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Models are central to Models are central to Adaptive Adaptive 
Integrated Framework Integrated Framework (AIF)(AIF)
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Three Water Quality Modeling Three Water Quality Modeling 
Efforts in the BayEfforts in the Bay

Empirically-based Statistical Modeling
Dave Millie – Non-parametric Regression 
Analysis

Empirically-based Network Modeling
Craig Stow – Bayesian Probability Network 

Process-Oriented Modeling
Dima Beletsky – whole lake and nested bay-
lake hydrodynamic models
LimnoTech – linked hydrodynamic –
Advanced nutrient-lower food web model
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Saginaw Bay Multistressors - Millie FY 2009 Accomplishments
Statistical-Based Characterization of Phytoplankton, 1990 - 1996

Saginaw Bay Multistressors - Millie FY 2009 Accomplishments
Statistical-Based Characterization of Phytoplankton, 1990 - 1996

lFinalized temporal (inter-/intra-annual) and spatial (inner/outer Bay)  
characterization of phytoplankton dynamics, with attention to 
dominant and toxic species;
lCompleted non-parametric modeling of Microcystis biovolumes 
incorporating in situ and/or meteorological predictor variables;

lInitialized manuscript preparation of above work;

lTechnology Transfer, concerning Multistressor work:
� IAGLR Annual Meeting (contributed presentation; May, 09) & University 

of South Carolina (invited seminar; November, 09)
� Weckman, G., Millie, D., Ganduri, C. , Rangwala, M., Young, W., 

Fahnenstiel, G.  2009.  Knowledge extraction from the neural ‘black box’ in 
ecological monitoring.  J. Indust. Syst. Engin. 3: 38-55



� Premise:
� Interacting abiotic/biotic parameters create environmental gradients responsible for 

transitory-patterns of assemblages,

� Suites of parameters serve as distribution/pattern ‘predictors’

� Conversely:
� Linear associations among abiotic/biotic parameters typically do not exist - parameters 

combine additively or multiplicatively,

� Modeling success dependent upon characterizing non-linear (and often stochastic) patterns 
and processes.

Data-Driven Modeling of Saginaw Bay Phytoplankton 
Dave Millie’s Approach 

DataData--Driven Modeling of Saginaw Bay PhytoplanktonDriven Modeling of Saginaw Bay Phytoplankton 
Dave MillieDave Millie’’s Approachs Approach

� Modeling ecological (realized) rather than fundamental niches:
� Artificial Neural Networks: adaptive training - ‘learns’ any response-predictor pattern 

given enough data & processing capacity; enables prediction & qualitative data 
exploration ... BUT - I also will argue for quantitative evaluation !

� Non-Parametric Regression: link function between mean response & ‘smoothed’ 
predictors among data subsets; enables qualitative data exploration

� ‘Zero-Inflated’ Nonlinear Mixed Models: account for both binary (presence-absence) & 
continuous count distributions; enables quantitative data evaluation
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‘Best’ Models - Non-Parametric Multiplicative Regression
Microcystis vs. Candidate In Situ Predictors

‘Best’ Models - Non-Parametric Multiplicative Regression
Microcystis vs. Candidate In Situ Predictors

1:1 1:1

Predictors (Tolerance)
oC (2.89)
TP (5.72)
SiO2 (0.24)

Local Mean Model - xR2 = 0.69; *N = 16.1
Predictors (Tolerance)
oC  (1.92)
Secchi (2.75)
TP (3.58)
SRP (1.68)
NO3 (0.60)

Local Linear Model - xR2 = 0.85; *N = 15.5
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1:1 1:1

Predictors (Tolerance):
Visibility (1.53)
TP (4.29)
SRP (0.76)

Local Linear Model  - xR2 = 0.83; *N = 28.6

Predictors (Tolerance):
Visibility (1.36)
Wind Speed (1.61)
TP (3.58)

Local Mean Model - xR2 = 0.74; *N =  16.0

Measured Microcystis (μm3 x 104 L-1)
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‘Best’ Models - Non-Parametric Parametric Regression
Microcystis vs. Candidate In Situ & Meteorological Predictors

‘‘BestBest’’ Models Models -- NonNon--Parametric Parametric RegressionParametric Parametric Regression
Microcystis Microcystis vs. Candidate vs. Candidate In Situ In Situ & Meteorological Predictors& Meteorological Predictors



Why                             Non-Linear Mixed Models ?Why                             Non-Linear Mixed Models ?

after Guisan et al. 2002, Ecol. Model &  Marten et al. 2005, Ecol. Lett.

