Comparison of Modeled and
Monitored Nutrient Trends

Isabella Bertani, Gopal Bhatt, Gary
Shenk, and the Factors Team

Modeling Workgroup Quarterly
Review 4/6/2021



Comparing modeled and monitored nutrient trends

Management Question

* TMDL: Implement the practices by 2025 that will eventually lead to
meeting water quality standards

* CAST prediction: What is the long-term load resulting from a given state of
the watershed (land use, point sources, management actions, etc)

* WRTDS- flow normalized loads: based on a moving relationship between
flﬁw and concentration, how do loads change over time if annual flow is
the same

* Science question: How do we use monitoring data to validate the
predictions of CAST



Comparing modeled and monitored nutrient trends

We started by looking at disagreement between CAST and WRTDS
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Comparing modeled and monitored nutrient trends

TN — % Change over last 20 years
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Comparing modeled and monitored nutrient trends
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omparing modeled and monitored nutrient trends

CAST vs WRTDS_FN is not an “apples-to-apples” comparison
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Step 1

Create apples-to-apples comparison by accounting for
differences due to:

1. Lagtimes
2. Insufficient monitoring

3. Competing effects

Dynamic watershed model (DM): same inputs as CAST but accounts
for (gw) lag times, varying hydrology (and flow-normalization effect
on it), non-stationary watershed response to changing conditions
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1.Quantify effects of lag times

 CAST —long term trends in management

* Dynamic Model; Always 1989 Weather (DM_RH) — Hourly simulation with the
same inputs as CAST, Repeat 1989 weather for each year

* Lag times account for differences in shape. If CAST and the Dynamic Model were
‘correct’, the Dynamic Model would be the true flow normalized trend.

Choptank River near Greensboro - TN
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2. Quantify effects of competing effects

Example of “competing effect”: Drought effect on TP

Potomac River at Chainbridge - TP
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3. Quantify effects of WRTDS technique

* Dynamic Model; Always 1989 Weather; Flow normalized with WRTDS (DM_RH_FN)

* Dynamic Model; Real weather; Flow normalized with WRTDS; All Data (DM_FN_ALL)

* Dynamic Model; Real weather; Flow normalized with WRTDS; Paired Data (DM_FN_Paired)
* Assesses the ability of WRTDS to flow normalize given variable weather and sparse sampling
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Step 2

Explore patterns in differences between WRTDS_FN and DM_FN trends
as a function of “unrealistic expectations”

Land Use

Nutrient inputs

BMP type/level
Watershed characteristics
Time period

TN — % Change over last 5 years (2009-2013)
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Answering this question gives us information on where to focus efforts
to improve watershed model



Gathering candidate predictors

Time-varying variables

- Land Use: % of each station's catchment occupied by each of 9 load source groups
(Impervious Developed, Pervious Developed, Forest, Pasture, Hay, Row Crops, Other Ag,
Open Space, Feeding Space, Wetlands)

- CAST BMP type/implementation level: % acres/average pass-through factor of
BMPs applied to each of 9 load source groups above each station

- CAST Nutrient inputs: fertilizer, manure, atm dep, etc.

For each time-varying variable, consider different aggregations over time (e.g., average of
previous 5 yrs, 10 yrs, 15 yrs, etc.)

Static variables that describe spatial variability in watershed
characteristics

Lithology

Soil properties

Groundwater age

Density of ponds/reservoirs/dams



Gathering candidate predictors

E2NHDPIlusV2_us: Ancillary Depth to water
Hydrologic Attributes and Modified table (m)
Routing for NHDPlus Version 2.1 S 0. e
Flowlines (Brakebill et al. 2020) e
P s93-425

) P 425--288
Elevation and slope B 2ss--174
Addition/removal locations - RIEEE

Average annual flow, temp, pcp, PET B 7500

Average annual runoff

Bedrock permeability classes
Lithology

BFI

Topographic Wetness Index

Depth to water table

% of irrigated Ag

Dams

Soil properties from SSURGO/STATSGO
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Gathering candidate predictors

The Stream-Catchment (StreamCat)
dataset: a database of watershed
metrics for the conterminous United
States (Hill et al. 2016)

Number and volume of dams per unit area
Surface geology (e.g., Ca content)

Average lithological hydraulic conductivity
Average soil erodibility

Lithology types

Average annual pcp, temp, runoff
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Gathering candidate predictors

NHD-RC: Extension of NHDPIlus
Version 2.1 with high-resolution
river corridor attributes (Schmadel

& Harvey, 2020)

Areal density of all lentic and lotic features

Areal density of lakes, reservoirs, small
ponds, managed small ponds

Residence time of all lotic and lentic features

Residence time of lakes, reservoirs, small
ponds, managed small ponds

Residence
Time (d/m)
-5

5-10
[ 10-15
B 5-20
B 20 -=0
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Example of exploratory analysis

Q: where and when are trends in WRTDS_FN and DM_FN most
similar/different? Why is that?

