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-meta analysis – what is it and why?
-pre-conclusion to whet appetite: we are not using these models critically.



SPARROW model
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• How can we address the knowledge gaps from 
the studied system?

• How can we explicitly accommodate the 
uncertainty pertaining to our dataset?

SPARROW application in small watersheds 
with limited information
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So we can not follow deterministic approach.




In modeling context:
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Bayesian Approach
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That’s why we follow the Bayesian approach which provides the convenient means to combine existing information (prior) with current observation (likelihood) for projecting future ecosystem response(Posterior)





Space versus Time



Prior probability

Plausible literature range of parameters (min, max)

Assignment of a probability 
distribution 
(e.g., normal, lognormal form)

Informative priors
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What do I mean by prior? After 3 decades in modeling we have substantial info to delinate which are the most plausible values for different model parameters. So Prior are collecting all inputs based on literature.
The prior parameter distributions reflected the existing knowledge (field
observations, laboratory studies, literature information and expert judgment) on the
relative plausibility of their values. Specifically, the characterization of the parameter
distributions was similar to the protocol used in Steinberg et al. (1997), i.e., we identified
the minimum and maximum values for each parameter and then we assigned
lognormal and loguniform distributions parameterized such that 99% (equal mass the
two tail areas) and 100% of the respective values lay within the identified ranges. The
delineation of the parameter spaces of the two phytoplankton functional groups was
based on the framework presented in Zhang and Arhonditsis (2008)



Observed load ~ N(“Error-free” load, Measurement error)
“Error-free” load ~ N(Predicted load, Structural error)

Predicted load = SPARROW model

Measurement Error Model
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What do I mean by prior? After 3 decades in modeling we have substantial info to delinate which are the most plausible values for different model parameters. So Prior are collecting all inputs based on literature.
The prior parameter distributions reflected the existing knowledge (field
observations, laboratory studies, literature information and expert judgment) on the
relative plausibility of their values. Specifically, the characterization of the parameter
distributions was similar to the protocol used in Steinberg et al. (1997), i.e., we identified
the minimum and maximum values for each parameter and then we assigned
lognormal and loguniform distributions parameterized such that 99% (equal mass the
two tail areas) and 100% of the respective values lay within the identified ranges. The
delineation of the parameter spaces of the two phytoplankton functional groups was
based on the framework presented in Zhang and Arhonditsis (2008)



Parameter Identification
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What do I mean by prior? After 3 decades in modeling we have substantial info to delinate which are the most plausible values for different model parameters. So Prior are collecting all inputs based on literature.
The prior parameter distributions reflected the existing knowledge (field
observations, laboratory studies, literature information and expert judgment) on the
relative plausibility of their values. Specifically, the characterization of the parameter
distributions was similar to the protocol used in Steinberg et al. (1997), i.e., we identified
the minimum and maximum values for each parameter and then we assigned
lognormal and loguniform distributions parameterized such that 99% (equal mass the
two tail areas) and 100% of the respective values lay within the identified ranges. The
delineation of the parameter spaces of the two phytoplankton functional groups was
based on the framework presented in Zhang and Arhonditsis (2008)



Observed

Predicted

Annual
P loading

Standard 
deviations

Tons year-1

0.23 - 0.54
0.54 - 1.06
1.06 - 2.10
2.10 - 4.10
4.10 - 8.00



Estimated contribution of each subwatershed to the total 
phosphorus loading in Hamilton Harbour



Space versus Time



Accommodating temporal variability

Observed load ~ N(“Error-free” load, Measurement error)
“Error-free” load ~ N(Predicted load, Structural error)

Predicted load = SPARROW model +∑ coefficient*meteorological 
variable 



Accommodating temporal variability

Observed load ~ N(“Error-free” load, Measurement error)
“Error-free” load ~ N(Predicted load, Structural error)

Predicted load = SPARROW model +∑ coefficient*meteorological 
variable + Conditional AutoRegressive (time variant error) term



Stream attenuation rates
First/Second order streams 

Third/higher order streams



Stream attenuation time series
First/Second order streams 

Third/higher order streams



Most connected vs least connected year - TP
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2006 (most connected) 1999 (least connected)



Determining the Optimal Model Complexity



Determining the Optimal Model Complexity
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TP export coefficient (cropland)

