
 

 

 

ABSTRACT 

MILLER, JONATHAN WILLIAM. Assessing Natural and Anthropogenic Drivers of Regional 

Water Quality using Hierarchical Modeling (Under the direction of Dr. Daniel R. Obenour). 

 

Identifying drivers of water quality degradation is important to assess current risks to 

aquatic systems as well as design management strategies that might improve future conditions. 

Water quality monitoring data from state, federal, and local agencies has become abundant in the 

past few decades, but statistical frameworks are needed that can leverage these large data sources 

to statistically infer relationships between watershed stressors, water quality, and ecological 

condition. Hierarchical modeling (mixed-effects modeling or multi-level modeling) is an 

extension of regression modeling that can account for variance that occurs at group-levels (e.g., 

estuary, basins, sites) concurrently with predictors. Hierarchical modeling is utilized in this 

dissertation to assess the effect of natural and anthropogenic watershed stressors on water quality 

indicators across two large environmental systems: Gulf of Mexico (GoM) estuaries and NC 

Piedmont wadeable streams. In the GoM, a hierarchical generalized linear modeling approach 

was developed to predict fish and invertebrate species presence in bottom trawl samples, using 

data from 33 estuaries over a nineteen-year study period. This was the first GoM estuary 

assessment to leverage Gulf-wide trawl data to develop species-level indicators and a 

quantitative index of estuary disturbance. Influential stressors [e.g., total anthropogenic (urban, 

crop and pasture) land use, crop land use, and the number of toxic release sites in upstream 

watersheds] were identified for 57 fish and invertebrate species and used to set baseline 

conditions for the GoM and rank estuaries based on their levels of anthropogenic stress. In 

general, disturbance levels were greatest in estuaries west of the Mississippi delta and in highly 

developed estuaries in southwest Florida. In NC Piedmont streams, hierarchical multiple linear 

regression models were used to identify major natural and anthropogenic drivers of water quality 



 

 

 

indicators: biotic index (BI), fecal coliform (FC), turbidity (TDU), total nitrogen (TN), total 

phosphorus (TP), and specific conductance (SC); and predicted their values throughout the 

Upper Neuse River Basin (UNRB). Impervious cover (IC) and stream canopy buffers had 

significant influence over all water quality variables. The BI model suggested that newer 

development (post-1980 IC) degrades stream biological health 30% less than older development, 

and canopy removal in stream buffers had 2 to 9 times the impact on BI on a per hectare basis, 

when compared to the addition of IC in upstream watersheds. Water quality models showed that 

FC and TDU are driven largely by short-term precipitation, while TN, TP, and SC variability is 

best explained by point source loadings. Five potential management scenarios were forecasted 

for the UNRB and compared to current conditions under different hydro-climatological 

conditions. Restoring canopy cover in stream buffers was more impactful on mean water quality 

conditions than mitigating the effects of IC and point source loading. The largest potential for 

water quality improvements came from identifying site-specific causes of water quality (i.e., site 

and basin random effects) not represented by other predictors in our model. Forecasts were 

developed probabilistically to account for model and weather uncertainty for future sampling and 

showed that BI, TN, and FC were the indicators with the most likely chance of observing 

improvements. 
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     Introduction  

 

Aquatic water systems throughout the world are affected by anthropogenic disturbances 

such as hydrologic alteration (Booth 1995; Malmqvist and Rundle 2002), nutrients and 

eutrophication (Rabalais et al., 2002; Howarth and Marino, 2006), toxic pollution (NRC, 2000; 

Miller et al., 2018), and overuse (Coll et al. 2010). Assessing and identifying principal drivers of 

aquatic degradation and the magnitude of their impact on in situ water quality is an essential first 

step in developing plans to improve future water quality. Environmental engineers and scientists 

are often tasked to determine the extent of impairment in natural systems due to chemical or 

biological factors and design management strategies that will bring them under federal or state 

compliance. Initially, reducing point source loadings was used to improve water quality in the 

US, but many aquatic systems still remain disturbed after economically feasible point discharge 

reductions occurred (USEPA 2006; 2016). In addition, many smaller streams are impaired 

without having any upstream point sources, often the result of the “urban stream syndrome” 

(Schueler 1994; Paul and Meyer 2001) or extensive agricultural practices (Cuffney et al., 2010; 

Qian et al, 2010; USEPA 2016). Understanding the role and influence of non-point sources on 

downstream water quality is a scientific priority, but their true effect is often obscured by 

variability due to natural factors (e.g., hydro-climatological conditions, geology), variation 

across regions, and temporal variations in land use and development. Policy and management 

decisions rest on the ability to synthesize data from these highly variable systems, understand 

principal drivers of water quality degradation, and make forecasts that can adequately account 

for and quantify uncertainty (Beck 1987; Clark et al. 2001). 
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Water quality data collected by state, federal, and local agencies have become abundant 

in the past few decades, but the majority of these data are only analyzed to determine if sites 

exceed state or national criteria.  The ability to leverage these spatially expansive multi-decadal 

datasets as part of broader efforts to answer questions about watershed development and its 

effect on water quality would help researchers better understand the principal mechanisms that 

universally degrade water quality as well as give insights into regional differences. Several 

obstacles to modeling water quality datasets of this kind persist including how to account for 

repeatedly sampled locations (intra-class correlation), and disentangle multi-collinear watershed 

predictors (i.e., land covers). Constructing models in statistical frameworks that can incorporate 

these aspects while identifying key watershed drivers of water quality is a current challenge for 

water quality modelers.  

Hierarchical modeling (mixed-effects modeling or multi-level modeling) is an extension 

of classical modeling that includes both “random” and “fixed” effects and will be used 

extensively throughout this dissertation. Fixed effects are coefficients for model predictors 

normally used in regression modeling, while random effects represent group-level differences in 

the data (e.g. watershed, estuary, state). Random effects differ from categorical variables in that 

they are drawn from a normal distribution, called a hyperdistribution (Gelman and Hill 2006) 

and they do not have to be statistically significant to be included in analyses. Random effects can 

incorporate intra-class correlation present in collected data as well as quantify group-level 

differences not accounted for by predictor variables (Gelman et al. 2014). Hierarchical modeling 

is considered a partial pooling approach that allows the model to fit fixed (coefficients of 

predictors) and random effects (e.g., sites, estuaries, basins) together leveraging data across the 

whole study area (Gelman and Hill 2006). This allows for watershed or group level analysis 
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which is often the goal of research studies (Gelman and Hill 2006), and offers more predictive 

power than classical regressions (Wikle 2003; Qian and Shen 2007; Cressie et al. 2009; Qian et 

al. 2010). The flexibility of hierarchical models and the ability to extend them to generalized 

linear mixed-effects models (GLMM) have made these a common method for modeling 

ecological datasets (Clark and Gelfand 2006, Bolker et al. 2009), though they have not been used 

widely in water quality modeling.  

The goal of this research was to identify watershed stressors that affect downstream water 

quality in two complex aquatic systems: Gulf of Mexico (GoM) estuaries and NC Piedmont 

wadeable streams. This work demonstrates how a hierarchical modeling approach is an 

accessible and tractable way to model these complex and data-intensive systems, and it 

rigorously accounts for natural and group-level (i.e., estuary, watershed) variability while 

identifying watershed stressors of downstream water quality and ecosystem condition. In Chapter 

1, multi-stressor hierarchical generalized linear models were developed for individual species to 

determine dominant watershed stressors and identify benchmark conditions for the Gulf of 

Mexico. Hierarchical offsets were used to control for intra-class correlation and large amounts of 

natural variability in the region in order to screen watershed stressors. In Chapter 2, a 

hierarchical multiple linear regressions (HMLR) was used to model stream health (i.e., biotic 

index) and compare the relative importance of watershed stressors in NC Piedmont streams. 

Hierarchical site random effects were then used to help identify potential restoration sites. 

Finally, in Chapter 3, HMLRs were used to model five additional water quality indicators and 

forecast their values throughout the Upper Neuse River Basin to assess potential water quality 

improvements based on future management scenarios.   
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Chapter 1 presents a published manuscript in Ecological Indicators, “Hierarchical 

Assessment of the Influence of Watershed Stressors on Fish and Invertebrate Species in Gulf of 

Mexico Estuaries.” This chapter describes the first large-scale fish-habitat assessment model for 

the Gulf of Mexico that identified important watershed stressors of GoM fish and invertebrate 

species, determined the amount of anthropogenic stress affecting estuaries as compared to 

benchmark conditions, and ranked GoM estuaries based on these criteria. Using trawl data from 

1991-2009, hierarchical generalized linear models were constructed for 57 fish and invertebrate 

species to help compare 33 Gulf estuaries. The model considers both natural and anthropogenic 

sources of variability in species presence/absence at various spatial scales. Statistical 

relationships between species presence and watershed stressors were used as indicators to 

determine the degree of estuary habitat degradation due to anthropogenic watershed disturbance. 

This research establishes an effective methodology for performing across-estuary assessments 

and created an estuary stress index that compares GoM estuaries to regional benchmark 

conditions. 

Chapter 2 describes a HMLR to model stream BI across the NC Piedmont. Using over 

3,000 biological samples from 1982-2016, important natural and anthropogenic factors that 

relate to stream health across the NC Piedmont were identified. Accounting for sources of 

variability at multiple spatial scales, statistical inference was used to assess the relative 

contributions of various drivers of stream health. The results provide new insights into the 

temporal effects of urban development on stream health (i.e., older vs. newer impervious cover) 

as well as the spatial effects of stream buffers, wastewater treatment plants, and reservoirs. In 

addition, the study demonstrates a novel application of HMLR modeling to study a complex 

multi-decadal environmental dataset in an accessible and computationally tractable way. Results 
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illustrate how the hierarchical framework can help determine potential restoration sites, which is 

of particular value to those tasked with the care, management, and restoration of degraded urban 

aquatic systems. 

Chapter 3 expands on the work in Chapter 2 by modeling five additional water quality 

indicators: FC, TDU, TN, TP, and SC, along with BI. The addition of short-term precipitation 

and wastewater nutrient loadings as candidate predictors for multi-stressor HMLR models were 

also included in this chapter and were key drivers of stream water quality. Current water quality 

conditions throughout a large stream network (UNRB) were assessed and then forecasted for 

future potential management scenarios. Expected water quality improvements were initially 

summarized based on mean expected improvements across the UNRB. Then, variability due to 

hydro-climatological conditions and model uncertainty were explored probabilistically to 

determine the amount of post-restoration monitoring needed to observe potential water quality 

improvements.   
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Chapter 1: Hierarchical modeling assessment of the influence of watershed stressors on fish 

and invertebrate species in Gulf of Mexico estuaries 

 

 

Miller, J., Esselman, P. C., Alameddine, I., Blackhart, K., & D. R. Obenour. 2018. Hierarchical 

modeling assessment of the influence of watershed stressors on fish and invertebrate species in 

Gulf of Mexico estuaries. Ecological Indicators, 90, 142-153. 