Example response variable: Slope of WRTDS FN vs. DM_FN for consecutive
5-year periods (85-89, 90-94, 95-99, 00-04, 05-09,10-14)

Patuxent River near Bowie, MD Susquehanna River at Towanda, PA
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Gathering candidate predictors

Time-varying variables

- Land Use: % of each station's catchment occupied by each of 9 load source groups
(Impervious Developed, Pervious Developed, Forest, Pasture, Hay, Row Crops, Other Ag,
Open Space, Feeding Space, Wetlands)

- CAST BMP type/implementation level: % acres/average pass-through factor of
BMPs applied to each of 9 load source groups above each station

- CAST Nutrient inputs: fertilizer, manure, atm dep, etc.

For each time-varying variable, consider different aggregations over time (e.g., average of
previous 5 yrs, 10 yrs, 15 yrs, etc.)

Static variables that describe spatial variability in watershed
characteristics

Lithology

Soil properties

Groundwater age

Density of ponds/reservoirs/dams



Example of exploratory analysis: regression trees

Can we predict a student's Final Score (response variable) based on
two predictors: Midterm Marks and Hours Spent Studying?

"~ score hours midterm ®

80 - o

1 35 = 42

o
2 38 5 65

5 70- score

3 40 7 35 - ° I 80
4 45 3 75 E’ 60 ° 70
5 35 8 60 E 60
6 65 11 50 50 - S0
7 70 12 45 I 40

o
8 75 18 40 40 - o
9 80 14 80 o
10 85 12 82 8 12 16

hours



Example of exploratory analysis: regression trees

Can we predict a student's Final Score (response variable) based on
two predictors: Midterm Marks and Hours Spent Studying?
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Example of exploratory analysis: regression trees

Can we predict a student's Final Score (response variable) based on
two predictors: Midterm Marks and Hours Spent Studying?
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Example of exploratory analysis: regression trees

Can we predict a student's Final Score (response variable) based on
two predictors: Midterm Marks and Hours Spent Studying?
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Example of exploratory analysis

0.009
100%

yes *YrP = 8589,9094,9599,0004 no

0.5 06
53% 47%

*YrP = 5-year time period (85-89, 90-94, 95-99, 00-04, 05-09,10-14)



TN load (kg)

Susgquehanna River at Marietta, PA

Example of exploratory analysis

0.009
100%

YrP = 8589,9094,9598,0004 no

yes

-0.5 06
53% 47%

Monocacy River at Bridgeport, MD
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Example of exploratory analysis

0.009
100%

yes YrP = 8589,9094,9599,0004 no

05 06
53% 47%
*logDA< 5

-0.2
46%

-3
7%

*logDA = log(Station Drainage Area)
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Example of exploratory analysis

0.009
100%

yes YrP = 8589,9094,9599,0004 no
-0.5 06
53% 47%
logDA< 5 *LenLotDens >=0.3

02 0.7
46% 45%

3 -2
7% 2%

*LenLotDens = log(Areal density of upstream lentic and lotic features). Areal
density is percent of accumulated water surface area per drainage area
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Example of exploratory analysis

0.009
100%

— ves } YrP = 8589,9094,9599,0004 [0 }—
-0.5 06
53% 47%
logDA< 5 LenLotDens >=0.3

-0.2 0.7
46% 45%
Precip < 1049 Om>=0.5
-1 0.07
11% 34%

YrP = 8589,9094 RowCropsSyr >= 0.2
2 —0 9
5% 6%

Precip >= 1018 GwAge >=4

D08 PIHe® 0 ®®
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Next steps

 Expand and refine exploratory analysis, e.g.:
* Consider different response variables
* Address highly correlated predictors
* Better tune regression tree algorithm
e Explore regression tree expansions (RF, BRT) or other
machine learning algorithms

* Use insight from exploratory analysis to inform
building of a parametric statistical model that helps
explains discrepancies between WRTDS and DM both
in time and space