TP export coefficient (forest)

TP export coefficient (pasture)

TP export coefficient (urban area)

TP export coefficient (septic tank)

TP export coefficient (cotton)

TP export coefficient (corn)

TP export coefficient (alfalfa)

TP export coefficient (wheat)

TP export coefficient (fallow)



SPARROW posterior patterns

Parameter unit  mean  sd 2.5% median 97.5%  mean  sd 2.5% median 97.5%
alpha h/cm 0.190 0.065 0.064 0.187 0.320 0.210 0.060 0.097 0.210 0.332
beta[1] ton/km2 0.034 0.013 0.014 0.031 0.064
wheat ton/km2 0.074 0.030 0.030 0.069 0.142
oat ton/km2 0.131 0.036 0.074 0.128 0.212
corn ton/km2 0.041 0.023 0.011 0.036 0.101
alfalfa ton/km2 0.026 0.009 0.012 0.024 0.049
fallow ton/km2 0.034 0.013 0.014 0.031 0.064 0.072 0.039 0.023 0.063 0.169
beta[2] ton/km2 0.010 0.003 0.005 0.009 0.017 0.012 0.003 0.006 0.011 0.020
beta[3] ton/km2 0.026 0.012 0.008 0.024 0.054 0.032 0.015 0.010 0.029 0.067
beta[4] ton/km2 0.119 0.082 0.025 0.098 0.331 0.123 0.086 0.025 0.100 0.352
beta[5] ton/tank 0.001 0.000 0.000 0.001 0.002 0.001 0.001 0.000 0.001 0.003
beta.point - 1.051 0.307 0.452 1.047 1.639 1.043 0.306 0.442 1.034 1.653
kr m/yr 2.952 1.332 0.695 2.853 5.760 3.554 1.465 0.915 3.456 6.752
ks km-1 0.002 0.004 < 0.001 0.002 0.009 0.004 0.004 < 0.001 0.004 0.011

SPARROW (Global export coeff.) SPARROW (5 crop-based export coeff.)



Two additional layers

1. Management Practice
• no-tillage
• conservational tillage (surface)
• conventional tillage (soil)

2. Hydrologic Soil Group
• A: (very) rapidly drained
• B: (moderately) well drained
• C: imperfectly and poorly drained
• D: very poorly drained



Multilevel/hierarchical model

βagricultural land 

μ, σ

μ1, σ1 

μ2, σ2 μ3,σ3

μ4,σ4
μ5,σ5

y1i=f(θ1i)

y2i=f(θ2i)y3i=f(θ3i)

y4i=f(θ4i) y5i=f(θ5i)

βcrop type

βcrop type, management practice, soil group



Hierarchical SPARROW result

unit  mean  sd 2.5% median 97.5%  mean  sd 2.5% median 97.5%

no B 0.074 0.030 0.030 0.069 0.142 0.067 0.009 0.050 0.067 0.087

C 0.111 0.028 0.067 0.108 0.175

D 0.022 0.012 0.007 0.019 0.052

surface B 0.157 0.128 0.030 0.121 0.498

C 0.078 0.019 0.047 0.076 0.121

D 0.025 0.005 0.017 0.025 0.035

soil B 0.126 0.533 0.003 0.046 0.708

C 0.248 0.080 0.125 0.237 0.435

D 0.167 0.026 0.122 0.166 0.222

wheat

Case

ton/km2

SPARROW (5 export coeff.) SPARROW (45 export coeff.)

Wheat



Hierarchical SPARROW result
Corn

unit  mean  sd 2.5% median 97.5%  mean  sd 2.5% median 97.5%

no B 0.041 0.023 0.011 0.036 0.101 0.007 0.009 0.001 0.005 0.031

C 0.113 0.007 0.100 0.113 0.128

D 0.074 0.135 0.003 0.034 0.404

surface B 0.041 0.077 0.002 0.020 0.209

C 0.089 0.004 0.082 0.089 0.096

D 0.079 0.158 0.003 0.035 0.429

soil B 0.086 0.112 0.007 0.052 0.385

C 0.133 0.104 0.026 0.104 0.397

D 0.077 0.145 0.003 0.035 0.413

Case

ton/km2corn

SPARROW (5 export coeff.) SPARROW (45 export coeff.)
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