 

This work was supported by the National Oceanic and Atmospheric Administration and results 

from this study are also published online as part of a 2015 report “Through a Fish’s Eye.” 

http://assessment.fishhabitat.org/    

 



   

7 

 

 



   

8 

 

 
 



   

9 

 

 
 



   

10 

 

 
 



   

11 

 

 
 



   

12 

 

 



   

13 

 

 



   

14 

 

 



   

15 

 

 



   

16 

 

 



   

17 

 

 



   

18 

 

 



   

19 

 

SM1: Estuary-level data for anthropogenic stressors (* denotes estuary with LDC in the 

GoM) 

  
 

  
 

Anthropogenic stressors 

Estuary 

 
 

Sta
te 

Area  
(km2) 

Volum
e 

(km3) 

 
Mean 
estuar

y 
salinit

y 

 % Basin 
Anthropogenic 

% Shoreline 
Agriculture 

EDA Toxic 
Releases 

/Estuary Area 
(# permits 

/km2) 

Basin 
Crop 
/ Flow 

(km2*d//m3)) 

Florida Bay FL 1663 1.03 29 13.5 0.0* 0.0* 2.2E-04 

South Ten Thousand 
Islands 

FL 227 0.144 21 26.9 0.0* 0.0* 2.0E-04 

North Ten Thousand 
Islands 

FL 390 0.284 27 8.9* 0.0* 0.0* 5.7E-05 

Rookery Bay FL 35 .017 29 38.5 1.3 0.0* 2.8E-04 

Caloosahatchee River FL 67 0.126 13 55.0 1.8 31.3 1.8E-04 

Charlotte Harbor FL 502 0.819 22 53.3 1.5 23.3 2.4E-04 

Sarasota Bay FL 124 0.272 29 68.4 4.2 18.5 3.6E-05 

Tampa Bay FL 902 2.70 25 53.7 6.4 34.9 1.5E-04 

Suwannee River FL 165 0.193 17 26.4 0.8 7.9 1.3E-04 

Apalachee Bay FL 1773 3.40 29 19.1 0.2 2.6 1.3E-04 

Apalachicola Bay FL 593 1.08 19 30.4 0.1 1.2 1.0E-04 

St. Andrew Bay FL 252 0.714 20 11.3 0.7 21.4 3.7E-06* 

Choctawhatchee Bay FL 340 1.29 14 27.0 1.3 3.2 8.0E-05 

Pensacola Bay FL 477 1.44 18 20.9 1.8 25.6 4.3E-05 

Perdido Bay AL 129 0.198 13 28.9 3.7 31.1 9.3E-05 

Mobile Bay AL 1079 2.06 15 24.4 2.1 43.1 3.4E-05 

East Mississippi Sound MS 654 1.53 14 18.3 0.8 24.6 1.4E-05 

West Mississippi Sound MS 1581 3.84 15 18.6 1.8 3.7 1.3E-05 

Lake Borgne LA 744 1.34 13 48.5 2.5 24.8 2.4E-04 

Lake Pontchartrain LA 1879 6.58 11 52.6 4.1 24.3 4.0E-04 

Breton/Chandeleur 
Sound 

LA 4301 11.8 21 21.9 6.4 1.19 5.5E-04 

Barataria Bay LA 852 0.362 10 18.8 14.2 33.3 9.6E-04 

Terrebonne/Timbalier 
Bays 

LA 1262 0.854 13 34.2 18.5 1.1 6.1E-03 

Calcasieu Lake LA 260 0.311 13 23.9 19.5 103.1 9.4E-05 

Sabine Lake TX 265 0.661 12 26.0 11.5 323.1 2.5E-05 

Galveston Bay TX 1456 2.25 15 33.0 8.8 186.7 1.9E-04 

Matagorda Bay TX 1115 1.57 16 21.6 29.2 10.9 1.5E-03 

San Antonio Bay TX 587 0.347 15 34.0 16.3 16.7 2.0E-04 

Aransas Bay TX 524 0.515 17 53.8 16.6 1.3 2.5E-03 

Corpus Christi Bay TX 571 1.53 28 18.9 7.1 49.4 5.9E-03 

Baffin Bay TX 239 0.137 29 56.0 10.9 10.9 4.3E-02 

Upper Laguna Madre TX 591 0.202 29 44.7 0.0* 0.3 4.8E-02 

Lower Laguna Madre TX 1308 0.999 29 66.9 1.4 4.7 2.6E-03 

Average    19 33.6 5.9 32.3 3.5E-03 

Standard Deviation          7 16.7 7.3 63.4 1.1E-02 
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SM2: Estuary-level data used for preliminary analyses and prescreening. Note: I(0:3) indicates 

an integer variable (0, 1, 2, or 3). 

Estuary 

 
 

State 
Average 
Depth  

(m) 

Percen
t open 
to sea 

(%) 

Mean flow 
(m3/d) 

Hypoxic 
condition 

I(0:3) 

Toxic 
algal 

Conditio
n 

I(0:3) 

Eutrophic  
Condition 

I(0:5) 

Florida Bay FL 0.6 7 5.0E05 3 2 3 

South Ten Thousand 
Islands 

FL 0.6 8 3.3E06 3 0 4 

North Ten Thousand 
Islands 

FL 0.7 7 4.2E06 2 0 4 

Rookery Bay FL 0.5 8 5.9E04 1 0 4 

Caloosahatchee River FL 1.9 2 4.2E06 1 0 3 

Charlotte Harbor FL 1.6 3 5.1E06 3 2 3 

Sarasota Bay FL 2.2 1 4.9E05 2 3 4 

Tampa Bay FL 3.0 1 3.5E06 1 2 4 

Suwannee River FL 1.2 12 2.6E07 1 1 1 

Apalachee Bay FL 1.9 16 9.6E06 1 2 2 

Apalachicola Bay FL 1.8 3 6.4E07 2 2 3 

St. Andrew Bay FL 2.8 0 1.8E06 2 1 3 

Choctawhatchee Bay FL 3.8 0 1.9E07 2 3 1 

Pensacola Bay FL 3.0 0 2.6E07 2 0 2 

Perdido Bay AL 1.5 0 3.9E06 2 1 5 

Mobile Bay AL 1.9 1 1.6E08 2 2 2 

East Mississippi Sound MS 2.3 3 3.4E07 2 1 1 

West Mississippi Sound MS 2.4 2 3.1E06 1 1 1 

Lake Borgne LA 1.8 3 3.1E07 0 2 1 

Lake Pontchartrain LA 3.5 0 1.2E07 1 2 3 

Breton/Chandeleur Sound LA 2.7 3 2.4E05 1 0 3 

Barataria Bay LA 0.4 0 6.0E05 2 1 4 

Terrebonne/Timbalier Bays LA 0.7 3 6.5E04 1 3 3 

Calcasieu Lake LA 1.2 0 8.4E06 2 3 5 

Sabine Lake TX 2.5 0 4.4E07 1 1 1 

Galveston Bay TX 1.5 1 5.6E07 1 1 2 

Matagorda Bay TX 1.4 1 9.9E06 1 1 3 

San Antonio Bay TX 0.6 0 6.6E06 1 1 3 

Aransas Bay TX 1.0 0 5.9E05 1 1 3 

Corpus Christi Bay TX 2.7 0 4.9E05 1 3 3 

Baffin Bay TX 0.6 3 7.2E04 1 3 5 

Upper Laguna Madre TX 0.3 1 7.5E04 2 3 3 

Lower Laguna Madre TX 0.8 0 2.1E06 1 3 5 
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SM3: Correlation matrix of highly significant estuary-level stressor variables 

  

B
a
s
in

 A
n

th
ro

p
o

g
e
n

ic
/ 
A

L
 

E
s
tu

a
ry

 s
a
li
n

it
y

 

B
a
s
in

 A
g
ri
c
u
lt
u
re

/ 
A

L
 

B
a
s
in

 C
ro

p
/ 

A
L
 

B
a
s
in

 C
ro

p
/ 

Q
 

B
a
s
in

 A
n
th

ro
p
o
g

e
n
ic

/ 
Q

 

S
h

o
re

li
n

e
  
A

g
ri

c
u

lt
u

re
/ 
A

L
 

B
a
s
in

 A
g
ri
c
u
lt
u
re

/ 
Q

 

E
D

A
 t

o
x
ic

 r
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Basin Anthropogenic/ AL 1.00          

Estuary salinity 0.21 1.00         

Basin Agriculture/ AL 0.78 0.01 1.00        

Basin Crop/ AL 0.65 0.10 0.89 1.00       

Basin Crop/ Q 0.33 0.38 0.52 0.51 1.00      

Basin Anthropogenic/ Q 0.33 0.40 0.51 0.49 0.996 1.00     

Shoreline  Agriculture/ AL -0.01 -0.35 0.08 -0.03 0.03 0.04 1.00    

Basin Agriculture/ Q 0.33 0.39 0.51 0.49 0.998 1.00 0.04 1.00   

EDA toxic releases/ AE -0.09 -0.33 -0.07 -0.19 -0.12 -0.13 0.24 -0.12 1.00  

Basin Urban/ Q 0.33 0.42 0.41 0.41 0.89 0.92 0.12 0.90 -0.16 1.00 
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SM4:  Multi-stressor model coefficients for individual fish and invertebrate species. Event-level coefficient units = 
∆ 𝑙𝑜𝑔 𝑜𝑑𝑑𝑠

∆ 𝑢𝑛𝑖𝑡 𝑜𝑓 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑜𝑟 
.  

Estuary-level coefficients are presented for normalized values, units = 
∆ 𝑙𝑜𝑔 𝑜𝑑𝑑𝑠

∆ 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 𝑜𝑓𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑜𝑟 
 . Estuary coefficients are shaded 

dark grey for negative relationships and light grey for positive relationships. Species with stars (*) denote pelagic species. 

      Event-Level Coefficients Estuary-Level Coefficients 

Species Scientific name 

% 
 

present 
In 

trawls 

Temperature Salinity 
Salinity 
Squared 

Distance 
to Shore 

Estuary 
Salinity 

% Basin 
Anthropogenic 

% 
Shoreline 

Agriculture 

EDA 
toxic 

releases  
/ Area 

Basin 
Crop 
/ Flow 

Atlantic Croaker Micropogonias undulatus 
52% 

0.04 -0.06 0.0009 0.07 -0.49 -0.47 0.00 0.00 0.00 

Bay Anchovy* Anchoa mitchilli 
49% 

-0.02 0.02 -0.0008 0.05 -0.27 0.00 0.00 0.00 0.00 

Blue Crab CallinectessSapidus 
42% 

0.01 -0.01 -0.0007 0.00 0.00 0.20 0.00 -0.16 0.00 

Spot Leiostomus xanthurus 
39% 

0.02 0.02 -0.0008 0.02 0.00 -0.41 0.00 0.00 0.00 

White Shrimp Litopenaeus setiferus 
35% 

-0.02 -0.01 -0.0006 0.06 0.00 -0.86 0.00 0.00 0.00 

Brown Shrimp Farfantepenaeus aztecus 
34% 

0.06 0.05 -0.0014 0.06 0.00 -0.97 0.00 0.00 0.65 

Hardhead Catfish Ariopsis felis 
30% 

0.09 0.04 -0.0011 0.01 0.00 0.00 0.29 0.00 0.00 

Sand Seatrout  Cynoscion arenarius 
28% 

0.07 0.05 -0.0023 0.06 0.00 0.00 0.00 0.00 -0.69 

Pinfish* Lagodon rhomboides 
27% 

0.03 0.05 -0.0003 -0.06 0.47 0.00 0.00 0.00 0.00 

Gulf Menhaden* Brevoortia patronus 
20% 

-0.01 -0.06 0.0000 0.00 0.00 -0.53 0.42 0.00 0.00 

Silver Perch Bairdiella chrysoura 
20% 

0.02 0.04 -0.0010 -0.05 0.29 0.00 0.00 -0.40 -0.22 

Pink Shrimp Farfantepenaeus duorarum 
13% 

-0.06 0.12 -0.0029 0.06 0.00 0.00 0.00 -1.28 0.00 

Least Puffer Sphoeroides parvus 
12% 

-0.02 0.15 -0.0040 0.03 0.00 0.00 0.00 0.00 0.00 

Bay Whiff Citharichthys spilopterus 
11% 

0.04 0.00 0.0000 0.00 0.00 -1.07 0.00 0.00 0.00 

Gafftop Catfish Bagre marinus 
10% 

0.17 0.05 -0.0017 0.00 0.00 0.00 0.62 0.00 -0.48 

Blackcheek  
Tonguefish 

Symphurus plagiusa 
9% 

-0.02 0.10 -0.0023 0.11 0.00 0.00 0.00 -0.58 -0.46 

Fringed Flounder Etropus crossotus 
9% 

-0.03 0.18 -0.0030 0.12 0.00 -0.63 0.00 0.00 -0.82 

Atlantic Stingray Dasyatis sabina 
8% 

-0.02 0.04 -0.0008 -0.02 0.00 0.00 0.00 -0.77 -0.27 

Inshore Lizardfish Synodus foetens 
8% 

0.03 0.17 -0.0027 0.02 0.00 0.00 0.00 0.00 -0.39 

Hog Choker Trinectes maculatus 
7% 

0.05 -0.08 0.0004 0.00 0.00 0.50 0.00 -0.25 0.00 

Bighead Searobin Prionotus tribulus 
7% 

-0.06 0.18 -0.0047 0.11 -0.40 0.00 0.00 0.00 0.00 
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SM4 (continued) 

