2 − xt−2β) + · · ·+ ρp(yt−p − xt−pβ)

+ θ1�t−1 + θ2�t−2 + · · ·+ θq�t−q + �t

It is also common to write the general form of the ARMA model more succinctly using lag operator

notation as

ρ(Lp)(yt − xtβ) = θ(Lq)�t ARMA(p, q)

where

ρ(Lp) = 1− ρ1L− ρ2L
2 − · · ·− ρpL

p

θ(Lq) = 1 + θ1L+ θ2L
2 + · · ·+ θqL

q

and Ljyt = yt−j .

For stationary series, full or unconditional maximum likelihood estimates are obtained via the

Kalman filter. For nonstationary series, if some prior information is available, you can specify initial

values for the filter by using state0() and p0() as suggested by Hamilton (1994) or assume an

uninformative prior by using the diffuse option as suggested by Harvey (1989).



Observed	
  versus	
  predicted	
  TP	
  (ARIMA	
  Model	
  1)	
  



ARIMA	
  Model	
  (1)	
  PredicJng	
  TP	
  



Observed	
  versus	
  predicted	
  TN	
  (ARIMA	
  Model	
  2)	
  



ARIMA	
  Model	
  (2)	
  PredicJng	
  TN	
  



Observed	
  versus	
  predicted	
  ChlA	
  (ARIMA	
  Model	
  3)	
  



ARIMA	
  Model	
  (3)	
  PredicJng	
  ChlA	
  



Next	
  Steps:	
  Hybrid	
  IAM	
  Development	
  

•  Missisquoi	
  Basin	
  (1992-­‐2010)	
  Long-­‐term	
  monitoring	
  and	
  USGS	
  
dataset	
  as	
  training	
  dataset	
  for	
  model	
  development	
  

•  In	
  addi7on,	
  three	
  downscaled	
  GCM	
  scenarios	
  for	
  temperature,	
  
precipita7on	
  and	
  solar	
  radia7on	
  

•  ARIMA	
  	
  Models	
  (1,	
  2	
  and	
  3)	
  presented	
  above	
  are	
  being	
  used	
  to	
  
connect	
  P	
  and	
  N	
  fluxes	
  with	
  climaJc	
  scenarios,	
  predict	
  TN/TP	
  
raJos,	
  and	
  in	
  turn	
  predict	
  HABs	
  [Focus	
  on	
  criJcal	
  transiJons	
  
and	
  alternate	
  stable	
  states]	
  

•  Calibrated	
  model	
  will	
  be	
  used	
  to	
  predict	
  TN/TP	
  ra7os	
  and	
  ChlA	
  
(2011-­‐2050)	
  under	
  different	
  climate	
  change,	
  land-­‐use	
  change	
  
and	
  policy	
  scenarios	
  

•  Bi-­‐weekly	
  7me	
  scale	
  
•  Focus	
  on	
  Missisquoi,	
  then	
  expanding	
  to	
  South	
  Lake,	
  and	
  rest	
  of	
  
the	
  VT’s	
  Lake	
  Segments	
  



Summary:	
  Comparing	
  Cascading	
  and	
  Hybrid	
  IAMs	
  

Cascading	
  IAM	
  
•  High	
  spa7al	
  resolu7on	
  (30m	
  x	
  

30m)	
  
•  High	
  temporal	
  resolu7on	
  

(nested	
  from	
  hourly	
  to	
  daily	
  
and	
  annual)	
  

•  Limited	
  scope	
  (only	
  Missisquoi	
  
and	
  Winooski	
  watershed)	
  	
  

•  Highly	
  process-­‐based	
  
•  Difficult	
  to	
  adjust	
  and	
  re-­‐

calibrate	
  
•  May	
  take	
  many	
  days	
  and	
  

perhaps	
  weeks	
  to	
  run	
  a	
  
scenario!	
  

Hybrid	
  IAM	
  
•  Low	
  spa7al	
  Resolu7on	
  

(watershed	
  scale)	
  
•  Low	
  temporal	
  resolu7on	
  

(nested	
  from	
  weekly	
  to	
  annual	
  
and	
  decadal)	
  

•  Broader	
  scope	
  (all	
  VT-­‐LCB	
  
watersheds)	
  

•  Dynamic	
  but	
  less	
  emphasis	
  on	
  
process	
  

•  Flexible	
  adjustments	
  and	
  
easier	
  re-­‐calibra7on	
  

•  May	
  take	
  minutes	
  to	
  run	
  a	
  
scenario!	
  