Microcystis modeled as a function of both binary & continuous distributions:

Pr (Yi | xi, zi) = [pi + (1-pi)*P(yi | xi = 0)] + (1-pi)* [P(Y=1) + P(Y=2) + ...)] = 1
< ------ Pr(Y=0) ------ > < ---------- Pr(Y > 0) ---------- >

where:  pi depends upon the predictors (z1..i ), P(yi | xi = 0) = g(μi ) - the function of the logit 

distribution, and [P(Y=1) + P(Y=2) + ...)] = f(μi ) - the function of the poisson (or negative 
binomial) distribution

However, excessive zeros in Microcystis count data arise, if:
� Microcystis is absent due to ecological process - i.e.  habitat unsuitability;  a ‘TRUE’ 

ZERO (binary distribution; or presence-absence; Pr(Y=0)

� Microcystis occupies site, but absent at collection or missed  - e.g  seasonal occurrence, 
inadequate sampling;  a ‘FALSE’ ZERO (continuous count distribution; Pr (Y> 0)

‘Zero-Inflated’,‘Zero-Inflated’,
What Dave Millie is Doing Now......What Dave Millie is Doing Now......
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WatershedWatershed
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Benthic algaeBenthic algae MuckMuck
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Prepared by Yoonkyung Cha –

 

Duke University

Conceptual Overview



Saginaw River Annual TP LoadsSaginaw River Annual TP Loads
Partial-pooling across years using a Bayesian hierarchical model

Mean and 
95% credible 

interval

GLWQA Target 
P Load

Varying river 
flow effect 
removed

Trend clearer

Varying river 
flow partially 

obscures trend

Model ratio 
parameter and 
95% credible 

interval

Meet target at long-

 

term average flow

Bayesian 
Probability 
Network

External P inputsExternal P inputs



Advantage –

 

we can evaluate
Probability Target Load Exceeded

Saginaw River Only

Bayesian 
Probability 
Network

External P inputsExternal P inputs



Weak Empirical Relationship between TP Load and Concentration

Therefore, dynamic mass balance TP modelTherefore, dynamic mass balance TP model
In-lake changes with time = external loading –

 

output –

 

( sedimentation + internal loading

 

)
Programmed into WinBUGS

Empirical chlEmpirical chl--a modela model
Phytoplankton (chlPhytoplankton (chl--a) ~ f (TP)a) ~ f (TP)

ForthcomingForthcoming……

Next Steps
Bayesian 
Probability 
Network



PROCESSPROCESS--ORIENTED ORIENTED 
BAY MODELINGBAY MODELING

Mechanistic, deterministic modeling of the 
relationship between external forcing functions 
(loads, hydrometeorology) and in situ water quality 
and lower food web response variables



Hydrodynamic modeling program goals

• To determine circulation patterns and 
residence time of Saginaw Bay

• To calculate resuspension potential
• To validate circulation patterns in the open- 

boundary EFDC model



3D Hydrodynamic Model

• Lake-wide circulation model for seasonal 
simulations (Beletsky and Schwab 2001)

• Inputs: hourly wind stress and heat fluxes 
• Horizontal resolution - 2 km 
• Vertical resolution - 20 sigma levels



Model development status
•

 
1993 and 2008 model runs complete

•
 

1991-1996 runs will begin soon



Depth-averaged currents in April-September
1993
11993                                             2008



3D Nested Grid Model

• Circulation model for seasonal simulations 
(Beletsky and Schwab 2001)

• Inputs: hourly wind stress and heat fluxes,
currents/temperature at the open boundary,
Saginaw River flow (USGS)

• Inner Bay Resolution
– Horizontal resolution - 200 m 
– Vertical resolution - 11 levels

• Became operational (GLFS) in May 2009





Comparison with observations (May 10, 2009)



SAGEM SAGEM SAGEM2  SAGEM2  
Category SAGEM SAGEM2 

Hydrodynamic 
model

2D chloride mass 
balance 7 segments

3D with 747 cells
10 vertical layers

Water Quality 
Model

Customized 
framework built from 

Bierman model

Documented and highly tested 
framework. Full sediment 

diagenesis sub-model

Benthic Algae 
Sub-model

Simple kinetics, 
attached green alga 

not specific to 
Cladophora

“Best available”