 
Atlantic Bumper* Chloroscombrus chrysurus 

7% 
0.07 0.23 -0.0043 0.04 0.00 -0.68 0.00 0.00 -1.17 

Ground Mullet Menticirrhus americanus 
7% 

0.00 0.25 -0.0064 0.00 0.00 0.00 0.00 0.00 0.00 

Atlantic Spadefish* Chetodipterus faber 
7% 

0.09 0.16 -0.0035 0.00 0.00 0.00 0.37 0.34 -0.55 

Pigfish Orthopristis chrysoptera 
7% 

0.04 0.21 -0.0026 -0.05 0.85 0.00 0.00 0.00 -0.68 

Gulf Butterfish* Peprilus burti 
6% 

-0.05 0.25 -0.0048 0.18 0.00 -0.94 0.82 0.00 0.00 

Spotted Seatrout Cynoscion nebulosus 
6% 

-0.09 -0.04 0.0004 0.00 0.00 0.34 0.00 -0.18 0.33 

Atlantic Cutlassfish* Trichiurus lepturus 
6% 

0.05 0.15 -0.0032 0.13 0.00 0.00 0.48 0.00 -0.45 

Threadfin Shad* Petenense 
5% 

0.00 0.06 -0.0028 0.00 -0.77 -0.80 0.00 0.00 0.00 

Southern Flounder Paralichthys lethostigma 
5% 

0.03 -0.07 0.0008 -0.03 0.00 -0.60 0.00 0.00 0.00 

Striped Mullet* Mugil cephalus 
5% 

-0.09 -0.07 0.0007 -0.18 0.00 0.00 0.39 0.00 0.00 

Black Drum* Pogonias cromis 
5% 

-0.05 -0.09 0.0012 -0.17 0.51 0.00 0.79 0.61 0.50 

Striped Anchovy* Anchoa hepsetus 
4% 

0.12 0.08 -0.0015 0.03 0.00 -0.45 0.00 0.00 -0.95 

Silver Jenny Eucinostomus gula 
3% 

0.03 0.19 -0.0026 0.00 0.00 0.00 0.00 0.00 0.00 

Lookdown* Selene vomer 
3% 

0.02 0.16 -0.0031 0.00 0.00 -0.39 0.00 0.00 -0.82 

Star Drum* Stellifer lanceolatus 
3% 

0.00 0.10 -0.0017 0.18 0.00 0.00 1.14 0.00 0.00 

Gulf Toadfish Opsanus beta 
3% 

0.07 0.05 -0.0009 0.00 0.88 0.00 0.00 0.00 0.00 

Lined Sole Achirus lineatus 
3% 

0.03 0.04 -0.0003 0.06 0.00 1.20 0.00 0.00 0.00 

Atlantic Moonfish* Selene setapinnis 
3% 

0.07 0.24 -0.0047 0.14 0.00 -1.19 0.00 0.00 0.00 

Chain Pipefish Syngnathus lousianae 
2% 

0.00 0.12 -0.0011 0.00 0.00 0.00 0.00 -0.86 0.00 

Silver Seatrout Cynoscion nothus 
2% 

0.02 0.03 -0.0007 0.30 0.00 0.00 0.00 0.00 0.00 

Crevalle Jack* Caranx hippos 
2% 

0.06 0.00 -0.0005 -0.04 0.00 0.00 0.51 0.00 -0.61 

Blue Catfish Ictalurus furcatus 
1.9% 

0.00 -0.45 0.0060 0.00 0.00 0.00 0.00 0.00 0.00 

Scaled Sardine* Harengula jaguana 
1.8% 

0.11 0.10 -0.0015 0.08 0.00 0.00 0.71 0.00 -0.54 

Gizzard Shad* Dorosoma cepedianum 
1.7% 

0.00 -0.05 -0.0015 -0.11 0.00 0.00 0.00 0.00 0.00 

Spotfin Mojarra Eucinostomus argenteus 
1.5% 

0.00 0.08 0.0000 0.00 0.00 0.00 0.00 0.00 -0.81 

Gulf Pipefish Syngnathus scovelli 
1.5% 

0.00 0.04 -0.0007 -0.06 0.64 0.00 -0.90 -1.50 0.00 

Naked Goby Gobiosoma bosc 
1.3% 

-0.04 -0.12 0.0014 0.00 0.63 0.50 0.00 0.00 0.00 

Lane Snapper Lutjanus synagris 
1.1% 

0.09 0.25 -0.0028 0.00 0.00 0.00 0.00 0.00 -1.06 

Red Drum Sciaenops ocellatus 
1.1% 

0.00 -0.08 0.0000 -0.17 0.71 0.00 0.00 0.00 0.00 
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SM4 (continued) 

 
Atlantic Threadfin 

Herring 
Opisthonema oglinum 

1.0% 
0.00 0.07 -0.0016 0.20 -1.56 0.00 0.00 -0.86 0.00 

White Mullet* Mugil curema 
1.0% 

0.03 0.11 -0.0027 -0.21 0.00 0.00 0.92 0.00 0.00 

Bluntnose Jack Hemicaranx amblyrhynchus 
0.9% 

0.07 0.24 -0.0048 0.09 0.00 -0.75 0.00 0.00 0.00 

Spanish Mackerel Scomberomorus maculatus 
0.8% 

0.11 0.00 -0.0006 0.04 0.00 -0.80 0.00 0.00 0.00 

Ladyfish Elops saurus 
0.8% 

0.08 -0.02 0.0000 0.00 0.00 0.00 0.00 0.00 0.00 

Lined Seahorse Hippocampus erectus 
0.6% 

-0.07 0.28 -0.0035 0.00 0.53 0.00 0.00 0.00 -1.16 

Sea Bass Centropristis philadelphica 
0.3% 

0.00 0.10 0.0000 0.08 0.00 -1.16 0.00 0.00 0.00 



   

24 

 

 
SM5. Predictions of species presence for changing watershed stressor levels using multi-stressor 

models. 
 

  

Multi-stressor species models can be used to estimate changes in the probability of species 

presence due to the effect of shifting watershed stressor values. This is done by multiplying the 

slope of the logistic function that corresponds to the current species presence with the species 

model coefficient and the magnitude of the watershed stressor change. For example, suppose 

Atlantic Croaker (Micropogonias undulates) is currently present 20% of the time in a given 

estuary where anthropogenic land use (Basin Anthropogenic/ AL) is expected to increase from 

30% to 40% (a difference of 10%). The probability of species presence (20%) is first converted 

to a log odds value of -1.38 (ln (
% 𝑝𝑟𝑒𝑠𝑒𝑛𝑡)

(1−% 𝑝𝑟𝑒𝑠𝑒𝑛𝑡)
)) and its derivative is 0.16 

(
𝑒𝑙𝑜𝑔 𝑜𝑑𝑑𝑠

(1+2∗𝑒𝑙𝑜𝑔 𝑜𝑑𝑑𝑠+𝑒2∗𝑙𝑜𝑔 𝑜𝑑𝑑𝑠)
). The 10% increase in Basin Anthropogenic/ AL is then normalized by 

its standard deviation across estuaries (Online Resource 3) to a value of 0.60 (
10%

16.7%
). To 

determine the effect on species presence, the derivative (0.16) is multiplied by the model 
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coefficient for Atlantic Croaker (-.47; Online Resource 4) and the normalized change in the 

stressor (0.60), yielding a value of -0.045. Therefore, for a 10% increase in Basin 

Anthropogenic/ AL, the probability of presence for Atlantic Croaker is expected to be reduced 

from 20% down to 15.5%.  
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Chapter 2: Assessing Natural and Anthropogenic Drivers of Ecological Health in Piedmont 

Streams using Hierarchical Modeling 

 

Abstract  

Urban streams consistently have poorer ecological condition than natural streams due to a 

myriad of anthropogenic impacts that alter hydrology and increase pollutant concentrations. 

Though monitoring of urban streams is widespread, viable management options for improving 

stream health are not well defined. Understanding more precisely the factors that influence 

biological condition, as well as being able to identify sites that deviate from expected conditions, 

can help managers develop more efficient stream restoration strategies. A hierarchical 

(multilevel) framework is used here to model over 3,000 macroinvertebrate samples from the 

North Carolina Piedmont, identify important natural and anthropogenic factors that relate to 

stream health, and demonstrate how hierarchical random effects can help identify potential 

restoration sites. In addition, the spatial (e.g., watershed versus stream buffer) and temporal (e.g., 

age of construction) aspects of land cover development are explored within the model. Results 

confirm that the best predictor for biotic index (BI) is watershed impervious cover (IC). 

Additional factors significantly related to BI include the age of watershed IC, canopy loss in 

stream buffers, reservoirs, wastewater treatment plants, antecedent precipitation, and geologic 

soil conditions. Synthesizing these factors in a hierarchical multiple linear regression, we explain 

76% of the variability in the BI (R2) relative to 65% using watershed IC only. Remaining spatial 

variability is largely accounted for by site random effects (16%), which characterize the 

deviation between expected and actual biological condition. Of note, model results suggest that 

newer development (post-1980) degrades stream health 30% less than older development, and 
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canopy removal in stream buffers has 2 to 9 times the impact on BI on a per hectare basis, when 

compared to the addition of IC in upstream watersheds.  

Keywords: biological assessment, anthropogenic stressors, watershed development, stream 

restoration, temporal land cover variability, spatial scales, macroinvertebrates 
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1. Introduction  

Water quality in the United States (US) is degraded by various anthropogenic factors and 

over 40% of the nation’s streams are considered to be in poor ecological condition (USEPA 

2006, 2009, 2016). Urban streams, in particular, are degraded at even higher rates due to the 

“urban stream syndrome”, which refers to the myriad of negative effects that urban settings have 

on stream networks from altered hydrology to increased pollutant loads (Schueler 1994, Paul and 

Meyer 2001, Walsh et al. 2005). The increase of impervious surfaces in urban settings alters 

stream health by rapidly transporting rainfall and contaminants through stormwater conveyance 

systems to streams (Makepeace et al. 1995, Deletic 1998, Vietz et al. 2014). Percent 

imperviousness and other proxies representing urbanization (e.g., road and population density) 

have been well established as variables that negatively correlate to stream health (Schueler 1994, 

Walsh et al. 2005, Bressler et al. 2009, Kashuba et al. 2010, Cuffney et al. 2010), but many 

scientific and methodological questions remain such as 1) how to identify multiple covarying 

stressors and their relative impacts (Wenger et al. 2009), 2) how to determine the effectiveness of 

construction and land development best management practices (BMPs) (Parr et al. 2016, Utz et 

al. 2016), and 3) how research and modeling efforts can characterize ecosystem health in ways 

that improve communication between scientists, managers, and stakeholders (Wenger et al. 

2009).  

The primary physical change in urban streams, elevated and more frequent peak flows, 

results from conversion of natural land covers to impervious cover (IC; Leopold 1968, Seaburn 

1969, Booth and Jackson 1997, Boggs and Sun 2011). Though the effect of urbanization on 

altered hydrology can vary regionally due to natural conditions such as slope and soil 

permeability (Hopkins et al. 2015), development within stream basins of 10% total IC or of 2-3% 
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IC that is directly connected to stormwater conveyance systems can severely alter ecologically 

important stream attributes like physical habitat and geomorphology (Schueler 1994, Booth and 

Jackson 1997, Vietz et al. 2014). Sediment loads from construction activities can blanket stream 

bottoms and destroy habitat for biota that live in hyporheic zones (Cordone and Kelley 1961, 

Finkenbine et al. 2000, Miltner et al. 2004), while elevated peak flows erode and scour stream 

beds leading to incised channels and high banks where riparian vegetation can become 

hydraulically disconnected from stream baseflows (Groffman et al. 2003, Bernhardt and Palmer 

2007). Elevated water temperatures also occur in urban streams due to removal of canopy cover, 

reduced baseflows (Klein 1979, Rose and Peters 2001, Hardison et al. 2009), and runoff from 

paved surfaces during summer months (Poole and Berman 2001, Nelson and Palmer 2007). 

