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Objective

Porewater Variables Environments| Variables

THg and MeHg Efgston

cd Deposition

cr Area of submerged vegetation Sadson

cu Average shoreline erosion

Mn Historic erosion — deposition

Total organic Carbon Average mud per mile e
Percent clay, sand, silt, gravel Average river gradient : Rainfall

— Provide update on statistical |mmmr— N amarens

THg and MeHg Surface water THg and MeHg 2;“’ volatile sulfide

]
I I I Od e I S t h at We re ’m ro Ved THE loading in forests {filtered and unfiltered) =
THg loading in developed areas *  Sediment THg and MeHg Cr
THg loading in open areas Cu
THg loading in pastures 1 Mn

using Machine Learning Sk

Percent clay, sand, silt, gravel
Land Use Adjacent to Bank

A

Notes
= Interaction terms were used

« Data from up to 3 upstream RRMs also
used as covarigtes

» Rainfall from up to 7 days prior used as
a covariate
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Background — Why Machine Learning Approach?

— Improved performance of
models to support EAM Enhanced Adaptive Management

(EAM)
— Streamline modelling
process to achieve greater
efficiency and flexibility

— Adopt best available
methods - datasets and
regression models well-
suited for ML
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Machine Learning (ML) Approach

— Used Gradient Boosting

— Retained the same primary
variables from statistical
models

— Modified approaches:

GRADIENT BOOSTING
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* Primary variables

Algorithm herations

* No interaction terms
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Results — Surface Water Total Mercury (THg) Predictions

Predicted Surface Water THg {ng/l)
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Results — Surface Water Total Mercury (THg) Predictions

Machine Learning
Previous
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Spatial trend in mean and range better represented
by ML-based predictions
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Overall Results

— Higher correlation (R?)
and lower root mean

R? RMSE
Squared error (RMSE) Models Previous | ML | Previous ML
for all three models: SW 053 |0.92| 4.0 (ng/) | 1.8 (ng/l)
Surface water (SW), SED 0.64 |0.83|3.4 (ugkg)| 2.1 (ug/kg)

. BASS 0.56 |0.73 |1.9 (mg/kg)| 1.6 (mg/k
sediment (SED) and TR 15 (meke)
adult bass (BASS)
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Simulation - Interim Remedial Measures

Simulated Bass Tissue THg

— Assumed 90%
reduction of bank 3
Hg loading within ; 2
0-2 miles E |
— Simulated i
changes in SW, & o Fastiates
SED, and BASS 0:3 _ IRM (0-2 Miles)

6 8 10 12

THg
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— Improved model performance
— Streamlined input processing

— Better flexibility and efficiency
to run/ update

— All models operational

* Integrated adult bass model
(in development)
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Path Forward

— Sensitivity evaluations

— Integrated model for adult bass model
« Update simulations

— Support evaluation of monitoring data
« Simulated predictions vs. observations <

10 12

Model Sensitivity
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 Coupling temporal trends in monitoring ~ « SRR N {]:

data and simulated reductions in SW, - [T TEREE
SED, and BASS THg.
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Results — Sediment THg Predictions

Previous Machine Learning
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Results — Sediment THg Predictions
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Results — Adult Bass Tissue THg Predictions

Predicted In-Fish THg (mg/kg)

0.0

Previous

' R2=0.56
RMSE = 1.9 mg/kg

10.0-

3.0

03-

-
- . smm
L] .. - =
- ae
R Y
-® a - W g
= - Tad ® abhosulld o2
- R M A - - - ae -
" o aa® mgugp -
- -
—— T = - enp
LN
AMPi = L
- e - M
.‘.
0.3 10 30 10.0 30.0

Observed In-Fish THg {mgrkg)

Predicted In-Fish THg (mgtkg)

Machine Learning

30.04

10.04

3.01

1.04

0.31

R2 = 0.73
RMSE =1.6 mg/kg .

RRM

e 20
15
10
5
0

a -, _8'
. T we SN @
T ° s
. ay -‘:.'-»‘l Al Y L
et =g
L[] - L X! i mead )
LT R R
" MSESS dE D - aee
- -l L o
s Yom W
&= e
@ -.. [ ]
0.3 1.0 3.0 10.0 30.0

Observed In-Fish THg (ma/kg)

Improved R? and RMSE

15

AZCOM



Results — Adult Bass Tissue THg Predictions
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Simulation — Surface Water THg
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Simulation — Sediment THg
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Simulation — Bass Tissue THg

Fish Tissue THg (mg/kg)
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