 

Cladophora 
model with tracking of 

sloughed biomass

Filter Feeder 
Sub-model

1 species with 3 
cohorts

2 species with 3 cohorts
Complete mass balance



Updated Model Grid Updated Model Grid ––
 

SAGEM SAGEM SAGEM2 SAGEM2 

New Grid Facts
• 2x2 km
• 747 active cells
•

 

Up to 10 vertical layers 
(GVC)

B.C. linked from 2x2 km 

NOAA Lake Huron POM



Modeling Framework: SAGEM2 Modeling Framework: SAGEM2 

Forcing 
Functions

Forcing 
Functions

CladophoraDreissenid

Sediment
Nutrients 

Diagenesis

Water Column
Nutrients

Phyto & Zoo
Hydrodynamics

Temperature

Initial 
Conditions

EFDC
Modified 

 RCA



SAGEM2 Phosphorus CyclingSAGEM2 Phosphorus Cycling



Management Issues Addressed by SAGEM2 Management Issues Addressed by SAGEM2 

Quantify and explain the relative contribution of 
multiple stressors 

Nutrient loads
Solids loads 
Dreissenids 
Climate 

–

 

Solar radiation
–

 

Wind 
–

 

Temperature
–

 

Hydrology and water level
to multiple water quality endpoints of concern.

Nutrient concentrations/budgets
HABs (Microcystis)
Benthic algae (Cladophora , Spirogyra) and “muck”
distribution
Dissolved oxygen conditions
Carrying capacity for upper food web



Chloride Longitudinal ProfileChloride Longitudinal Profile

Inner Bay  Outer Bay

Inner Bay  Outer Bay

May

July



Chloride 2D DistributionChloride 2D Distribution



Dreissenid:  'Clearing' EffectDreissenid:  'Clearing' Effect
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Dreissenid:  Selective FiltrationDreissenid:  Selective Filtration
Dreissenid Filtration:

Phytoplankton
Zooplankton
Organic sediment (POM)

w/ Zebra Mussels 

w/o Zebra Mussels 

Inorganic sediment
Reject Blue-Greens 



Benthic Algae SubBenthic Algae Sub--modelmodel
Based on GLCM developed by M. Auer  
Model code is flexible to model any benthic or 
‘semi’ benthic algae 

w/ Zebra Mussels 

W/O  Zebra Mussels 

Note the ‘synergy’

 

of Cladophora 
and Zebra Mussels 



Total Detrital Deposition ("Muck") Total Detrital Deposition ("Muck") --
 19911991



SAGEM2 PlanSAGEM2 Plan

Preliminary calibration and diagnostic 
analysis with 1991-96 Saginaw Bay data
Final calibration with project data

2008 – 2011
Confirm SAGEM2 with 1991 – 2011 run
Link SAGEM2 with upper food web model 
(SB-IBM)

Produces SAGEM3
Apply to management questions within 
AIF process

Ongoing over remainder of project



QUESTIONS?QUESTIONS?



Extra SlidesExtra Slides



Benefits of Whole System ModelsBenefits of Whole System Models
Models provide a means of synthesizing 
available system data and knowledge in a given 
problem domain

Quantify the state of a system and explain how it 
functions
Identify data/knowledge gaps and help design 
monitoring and research programs

Models provide a means of quantifying the 
relationship between key forcing functions (e.g., 
loads) and ecosystem responses of concern

Compare and evaluate management options
Quantify and assess outcomes of management actions
Forecast the system response to both natural and 
anthropogenic stressors



Application of Application of Adaptive Integrated Adaptive Integrated 
Framework Framework to Saginaw Bay to Saginaw Bay 
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• Land & Resource 
use

• Climate Change
• Invasive Species

• Watershed model
• Hydrodynamic model
• Biophysical data and 

processes

Recommendations 
for ecosystem 
characterization
•Experimental
•Monitoring
•Synthesis

Socio -economic 
integration to 
guide management
•Economic models
•Public preference 
•Workshops



Current Relationship Among Current Relationship Among 
Saginaw Bay ModelsSaginaw Bay Models

P Load Model

SAGEM

Hydrodynamic
Model

Saginaw
Bayes

Neural
Network

Statistical

Fish IBM
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