Hydrologic variations, as well as elevated temperatures, have been shown to negatively impact 

macroinvertebrate and fish communities, common ecological indicators of stream health (Roy et 

al. 2005, Dunbar et al. 2010, Buchwalter et al. 2015, Elbrecht et al. 2016).  

Biochemical changes in streams are caused by pollutants (i.e., nutrients, hydrocarbons, 

metals, pesticides, herbicides, etc.) entering from non-point sources such as urban or agricultural 

land (Makepeace et al. 1995, Paul and Meyer 2001, Walsh et al. 2005, Bernhardt and Palmer 

2007), or point sources like wastewater treatment plants (WWTP; Dennehy et al. 1998, Paul and 

Meyer 2001). Increased conductivity in streams (i.e., secondary salinization; Cañedo-Argüelles 

et al. 2013) has also been shown to affect sensitive macroinvertebrate taxa in both mesocosms 

and natural studies (Kefford et al. 2011, Clements and Kotalik 2016, Boehme et al. 2016). 

Copper, lead, and zinc, common in road runoff (Legret and Pagotto 1999, Huber et al. 2016), 

settle into stream sediments where they negatively affect macroinvertebrate species (Phipps et al. 

1995, Beasley and Kneale 2002, Hirst et al. 2002). In both urban and agricultural areas, 
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herbicides such as atrazine are widely used (Grube et al. 2011, Yun and Qian 2015) and 

negatively affect macroinvertebrate communities (Graymore et al. 2001). In addition to the urban 

stream syndrome, previous studies have also shown that both current agricultural (crop and 

pasture lands), as well as historical agricultural use, have been related to poor ecological stream 

health (Richards et al. 1996, USEPA 2006, 2009, 2016, Kashuba et al. 2010, Qian et al. 2010, 

Cuffney et al. 2010, 2011a, Hill et al. 2017). 

Empirical modeling has shown a consistently negative relationship between 

macroinvertebrate community metrics and IC or urbanization (Schueler et al. 2009, Paul et al. 

2009, Cuffney et al. 2011a). Regression approaches have included simple linear regressions 

(SLR; Schueler 1994, Booth et al. 2005), multiple linear regressions (MLR; Strayer et al. 2003, 

Bellucci et al. 2013), quantile regression (Paul et al. 2009), and hierarchical SLRs (Kashuba et al. 

2010, Qian et al. 2010, Cuffney et al. 2011a). In all SLRs and MLRs, predictor variables are 

assigned (slope) coefficients, which can be used to understand the magnitude of their effect on 

response variables. Quantile regression, a process where a linear regression is derived through a 

certain quantile of the data (e.g., 95%), was used to determine an upper limit on biological 

communities that can be expected for urban streams (Paul et al. 2009). Hierarchical models can 

extend both SLR and MLR by allowing coefficients to vary by group (e.g., ecoregion, sampling 

location; Gelman and Hill 2006). There has been debate whether linear responses are indicative 

of the relationship between biological responses and urbanization and if linear responses are 

consistent throughout the whole range of urbanization (Allan 2004, Walsh et al. 2005, King et al. 

2010, Cuffney et al. 2011b). Linear regressions are able to evaluate both linear and non-linear 

relationships between predictors and response, where nonlinear relationships are typically 

specified through variable transformation (e.g., log transformation; Faraway 2014). More 
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recently, machine learning techniques (e.g. random forest; Breiman 2001) have been used to 

predict stream health in the conterminous United States using over 190 predictor variables (Hill 

et al. 2017). Random forests can rank the relative importance of highly correlated predictors and 

have good predictive ability (Evans and Cushman 2009, Evans et al. 2011), but their 

unconstrained (non-parametric) form makes interpretation of the relationship between predictors 

and responses difficult. 

Hierarchical modeling (mixed-effects modeling or multi-level modeling) is an extension 

of conventional regression modeling (e.g., SLR, MLR) that includes both “random” and “fixed” 

effects (Gelman and Hill 2006). Fixed effects refer to model coefficients fit similarly to MLRs 

(e.g., intercept, slope, and categorical coefficients; Faraway 2014), while random effects 

represent group-level differences in the data (e.g., sampling locations, ecoregions, etc.) 

accounting for spatial, temporal, or intraclass correlation not resolved by the available predictor 

variables (Gelman and Hill 2006, Gelman et al. 2014). Random effects differ from categorical 

variables in that random effect coefficients are drawn from a common hyperdistribution (Gelman 

and Hill 2006). In addition to more robust parameter estimation (accounting for intraclass 

correlation), hierarchical models typically have better predictive ability than conventional 

regressions for grouped data (Wikle 2003, Qian and Shen 2007, Cressie et al. 2009, Qian et al. 

2010), and are a common framework for modeling ecological data (Clark and Gelfand 2006, 

Bolker et al. 2009). Hierarchical modeling has been used to compare regional differences in 

ecological responses to anthropogenic stressors (Qian et al. 2010, Cuffney et al. 2011a), to 

enhance models of watershed pollutant loading and transport (Qian et al. 2005, Strickling and 

Obenour 2018), and to link the biological condition of receiving waterbodies to upstream 

watershed stressors (Miller et al. 2018). Although not as flexible as machine learning approaches 
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(Breiman 2001, Olden et al. 2008, Evans et al. 2011), hierarchical modeling allows us to explore 

spatial and temporal variability using relationships that are readily interpretable and accessible 

based on their parametric form and statistical significance (Gelman and Hill 2006, Gelman et al. 

2014). 

The goal of this study is to address remaining urban stream research questions including 

how to quantify the relative impacts of co-varying stressors, test the effectiveness of improved 

development practices on stream health, and demonstrate how to connect and communicate 

research efforts with managers and stakeholders (Wenger et al. 2009, Parr et al. 2016, Utz et al. 

2016). Using a hierarchical multiple linear regression (i.e., hierarchical MLR), we identify major 

natural and anthropogenic factors that alter the ecological health of streams using over 3000 

biotic index (BI) samples collected over a 30-year period in the North Carolina (NC) Piedmont. 

A wide range of possible watershed predictors including the age of IC in watersheds, three 

spatial scales of land covers, temporally-varying hydro-climatological conditions, seasonality, 

geologic soil regions, and upstream reservoirs and WWTPs are tested using various statistical 

measures of model fit. The inferred impacts of stressors on BI are quantified and compared to 

determine the range of their effects on stream health. Finally, this study explores how a 

hierarchical framework can help inform management decisions by identifying potential 

restoration sites. 

2. Methods 

This study used hierarchical MLRs to model the BI of wadeable streams in the NC 

Piedmont. Data collected by the North Carolina Department of Environmental Quality (NC 

DEQ) and 5 major NC cities were compiled for model construction (Sections 2.1-2.2). Initially, a 

baseline model was created by comparing the amount of variance explained by different 
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representations of IC (Section 2.4.1). Then, auxiliary stressor models tested the importance of 

other candidate predictor variables (Section 2.3) using an information criterion approach (Section 

2.4.2). Finally, a multi-stressor model was assembled to assess the combined effects of multiple 

natural and anthropogenic factors on BI (Section 2.4.3).  

2.1. Study area  

All sampling locations were located in the NC Piedmont region, which is comprised of 6 

hydrologic units at the sub-basin level (Hydrological Unit Code 8): Neuse, Cape Fear, Tar-

Pamlico, Roanoke, Yadkin-Pee Dee, and Santee Rivers (Fig 1), and 8 major geologic regions 

(Raleigh Belt, Carolina Slate Belt, Kings Mountain Belt, Inner Piedmont, Milton Belt, Charlotte 

Belt, Sauratown Mountains Anticlinorium, and the Triassic Basin; NC Geological Survey 2009; 

Fig S1, Table S1) as well as several minor ones. Triassic Basin soils exist in 3 non-adjacent sub-

regions of the NC Piedmont: Durham-Sanford, Wadesboro and the Dan River subbasins. 

Piedmont borders were set consistent with definitions established by the NC State Climate Office 

(SCO; http://sco-web1.meas.ncsu.edu/climate/drought/historical, accessed June 2017), which 

intersects 34 counties. Elevations for sampling locations in the dataset ranged from 34-546 m 

above sea level. The Lower Pee-Dee River basin (i.e., Sandhills region) was excluded from this 

study because it is geologically part of the Coastal Plain with high-permeability soils that lead to 

different flow and ecological conditions compared to the rest of the study area (NC Geological 

Survey 2009; NRCS 2012).  

http://sco-web1.meas.ncsu.edu/climate/drought/historical
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Figure 1: NC Piedmont with mean Biotic Index (BI) score for each sampling site. City sites are 

represented as squares while NC Department of Environmental Quality (NC DEQ) sites are 

circular. Bioclassification ranges in the legend are based on full scale sampling methods (NC 

DEQ 2016). Upper left insert shows the study area (gray) relative to the state of NC and its 

counties.  

 

2.2. Macroinvertebrate data and monitoring locations 

Macroinvertebrate data were obtained from the Biological Assessment Branch of NC 

DEQ (personal communication, Michael Walters, 2016) and 5 NC cities (Table 1). City of 

Raleigh data were provided by its Stormwater Management Division (personal communication, 

Lory Willard, 2017), while other city data were compiled by Tetra Tech (Paul 2015). NC DEQ 

sampling dates back to 1982 while city data were all collected after 2000 (Table 1). Only 2 years 

of Raleigh data were available for this study because consistent BI scores were not available 

prior to 2013. All macroinvertebrate samples include a BI score that is a weighted-average 
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tolerance score based on the abundance and pollution tolerance of the taxa collected (Hilsenhoff 

1988, Mulholland and Lenat 1992, NC DEQ 2016). A total of 3127 samples collected from 1132 

sites draining less than 500 km2 (92% of all sampling sites; Fig S2) were included in the analysis. 

The 500 km2 cutoff approximates 5th order streams and below, which are generally considered to 

be wadeable (USEPA 2006, Pierson et al. 2008).  

NC DEQ uses different stream sampling methods depending on study objectives and 

watershed size. In this study, we utilized data based on 3 NC DEQ methods: full scale, EPT, and 

Qual 4 (NC DEQ 2016). The most common method for collection by NC DEQ, full scale (69% 

of samples), uses multiple techniques to collect all macroinvertebrate species present (i.e., 2 

riffle kicks, 3 sweeps, etc.; NC DEQ 2016). The second most common sampling method, EPT 

(24% of samples), is used for rapid assessments. In the EPT method, fewer collection techniques 

are performed (1 riffle kick and 1 sweep), and only pollution sensitive taxa (i.e., Ephemeroptora, 

Plecoptera, and Trichoptera) are recorded and used for calculating the BI (NC DEQ 2016). The 

Qual 4 method (7% of samples) is performed for rapid assessments of smaller watersheds (< 7.7 

km2) and is a hybrid of the full scale and EPT method. Collection techniques (1 riffle kick, 1 

sweep) are similar to the EPT method, but because lower numbers of EPT species are expected 

in smaller watersheds (NC DEQ 2016), all macroinvertebrate are collected for BI calculations 

similar to the full scale method. All city samples were collected using the full scale method.  

Upstream watersheds for sampling sites were delineated using 30-m digital elevation 

models downloaded from the U.S. Geological Survey (USGS) National Map (Accessed 20 July 

2017 at http://viewer.nationalmap.gov/viewer/). Processing was performed using Spatial Analyst 

tools within ArcGIS 10.3 (Esri 2015). Two additional spatial scales for each site were also 

processed: stream buffers and “near buffers”. Stream buffers were defined as land within 30 m of 

http://viewer.nationalmap.gov/viewer/
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all National Hydrograph Dataset Plus (NHD+, Moore and Dewald 2016) flowlines within the 

upstream watershed of each sampling site. Thirty meters has been suggested as the minimum 

distance needed to protect the physical, chemical, and biological health of streams (Sweeney and 

Newbold 2014). Near buffers were calculated as the 30 m stream buffers located within 500 m 

upstream of each site. The resolution of land cover data (60 m) did not allow for discerning 

buffer characteristics at smaller scales. Land cover variables (described below) were determined 

for all 3 spatial scales. 

Table 1: Summary of macroinvertebrate data from different sampling programs, including the 

number of sites, number of samples, date range, and mean and standard deviations (SD) of 

watershed size, biotic index (BI), and percent of impervious cover (IC). 

3 

Sampling 

program 

# of 

 sites 

# of 

 

samples 

Data 

range 

Drainage areas 

(km2) 
BI IC (%)  

Mean SD Mean SD Mean SD 

Chapel Hill 13 51 2000-2014 24.8 23.8 6.17 0.40 4.7 2.5 

Charlotte 72 478 2000-2013 43.0 45.1 6.92 0.61 18.9 9.6 

Durham 20 149 2002-2014 88.5 132.9 6.97 0.94 14.6 9.4 

Greensboro 24 140 2000-2014 39.0 53.3 6.57 0.87 17.3 12.0 

NC DEQ 984 2272 1982-2015 91.4 108.7 5.65 1.21 6.1 7.8 

Raleigh 19 37 2013-2014 24.1 48.2 7.05 0.57 25.2 9.1 

 

2.3. Candidate predictor variables  

Both natural and anthropogenic factors were used as candidate predictor variables in 

model construction (Table 2). Each variable class (e.g., agriculture, upstream WWTP, etc.) 

included several candidate variables in order to test different representations of the various 

predictors. For instance, land cover data were compiled at different spatial scales and as both 

linear and log (for saturating effects) predictors. In addition, upstream reservoirs were recorded 

at different distances from sampling locations, and antecedent hydro-climatological conditions 

were summarized at 5 different temporal scales (1, 3, 6, 12, and 24 months). All log 
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transformations were performed using the natural logarithm. For each class, we determined the 

candidate predictor most closely related to BI (Section 2.4.2). 

2.3.1. Land cover data  

Four land cover-related variables were used in model construction: IC, canopy loss, 

agriculture, and wetlands because all are expected to impact stream health (Table 3; Schueler 

1994, Richards et al. 1996, Schueler et al. 2009, Cuffney et al. 2010, 2011a, Qian et al. 2010, 

Bellucci et al. 2013, Hill et al. 2017). Land cover variables were derived from the U.S. 

Conterminous Wall-to-wall Anthropogenic Land use Trends (NWALT) dataset for the years 

1974, 1982, 1992, 2002, and 2012 (Falcone 2015), and the National Land Cover Dataset 

(NLCD) for years 2001 and 2011 (Homer et al. 2007, Homer et al. 2015). The NWALT dataset 

included temporally consistent land cover records for: 1) low and high density residential areas, 

2) transportation, 3) industrial and commercial development, 4) semi-developed (forested land 

adjacent to development and partially used for that purpose), 5) agriculture (crop and pasture 

lands), 6) low use (forests), and 7) wetlands. Land cover data were linearly interpolated in time 

to obtain year specific land cover values between 1974 and 2012, while land covers for 2012-

2015 were linearly extrapolated using land cover trends from 2002 to 2012. Therefore, each 

sample was associated with a land cover estimate specific to the year it was collected. 

IC and canopy cover were not available in NWALT and instead were obtained from 

NLCD for 2001 and 2011. To impute IC for other years, a MLR model was constructed using 

NLCD IC values (for all sampling site watersheds in 2001 and 2011) as the response variable 

and NWALT land classifications for corresponding years as the predictor variables (residential 

areas, transportation, wetlands, etc.). The impervious MLR model was constructed 
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Table 2: 16 variable classes and their associated candidate predictor variables. At most, 1 

candidate predictor variable for each variable class was chosen for inclusion in the hierarchical 

multiple linear regression (Section 2.4).   

 

Variables class Candidate predictor variables Source 

Age of construction IC before: 1974,1980,1990, and 2000 
Falcone, 2015 

Homer et al., 2007, 2015 

Agriculture 
Percent of watershed, stream buffer and near buffer 

(linear and log transformed) 
Falcone, 2015 

Antecedent  

hydro-climatological 

conditions 

Precipitation (m; previous 1,3,6,12, and 24 months) 

Drought indices (SPI; previous 1,3,6,12,24 months) 

(linear and quadratic)  
SCO, 2017 

Canopy loss 
Percent of watershed, stream buffer and near buffer 

(linear and log transformed) 

Falcone, 2015 

Homer et al., 2015 

Collecting agencies DEQ and 5 city agencies that collected samples NC DEQ ; Paul, 2015 

Drainage area 
Size of entire upstream watershed (km2) 

Sites that drain less than 7.7 km2 
USGS, 2017 

Elevation (m) Elevation at sampling location USGS, 2017 

IC 
Percent of watershed, stream buffer and near buffer 

(linear and log transformed) 

Falcone, 2015 

Homer et al., 2007, 2015 

Recent construction 

Change in percent of IC in previous 

2, 5 yrs. for watershed, stream buffer and near buffer 

(linear and log transformed) 

Falcone, 2015 

Homer et al., 2007, 2015 

Sampling method 3 sampling methods (full scale, EPT, and Qual 4) NC DEQ, 2016 

Season Season of macroinvertebrate sample  NC DEQ, 2016; Paul, 2015 

Soil conditions 
10 geological regions of NC Piedmont  

Triassic soils that drain less than 428 km2 NC Geological Survey, 2009 

Upstream reservoirs Reservoirs within 1 and 5 km of sampling locations Moore and Dewald, 2016 

Upstream WWTPs 

Major and minor WWTPs within 1, 5 10, and 20 km 

of sampling locations 

Wastewater (
𝑚3

𝑠
) normalized by site drainage area 

(km2) 

NC DEQ, 2016 

Wetlands 
Percent of watershed, stream buffer and near buffer 

(linear and log transformed) 
Falcone, 2015 

Year Year of the macroinvertebrate sample  NC DEQ, 2016; Paul 2015 

 

with no intercept such that coefficients would correspond to the actual percent of NWALT land 

covers expected to be impervious (i.e., on average, 17% of residential areas were impervious, 

35% of transportation, and 57% of industrial/commercial). Land cover coefficients that were not 

significant at the 95% level were parsed out of the MLR model, which explained 95% of the 
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variation in IC. Canopy cover values were also imputed using a MLR constructed in a similar 

way, with the exception that only 2011 NLCD data were used. 2001 NLCD canopy cover values 

were excluded because they were substantially biased compared to 2011 values (-11% on 

average; Coulston et al. 2012, Homer et al. 2015). The canopy cover MLR model explained 89% 

of the variability in canopy cover and implied on average 92% of low use, 88% of semi-

developed, 48% of residential, and 12% of industrial/commercial development have canopy 

cover. Canopy cover was then converted to canopy loss for inclusion as a predictor variable by 

subtracting mean canopy cover values from the maximum possible value in the dataset (i.e., 92% 

for low use areas).  

Table 3: Summary of percent land covers for 3 spatial extents of upstream watersheds. 

Summaries are for 1974 and 2012, with mean (M) and 10th and 90th percentiles shown. 

 

Land cover 

Watershed Stream buffer Near buffer 

1974 2012 1974 2012 1974 2012 

M (10,90) M (10,90) M (10,90) M (10,90) M (10,90) M (10,90) 

Agriculture 22.3 (2,45) 18.1 (1,41) 12.4 (0,27) 9.3 (0,22) 11.0 (0,42) 8.0 (0,30) 

Wetlands 0.5 (0,1) 0.5 (0,1) 2.2 (0,6) 2.2 (0,6) 8.1 (0,33) 8.1 (0,33) 

Impervious 6.1 (0,19) 8.9 (0,24) 4.1 (0,14) 6.1 (0,18) 3.9 (0,14) 5.7 (0,19) 

Canopy loss 33.7 (12,52) 35.7 (15,53) 23.9 (8,41) 25.8 (10,44) 27.9 (0,68) 29.6 (0,69) 

 

Temporal variability in IC was explored by considering the age of construction as well as 

recent construction in upstream watersheds. Variables for the log of IC constructed before given 

dates (Table 2) were calculated by multiplying the linear or log transformed estimate of IC by the 

ratio of IC at the given date to IC at the time of sample collection. We tested variables based on 

several break points (e.g., IC before 1974, IC before 2000) because state regulations and 

enforcement have come into effect incrementally over the duration of this study period. Break 

points beyond 2000 were not used due to the paucity of BI sampling in watersheds with more 

recently constructed IC. In addition, “recent construction” was tested by calculating impervious 

land cover change in the 2 or 5 years preceding sample collection. 
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2.3.2. Natural factors 

Several variable classes were comprised of natural factors that might affect 

macroinvertebrate communities, including: geologic soil type, elevation, season of the sampling 

event, and upstream watershed drainage area. A categorical variable was created for the season 

of each sample: spring (March-May), summer (June- Sept), fall (Oct.-Nov), and winter (Dec.-

Feb.). The summer season was extended to include September to be consistent with NC 

monitoring protocols (NC DEQ 2016). All sites that drained watersheds less than 7.7 km2 and 

samples in Triassic basins that drained less than 428 km2 were also tested as categorical 

variables, because both are expected to affect BI (NC DEQ 2016).  

Antecedent hydro-climatological conditions are represented using drought indices [i.e., 

Standardized Precipitation Index (SPI; McKee et al. 1993)] and monthly precipitation estimates 

obtained from the NC State Climate Office (SCO, personal communication 2017). SPI represents 

a statistical z-score which is easy to interpret and less variable than other drought indices 

(McKee et al. 1993, Guttman 1998). Estimates were derived for 3 sub-regions within the 

Piedmont: Northern, Central, and Southern Piedmont and aggregated over different time scales 

(e.g., previous 1, 3, 6, 12, and 24 month periods). Both drought and precipitation estimates were 

represented using a linear term as well as a second order term (i.e., quadratic relationship) to test 

for non-linear effects between precipitation and stream health that might occur because both 

droughts and flooding have been shown to negatively affect macroinvertebrate communities 

(Fisher et al. 1982, Boulton 2003, Sponseller et al. 2010).  
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2.3.3. Upstream point source anthropogenic factors 

Numerous sampling locations were located downstream of reservoirs in our dataset. 

NHD+ flowlines and reservoir polygons were used to determine 2 downstream conditions 

represented as categorical variables: 1) sampling sites within 1 km of any size reservoir and 2) 

sites within 5 km of large reservoirs that intercept more than 50% of the upstream watershed. 

There were 89 samples taken within 1 km of reservoirs and 208 within 5 km of large reservoirs 

in the dataset. Upstream WWTPs were also identified at different distances from sampling 

locations (1, 5, 10, or 20 km), and represented with categorical variables. Major WWTPs that 

discharged more than 4,546 m3/day (1 million gallons per day) were separated from minor 

WWTPs that discharged below that threshold. Based on preliminary inspection of the data, NC 

DEQ regularly sampled 3 to 4 km downstream of major WWTPs and sporadically sampled 

directly below outfalls of both major and minor WWTPs. Finally, a continuous variable defined 

by the amount of wastewater discharged upstream of each sampling site divided by upstream 

drainage area was also tested to see if the ratio of wastewater discharge to watershed size affects 

BI. In this dataset, there were 57 sites within 1 km of major WWTPs, 204 within 5 km, 246 

within 10 km, and 278 within 20 km. There were also 60 sites within 1 km of minor WWTP, 224 

within 5 km, 322 within 10 km, and 354 within 20 km.  

2.4. Model construction 

2.4.1. Baseline impervious model  

Weaker statistical relationships can be obscured or reversed by stronger relationships 

(Samuels 1993) and this motivated us to create a working baseline model using IC before 

screening other candidate predictors. All 3 spatial scales of IC, both linear and log transformed, 
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were tested to determine which representation of IC (xi) explains the most variation (i.e., 

coefficient of determination, R2) in BI. Natural log transformations of percent IC were performed 

after adding 1 to avoid non-real transformations. A categorical variable for the sampling method 

(αsm; i.e., full scale, EPT, or Qual 4) along with site random effects (αst) were also included in the 

baseline model. We expected different sampling techniques to potentially bias BI scores, while 

site random effects were necessary to account for intraclass correlation of samples collected at 

the same location (Gelman et al. 2014). Overall, the baseline model formulation is: 

       

 BI = β0 + αsm + αst + xi * βi + ԑ                                 (Eq.1) 

             

 αst   ~ N (0,σ
2

st)    ԑ ~ N (0 , σ
2

BI) 

where β0 is the model intercept, βi is the coefficient for the IC representation, and ԑ represents the 

residual error which is normally distributed with variance σ2
BI. The site random effects come 

from a normal distribution centered around zero with variance σ2
st. All hierarchical models were 

fit in R using the “lme4” package (Bates et al. 2015, R Core Team 2017). Of note, maximum 

likelihood (ML) estimation was used to fit hierarchical models [instead of restricted maximum 

likelihood (REML)] in order to better compare information criterion values across models 

(Faraway 2006, Zuur et al. 2009). Model sensitivity to ML vs. REML was low and did not result 

in any substantial changes to overall results.   

2.4.2. Auxiliary stressor models  

Once a baseline model was established, all candidate predictor variables (Table 2) were 

tested to assess if they improved model performance, using an information criterion approach. 
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Variables were added to the baseline model in 3 ways depending on expected plausible 

relationships: (1) adding a single linear or log-transformed variable (xa; Eq. 2a), (2) adding the 

variable and its 2nd order (quadratic) term (Eq. 2b) for precipitation and drought indices, and (3) 

adding a categorical variable or random effect (αa; Eq. 2c).  

     BI = Baseline Model + xa * βa                            (Eq.2a)  

     BI = Baseline Model + xa * βa + x2
a * βasq                                (Eq.2b) 

    BI = Baseline Model + αa                                  (Eq.2c) 

All candidate predictor variables from each variable class (Table 2) were run separately 

in the auxiliary stressor models and compared to the baseline model (Eq.1) based on the 

Bayesian Information Criterion (BIC). BIC is an information criteria method that judges model 

fit based on log likelihood while penalizing for extra parameters (Schwarz 1978). A lower BIC 

scores implies better predictive performance. 

2.4.3. Multi-stressor model 

A multi-stressor model was then created by combining the best auxiliary stressor from 

each variable class (Table 2) together with the baseline model (Eq. 1). To be conservative in 

adding variables, only auxiliary stressors that lowered BIC by a minimum of 6 in auxiliary 

stressor models were considered for inclusion (Raftery 1995). If multiple candidate predictors for 

a given variable class lowered BIC beyond this threshold, the one that reduced BIC the most was 

considered for the multi-stressor model. Finally, backwards variable selection was performed 

using the “LMERConvenienceFunctions” R package (Tremblay and Ransihn 2015) to prune any 

variables with insignificant coefficients from the multi-stressor model (Faraway 2006). Variables 

with large ranges were centered on their mean in order to not artificially inflate the intercept (i.e., 
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year -1999; elevation - 268 m). Variance inflation factors (VIF) were also recorded to test for 

excessive multi-collinearity between predictors (Cohen et al. 2013).  

The relative importance of each predictor in the multi-stressor model was quantified by the 

magnitude of the standard deviation (SD) of its contribution to BI. That is, for each predictor in 

the multi-stressor model, influence on BI (x* β) was calculated for all samples and the SD of this 

distribution was used to rank the predictor’s relative contribution. In the case of precipitation, the 

contribution of both the linear and quadratic terms were evaluated together. This process of 

comparing the relative contribution of predictors is similar to comparing the magnitude of 

coefficients determined from normalized predictor variables, but more flexible and able to 

evaluate quadratic relationships (e.g., precipitation) as well as categorical variables (e.g., site 

random effect, upstream reservoirs).  

A 3-fold cross-validation was performed to determine the consistency of predictor 

coefficients across subsets of the data, and to better assess how the multi-stressor model will 

perform when predicting at new locations or under future conditions (Elsner and Schmertmann 

1994, Chatfield 2006). In each fold, 2/3 of the data were used to calibrate the full model and then 

predictions were made for the 1/3 of the data that was excluded. In this way, predictions were 

made across the entire dataset using models calibrated from other subsets of the data. The R2 and 

mean absolute error (MAE) of calibration and validation results were compared using predictions 

without site random effects included, mirroring how predictions would be performed at 

unsampled locations. In addition, the model coefficients of each fold were recorded and 

compared to assess robustness.  

Finally, the multi-stressor model was used to predict BI scores for all sampling locations 

in order to demonstrate how model outputs could be used to identify potential stream restoration 
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sites. Predictions were made for 2012 land covers, the last year of reported data (NWALT; 

Falcone 2015), and used mean conditions for antecedent hydro-climatological conditions (0.30 m 

for 3-month precipitation). Predictions were then divided into a deterministic portion which 

corresponded to known predictors of BI (e.g., IC, canopy loss, upstream WWTP, geologic soil) 

and site random effects which represented unaccounted for variation in BI across sites. The 

deterministic predictions and site random effects were then plotted together to show how both 

offer insights into the current biological condition and the potential for restoration at each 

location.  

3. Results  

3.1. Baseline impervious model 

Different baseline models (Eq.1) were tested using IC at 3 spatial scales (watershed, 

stream buffer, and near buffer) as both linear and log transformed predictors. The form of IC that 

explained the most variance in BI was the log of watershed IC (65%; Table 4), followed closely 

by the log of stream buffer IC (64%). Watershed IC as a linear predictor explained 60% of the 

variation in BI, a 5 percent drop from the log transformed value. Log transformation of IC 

implied a saturating relationship with stream health, such that as total watershed IC increased, 

further additions had a reduced effect on BI. For example, an increase from 0 to 5% IC 

corresponded to a change in BI of 1.16, while an increase from 10% to 15% resulted in a change 

of just 0.25. Of note, IC in the near buffer had both a smaller effect on BI and explained less 

variance than both the watershed and stream buffer variables.  
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Table 4: Candidate baseline models for BI using different representations of impervious cover 

(IC) ranked by their coefficient of determination (R2) and mean absolute error (MAE). Variables 

for each spatial scale were either linear or log transformed. βi is the coefficient for the 

representation of IC, shown with standard error (se), and βni is the normalized coefficient. Units 

for βi are BI per unit of predictor and units for βni  are BI per 1 standard deviation of the predictor.  

 

Representation of IC  
R2 MAE βi (se) βni 

Watershed (log) 0.65 0.55 0.63 (0.02) 0.71 

Stream buffer (log) 0.64 0.56 0.62 (0.02) 0.70 

Watershed (linear) 0.60 0.59 0.06 (0.002) 0.65 

Stream buffer (linear) 0.56 0.62 0.07 (0.003) 0.61 

Near buffer (log) 0.42 0.72 0.35 (0.02) 0.44 

Near buffer (linear) 0.38 0.77 0.03(0.002) 0.42 

 

3.2. Auxiliary stressor models  

Candidate predictor variables (Table 2) were individually tested in auxiliary stressor 

models (Eq. 2a, b, c) and compared to the baseline model (Eq. 1) using BIC. The anthropogenic 

variable that improved the baseline model the most was the log of canopy loss in stream buffers, 

while other anthropogenic variables of note were: IC before 1980, agriculture in upstream 

watersheds, wetlands in stream buffers, major WWTP within 1 km of sites, and upstream 

reservoirs within 5 km of sites (Table 5). Though only 1 predictor from each variable class was 

included in Table 5; often, several auxiliary predictors within the same class improved the 

baseline model and offered insights into variation within that class of predictors. For example, 

adding age of construction improved (i.e., reduced) BIC for all break points (i.e., 1974, 1980, 

1990, 2000; Table S2), and coefficients implied that the effect of post IC was gradually 

decreasing through time. Upstream major WWTPs had negative effects on streams (positive 

effects on BI) at all distances upstream of sampling locations (1, 5, 10, and 20 km), but these 
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effects reduced substantially as the distance upstream increased from 1 to 5 km (+0.85 to +0.48 

BI; Table S2).  

The natural auxiliary stressor that improved (i.e., reduced) BIC the most was underlying 

geologic soil conditions (as a random effect; Table 5). A seasonal categorical variable and a 

quadratic relationship with antecedent precipitation (in previous 3-months) also improved the 

baseline model implying that optimum rainfall for stream health is 0.37 m (i.e., 80th percentile).  

Table 5: Best performing candidate predictor from each variable class, as determined by 

auxiliary stressor models, along with corresponding model coefficients. ΔBIC (Bayesian 

Information Criterion) represents the difference in BIC achieved by adding the auxiliary stressor 

to the baseline model (lower is better). The number in parentheses for hydro-climatological 

conditions is the second order coefficient in the quadratic relationship. Coefficients for the 

seasonal effect include winter, spring, and fall, as compared to the baseline of summer. Units for 

coefficients are 𝛥 BI/unit of predictor; categorical variables are marked with an asterisk (*). The 

mean and standard deviation of the normal hyperdistribution (N(µ,σ)) are presented for the soil 

random effects. The last column includes coefficients for the multi-stressor model, with some 

variables being parsed out due to non-significant relationships (p>0.05). 

Variable class 
Best candidate  

 predictor variable 

 

Auxiliary model 

coefficient  

 ΔBIC 

 

Multi-stressor 

coefficient  
Age of construction Pre-1980 IC (log percent) 0.27 -33.3 0.13 

Agriculture Percent of watershed (log) 0.0084 -18.8 - 

Hydro-climatological 

conditions 
3-Month precipitation (m) -3.4 (4.6) -33.9 -3.2 (4.1) 

Canopy loss Percent of stream buffer (log) 0.43 -106.6 0.44 

Drainage area Area less than 7.7 km2* -0.22 -6.1 - 

Elevation Elevation (m) -0.0008 -25.9 - 

Season 4 Seasons* -0.11,-0.17,0.15 -32.5 -0.24,-0.24,0.05 

Soil conditions 10 Soil regions* N(0,0.45) -152.6 N(0,0.41) 

Upstream reservoirs Reservoir within 5 km* 0.33 -10.3 0.36 

Upstream WWTP Major WWTP within 1 km* 0.85 -21.3 0.65 

Wetlands Percent of stream buffer (log) 0.13 -12.5 - 

Year Year of sample (yr) -0.013 -80.1 -0.010 

 

Low levels of precipitation (0.16 m; 5th percentile) would raise BI scores 0.20 on average while 

elevated levels of precipitation (0.49 m; 95th) would increase BI by 0.07. Finally, a long-term 

temporal trend (-0.010 BI/year) increased model fit implying that stream health has been 
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improving slightly throughout the study period. Variable classes with no candidate predictors 

that improved the baseline model are omitted from Table 5 (i.e., recent construction, collecting 

agency, etc.). Auxiliary stressor model results for all candidate predictor variables are presented 

in Table S2. 

3.3. Multi-stressor model 

The best performing candidate predictors (i.e., auxiliary stressors) from each variable 

class were combined with the baseline model to create a multi-stressor model. Backwards 

variable selection was performed to parse out insignificant coefficients, leaving 8 of the 12 

candidate auxiliary predictors (Table 5). The multi-stressor model explained 76% of the variation 

(R2) in BI, an 11% increase from the baseline model. If site random effects were included, 92% 

of the variation in BI was explained, though site random effects would be unknown if predicting 

at new sites. Coefficients in the multi-stressor models were consistent in sign with the baseline 

and auxiliary stressor models, but some coefficients were reduced in magnitude (Table 5). In 

particular, the coefficient for IC lowered from 0.65 in the baseline model to 0.31 in the multi-

stressor model as other predictors accounted for more of the variability in BI (Table 4, S3). The 

coefficient for pre-1980 IC is understood in combination with the coefficient for the log of 

watershed IC (at time of sample). Both being selected in the model implied that the effect of pre-

1980 construction was the combination of the two coefficients (i.e. 0.31 + 0.13 = 0.44), while the 

effect for post-1980 IC was only related to the coefficient for the log IC (0.31). On average, this 

implied that post-1980 IC affected stream health 30% less than pre-1980 IC. 

Different sampling methods (full scale, EPT, and Qual 4) and seasonal offsets were 

included as categorical variables in the multi-stressor model. The EPT sampling method resulted 
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in significantly lower BI scores (-0.90 BI; Table S3) than the full scale method, while Qual 4 

scores were slightly lower (-0.05; Table S3) but not statistically significantly different from full 

scale method. Seasonal offsets were compared to the summer sampling season in NC for 

macroinvertebrates (June – Sept) as a baseline. Stream health based on BI improved in both 

winter and spring (-0.24 for both) while it declined in fall (+0.05), though this coefficient was 

not statistically different than summer. 10 different geologic regions were modeled by the soil 

random effects and their values ranged from -0.59 (Smith River Allochthon) to +0.70 (Triassic 

soils; Table S1). The y-intercept for the multi-stressor model was 4.48. 

The influence of each predictor and random effect in the multi-stressor model was 

calculated as the magnitude of the SD of its contribution to BI (see Methods 2.4.3; Fig 2). The 

two largest deterministic predictors of variation in BI, log of watershed IC (0.33 BI) and the 

sample method (0.38 BI) were both in the baseline model (Eq. 1). Other anthropogenic sources 

of variation in BI came from pre-1980 IC, canopy loss in stream buffers, major WWTPs, and 

reservoirs. Some predictors (e.g., WWTP within 1 km and reservoirs within 5 km) contributed 

smaller amounts to BI because they did not affect many sites in the dataset. However, the 

magnitude of WWTP and reservoir coefficients (+0.65, +0.36, respectively; Table 5), indicated 

the substantial negative influence they can exert when present. The largest natural factor 

affecting BI was the geologic soil condition followed by seasonal adjustments and antecedent 

precipitation. Site random effects also explained a substantial portion of BI variation (0.39 BI) 

implying there are other site specific factors not accounted for by predictors used in this model. 

Model residuals, which largely explain temporal variability at site locations, also contributed a 

substantial portion to BI (0.39 BI).  
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The effect of IC and canopy loss were both calculated on a per hectare basis to compare 

their relative impacts on stream health. The average watershed size in this study was 5500 

hectares and the average size of stream buffers was 700 hectares. Using multi-stressor model 

coefficients, the expected Δ BI based on hectares of impervious cover (IC) added to upstream 

watersheds or canopy removed from stream buffers was calculated (Fig 3). On a per hectare 

basis, canopy loss in stream buffers is 2 to 9 times more harmful to stream health than adding IC 

to the overall watershed, depending on how much development has already occurred. 

 

 

Figure 2: Relative importance of predictor variables, site random effects, and model residuals 

based on the standard deviation (SD) of their contribution to the biotic index (BI) across all 

observations. 95% error bars reflect the uncertainty in model coefficients, where applicable. 

Hollow represents variables that have negative relationships with BI (i.e., better stream health), 

while grey represents the opposite. Striped bars reflect variables with three or more categories, 

which are not exclusively positive or negative. 
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Figure 3: Expected biotic index (BI) change based on hectares of impervious cover (IC) added 

to upstream watersheds or canopy removed from stream buffers. For the watersheds in this study, 

the mean stream buffer area was 700 hectares, while the mean upstream watershed was 5,500 

hectares. 95% confidence intervals are presented for each variable. 

 

Predicted BI scores for the region were split into a deterministic portion (Fig 4A) and site 

random effects (Fig 4B). The deterministic portion represents the expected ecological health at a 

location based on known upstream watershed characteristics, while site random effects account 

for other sources of spatial variation not accounted for in our model. In general, a low (i.e., 

negative) site random effect implies that the site is in better ecological condition than would be 

expected based on the known predictors, while a high site random effects suggests worse-than-

expected ecological health.  
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Figure 4: Predicted Biotic index (BI) for sites based on deterministic parts of the multi-stressor model 

(A) and site random effects (B). A zoomed in view of south Greensboro NC (C) combines predicted BI 

(left semicircle) and site random effects (right semicircle). Positive random effects imply ecological 

health is worse than expected based on deterministic predictions, while negative random effects suggests 

the opposite.  

3.4. Model diagnostics 

A 3-fold cross validation was applied to test the robustness of the multi-stressor BI 

model. The R2 for validation predictions (0.653) had a moderate reduction from the multi-

stressor model calibrated to the full dataset (0.756), while MAE increased slightly (0.468 to 

0.557; Table S3). Model coefficients did not vary greatly or change sign across the three folds, 

indicating robust performance and parameterization. 3-month precipitation coefficients showed 

the most variation in cross validation, maybe due to the lack of spatial precision in precipitation 

estimates. VIF was also calculated and no predictor variables had a value above 10, implying 

that multi-collinearity was mild and should not strongly affect model parameterization (Table S3; 

Kutner et al. 2005).  
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4. Discussion  

The goal of this study was to identify natural and anthropogenic factors that relate to 

stream health while rigorously quantifying other sources of variability (e.g., sampling procedures 

and site variation) using hierarchical MLRs. Initially, a baseline model was constructed using the 

best representation of IC (log of watershed IC) along with site random effects and a categorical 

variable for the sampling method (Table 4). Then, additional candidate predictors were tested as 

auxiliary stressors (Table S2) and combined to create a multi-stressor model for BI (Table 5; S3). 

The multi-stressor model allowed us to compare the impact of predictor variables on BI as well 

as quantify differences in sampling procedures, geologic soil regions, and seasonal offsets. 

Various empirical approaches have been used to model macroinvertebrate communities before 

including: regression modeling (Schueler 1994, Strayer et al. 2003, Paul et al. 2009, Cuffney et 

al. 2011a, Kushaba et al. 2011, Bellucci et al. 2013), multivariate modeling (Wright 1995, 

Hawkins et al. 2000, Clarke et al. 2003), and machine learning techniques (Hill et al. 2017). 

These studies focused on the relationship between IC and stream health (Schueler 1994, Schueler 

et al. 2009), predicting stream health throughout large regions (Bellucci et al. 2013, Hill et al. 

2017), and determining standards to inform management of urban streams (Paul et al. 2009). Our 

work, however, is the first regional study to model macroinvertebrates using a hierarchical MLR 

approach to quantify and compare the magnitude of natural and anthropogenic stressor’s 

contributions to stream health. Using temporally specific predictor data allowed us to compare 

the effect of older vs. newer IC and hydro-climatological conditions on BI as well. Finally, we 

demonstrated how hierarchical models can identify potential restoration sites based on site-

specific deterministic predictions and site random effects (Fig 4). 
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4.1. Natural and anthropogenic predictors of ecological health 

4.1.1. Land covers 

Based on the baseline and multi-stressor models, IC in upstream watersheds and canopy 

loss in stream buffers were the two most important landscape variables associated with stream 

health. Baseline models (Table 4) indicated that IC has a saturating (log-transformed) 

relationship with BI, and that watershed-scale impervious cover was more influential than 

impervious cover in the (30 m) stream buffer alone. These findings support previous research 

showing small amounts of imperviousness can severely affect stream health (Cuffney et al. 2010, 

Vietz et al. 2014). In addition, this saturating relationship with IC generally supports the theory 

of Walsh et al. (2005), positing that streams degrade along an urbanization gradient until they 

reach a lower limit (i.e. maximum degradation). The log of canopy loss in stream buffers was the 

second most important land cover in the multi-stressor model and is associated with both urban 

and agricultural lands, as shown in the canopy cover MLR model (Section 2.3.1). Even small 

amounts of riparian removal can affect stream substrate, sedimentation levels (Richards et al. 

1996, Sutherland et al. 2002, Allan 2004), stream temperature (Pluhowski 1972, Beschta and 

Taylor 1988, LeBlanc et al. 1997), and negatively correlate to ecological stream health 

(Steedman 1988, Meador and Goldstein 2003). Our results indicate that the preservation of 

buffers in the entire upstream network may be an effective management strategy, especially in 

newly developing watersheds, as removing canopy in stream buffers impacts BI 2 to 9 times 

more per hectare than adding IC in watersheds (Fig 3).  

Land covers not selected in auxiliary and multi-stressor models are also of note. No land 

cover variables representing the “near buffer” improved model performance based on BIC. This 
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finding is consistent with previous research that has shown that riparian buffers at smaller spatial 

scales (e.g., reach or restoration sites) have not been consistently shown to correlate with 

increased biological health (Wahl et al. 2013) if large-scale watershed restoration is not also 

performed (Selvakumar et al. 2009, Matthews et al. 2010, Palmer et al. 2014). Also, though 

agriculture in upstream watersheds and wetlands in stream buffers were chosen in the auxiliary 

stressor models, both were parsed out of the multi-stressor model, implying these land covers 

have weaker relationships with BI in this region. Agricultural lands (crop and pasture) have been 

shown to degrade stream quality (Richards et al. 1996, EPA 2006, 2009, Cuffney et al. 2010, Hill 

et al. 2017), but ecological degradation has been more closely associated with highly elevated 

levels of croplands (Fitzpatrick et al. 2001, Allan 2004) rather than pasture lands which have less 

influence on stream health (Meador and Goldstein 2003, Strayer et al. 2003). Agriculture 

represented roughly 1/5 of land covers in this study (Table 3) and the majority (> 90%) was 

devoted to pasture rather than cropland. Wetlands, which represented a small fraction of land in 

upstream watersheds (< 1 % of watersheds and < 6% in stream buffers; Table 3) were identified 

in auxiliary stressor models as being negatively related to stream health, which is contrary to past 

studies (Table S2; Strayer et al. 2003, Bellucci et al. 2013). However, when all candidate 

predictor variables were included in the multi-stressor, the coefficient for wetlands switched 

signs. Though wetlands was eventually parsed from the multi-stressor model during backward 

variable selection for not being statistically significant, this sign change implies that wetlands 

might have a positive effect on stream health when other factors are accounted for. 
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4.1.2. Natural factors 

Variation in geologic soil condition was the largest natural contributor to BI in our study 

(Fig 2). Triassic soils were the most negatively related to stream health (+0.70, Table S1), while 

stream health in several soil groups (e.g., Sauratown Mountains. -0.57) was generally better. 

Sites that drained pre-dominantly Triassic soils also improved model fit as an auxiliary stressor 

(+0.42; Table 2, S2) but it did not improve the baseline model as much as including all 10 soil 

regions. This implies that though sites in the Triassic regions appear to have a negative 

relationship with stream health, as recognized by state monitoring protocols (NC DEQ 2016), 

this soil region is not an extreme outlier as compared to other regions in the NC Piedmont. In 

general, soil random effects reflect soil properties that may influence sedimentation and 

hydrologic properties of streams, but they might also capture some spatial variability in BI 

attributable to east-west environmental gradients in the NC Piedmont, such as temperature, 

slope, or elevation. Soil regions farther west generally had more negative coefficients, implying 

better stream health. Various antecedent hydro-climatological conditions (i.e., precipitation and 

drought indices), especially those calculated on time scales of 1 to 6 months, improved model 

performance based on BIC (Table S2). A quadratic relationship best fit the data implying that 

both low as well as high flows negatively affect stream health, consistent with past research 

(Fisher et al. 1982, Bunn and Arthington 2002, Boulton 2003, Lake 2003, Sponseller et al. 2010). 

Though the magnitudes of extreme low and high conditions (i.e. 5% and 95% percentile) were 

not large (+0.20, +0.07, respectively), inter-annual variability in precipitation is increasing over 

time in the Southeast United States (Laseter et al. 2012, Burt et al. 2018), implying that the 

negative impact of antecedent hydro-climatological conditions on stream ecology might increase 

in the future. 
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4.1.3. Upstream point sources 

Our multi-stressor model (Table 5) implied that both upstream reservoirs and major 

WWTPs negatively impact streams for localized areas (+0.36, +0.65, respectively; Table 5). 

Reservoirs are associated with altered stream ecosystems, probably attributable to altering 

natural flow regimes and reducing base flows through increased evaporation (Munn and Brusven 

1991, Monk et al. 2008, Dunbar et al. 2010, Lobera et al. 2017). However, positive relationships 

between reservoirs and stream health have been noted in certain US regions (Hill et al. 2017). 

Localized effects of WWTPs, possibly associated with chlorine residuals (Brungs 1973, Krasner 

et al. 2009) and/or nutrient loadings, have been shown to alter bacterial communities in streams 

(Wakelin et al. 2008) which consequently alter food webs and macroinvertebrate communities 

(Wallace et al. 1997, Webster et al. 1999). All spatial scales for major WWTPs tested as 

auxiliary stressors (presence of WWTP within 1, 5, 10, and 20 km upstream) had statistically 

significant negative relationships with stream health (+0.85, +0.48, +0.40, +0.38, respectively, 

Table S2). The declining trend in coefficient values shows the ability of streams to naturally 

mitigate the effects of WWTP discharges at scales less than those implied in previous studies and 

literature (Bartsch and Ingram 1966, Chapra 2008). Of note, coefficients for minor WWTPs were 

smaller in magnitude, and did not improve model performance based on BIC (Table S2). 

Similarly, the amount of wastewater per drainage area did not improve model performance 

(Table S2), implying that spatial proximity to large WWTPs might be more important to stream 

health than the percent of wastewater in streamflow. Both reservoirs and WWTPs are expected 

to have strong effects on downstream ecosystems (Mason 2002), but are often avoided and/or 

excluded as predictors in research by omitting data collected downstream of them (Cuffney et al. 

2010, Bellucci et al. 2013). In addition, when reservoirs and WWTP point sources have been 
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included as predictors in studies, they have not always been significantly related to downstream 

ecosystem health (Strayer et al. 2003, Miller et al. 2018), possibly due to the spatial resolution of 

data collection and their distance to sampling locations.  

 4.2. Temporal variation of IC  

Our approach contrasts with previous research focused on stream data collected over 

relatively short time periods (Richards et al. 1996, Cuffney et al. 2010, Belucci et al. 2013, Hill 

et al. 2017).  Here, we use consistent land cover data (NWALT; Falcone 2015) to model BI 

samples collected over a 30-year study period. Our multi-stressor model implied that pre-1980 

development affects streams 30% less than development before that date (Section 3.3). The 

reduced impact of newer (post-1980) IC on stream health may be attributable to state regulations 

focused on sediment control during construction, and the installations of BMPs to control runoff 

from developed land after the initial construction phase (e.g., detention ponds). Sediment control 

in NC began in the early 1970s with the Sediment Pollution Control Act of 1973 (NC DEQ 

2017a) and steadily improved throughout the 1980s (Howells 1990). Post construction rules 

(e.g., requiring permanent BMPs) began in the late 1990s on a voluntary basis and became 

mandatory in most NC cities by 2007 (USEPA 2005, NC DEQ, 2017b). Therefore the change in 

1980 is potentially attributable to construction sediment controls.  However, it is also possible 

that the effects of urbanization on streams can occur over several decades (Leopold et al. 2005), 

such that the reduction in stream health for more recent construction is yet to be fully realized. 

One limitation encountered in this study was that most sites had watersheds dominated by older 

construction, with very little IC constructed after 2000. More sampling in watersheds with 

substantial amounts of post-2000 construction are needed to empirically assess the impact of 

more recent development practices on BI.  
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4.3. Multi-stressor model and management implications 

A hierarchical framework allowed us to account for the intraclass correlation among 

samples collected at the same location (Gelman et al. 2014). Site random effects also offer a way 

to quantify variability across a large number of sites (1132 in this study), that may be related to 

factors for which we do not have reliable data, such as illicit dumping (Duda et al. 1982), leaking 

sewage infrastructure and septic systems (Paul and Meyer 2001, Walsh and Kunapo 2009), or 

excessive sedimentation during construction (Finkenbine et al. 2000, personal communication 

with Boyd Devane 2018). Alternatives to using a hierarchical framework could include modeling 

the mean or maximum BI value at each site as the response variable. These approaches, however, 

give equal weight to all sampling locations regardless of how many samples were collected, and 

would eliminate the ability to test for drivers of temporal variability in BI (e.g., age of 

construction and antecedent hydro-climatological conditions).  

Hierarchical modeling also creates interpretable location-specific outputs (i.e., site 

random effects, soil random effects) that may help address management questions (Fig 4). 

Practically, water quality managers are faced with the need to improve the ecological health of 

streams without knowing what the best possible conditions are for degraded urban areas (Paul et 

al. 2009, Paul 2015). Model predictions based on deterministic factors (i.e., IC, canopy loss in 

the stream buffer, reservoirs; etc. Fig 4A) represent the expected conditions for a site based on 

watershed characteristics, and these predictions can identify sites that fall within a desired range 

for restoration activities. Site random effects then indicate whether those sites are in better or 

worse ecological condition than expected based on the deterministic factors (Fig 4B). In this 

way, a manager can prioritize sites based not just on their expected condition, but also how much 

they currently deviate from that condition. Only sites where sampling data was available have 
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site random effects in this study, but a pseudo site random effect could be obtained for new sites 

by sampling them and comparing that value to their deterministic prediction. If sampled once, 

the difference between the sampled BI and the predicted BI would represent the site random 

effect and the residual together. If sampled repeatedly, the average difference essentially reflects 

the site random effect. Restoration could proceed by first addressing degradation that comes 

from deterministic factors (e.g., increasing riparian buffers and disconnecting or otherwise 

mitigating IC). Then, more site-specific examinations can be performed for sites with highly 

positive site random effects to identify additional factors that might also be addressed. Sites with 

deterministic components that cannot be mitigated and that have highly negative site random 

effects (i.e., better stream health than expected) would likely be poor candidates for restoration, 

as there may not be a realistic expectation of improvement. In addition, these sites with large 

negative random effects can be studied to better understand the reasons for the better than 

expected stream health. Within and around municipal areas, the ability to identify sites near the 

state criterion (i.e., BI = 6.49 for NC) that can be improved either through mitigating fixed 

effects (e.g., IC, canopy loss) or identifying and mitigating factors associated with site random 

effects may be beneficial for city managers. In this study area, 27% of sites are predicted to be 

within 0.50 BI of the state criterion, and of those sites, 24% have site random effects above 0.25, 

12% above 0.50, and 7% above 0.75. 

Model coefficients can also be analyzed to help inform classification protocols for BI 

samples. Several predictors (e.g., sites smaller than 7.7 km2, sites in Triassic soils) were created 

and tested specifically because they are special designations used by NC DEQ to modify 

bioclassification calculations. The multi-stressor model indicates that EPT sampling methods 

produce much lower BI scores (-0.90; Table S3) than full scale sampling, while Qual 4 
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techniques did not lead to statistically different scores. This suggests it may be reasonable to treat 

full scale and Qual 4 samples as equivalent when performing bioclassification of streams. As 

discussed earlier (see section 4.1.2), geologic soil groups had large effects on BI (Table 5, S1). 

At present, NC DEQ does not assign bioclassifications to sites in predominantly Triassic regions, 

but perhaps its soil random effect (+0.70; Table S1), or the Triassic soil auxiliary stressor 

coefficient (+0.42, Table S2) can be starting points for providing meaningful classifications in 

these areas. More generally, all Piedmont sites (not in the Triassic basins) are currently classified 

without consideration of their geologic condition. The multi-stressor model can predict the 

expected BI of reference conditions (i.e., minimally disturbed conditions; Stoddard et al. 2006) 

for each geologic region. To estimate the summer BI for a full scale sample, all anthropogenic 

values and site random effects can be set to zero leaving the intercept, previous precipitation, 

year (2018), and the soil random effect. For a mean value of precipitation, (0.30 m in the past 3 

months), the predicted BI would be 3.71 + αsoil (Table S1). Sampling of reference sites in each 

geologic region could help confirm the random effects found in this study, and might lead to 

different bioclassification standards for each geologic region.  

4.4. Summary and future directions 

This study identified major natural and anthropogenic stressors related to the ecological 

health of wadeable streams in the NC Piedmont using hierarchical MLRs. The log percent of IC 

was able to explain 65% of the variation in BI as a baseline model, while a multi-stressor model 

explained 76% of the variation and provided insights into other factors controlling BI. Model 

results imply that watershed IC and canopy removal in stream buffers are the two largest 

anthropogenic sources of stream degradation, and recent construction (post-1980) impacts stream 

health 30% less than older development (pre-1980; Fig 2, 3). In addition, a slight but significant 



   

62 

 

overall improvement in stream health (-0.010/year) over the last 30 years was observed, 

independent of the temporal variability in other predictors. Also, upstream reservoirs and major 

WWTPs had large localized effects on stream health, while soil conditions, seasonal offsets, and 

antecedent precipitation were also significant predictors. Though our study focused on the NC 

Piedmont, this hierarchal MLR approach demonstrates an accessible and computationally 

tractable way to model multi-decadal regional datasets within a rigorous statistical framework 

that accounts for intra-class correlation (i.e., repetitive sampling of data at sites) and temporal 

changes in land covers. Because sites were located coarsely throughout the study area, spatial 

correlation among random effects was not expected or observed to be strong (e.g., Fig 4B), 

though the potential benefits of using more complex and computationally intensive approaches to 

modeling spatial correlation could be considered in future research (Hoef et al. 2014, Isaak et al. 

2014). State and federal agencies have collected large amounts of macroinvertebrate and water 

quality data over the past few decades, and the ability to efficiently leverage these datasets to 

identify region-specific natural and anthropogenic stressors could help inform regional 

management decisions.  

Site random effects explained 16% of the variance in BI in the multi-stressor model 

implying there are additional spatial drivers of stream health beyond the predictor variables 

available here. Downscaling this study to focus on a particular city or region where more detailed 

watershed data (e.g., sewage infrastructure, BMP installations) are available, might help to 

further refine our understanding of factors influencing BI variation. Alternatively, water quality 

variables (e.g., specific conductance, dissolved oxygen, total nitrogen), which have been related 

to ecological health in previous assessments (USEPA 2006, 2016, Cuffney et al. 2010), might 

also be useful predictors within the hierarchical MLR. This study did not consider water quality 
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sampling variables as they were unavailable for the majority of BI observations. More detailed 

and comprehensive predictor datasets could help shift statistical inference from proximate causes 

of BI degradation (e.g., IC, buffers, WWTPs) to more direct causes (e.g., temperature, 

sedimentation, toxicity). 
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Figure S1: NC Piedmont with major geologic regions and BI sampling locations. 
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Figure S2: Histogram of drainage areas for macroinvertebrate sampling locations. 1,132 

sampling locations with drainage areas less than 500 km2 were used for model construction. 71 

locations above 500 km2 (296 samples) were removed. 
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Table S1: Summary statistics for 10 geologic regions including: number of samples, mean 

elevation, impervious cover (IC), and biotic index (BI). Soil random effects from the multi-

stressor model are also presented. The NC Piedmont is shown by region below where circles 

represent NC DEQ sampling locations and squares are city sampling locations. 

 

Geologic Soil  
# of  

samples 

Mean Random effect 

multi-stressor 

model 
Elevation 

(m) 

Impervious 

 (percent) 
BI 

Carolina Slate Belt 1069 44.8 .03 5.78 0.28 

Charlotte Belt 826 58.2 .11 6.62 0.26 

Triassic Basins  272 25.4 .08 6.79 0.70 

Eastern Slate Belt 16 20.7 .02 5.05 -0.01 

Inner Piedmont 299 75.3 .02 4.98 -0.39 

Kings Mountain Belt 102 64.1 .04 5.80 0.07 

Milton Belt 76 60.3 .05 5.78 0.00 

Raleigh Belt 343 23.2 .06 6.07 0.23 

Sauratown Mountains 

Anticlinorium 
112 83.3 .01 

4.31 
-0.57 

Smith River Allochthon 12 80.4 .004 3.95 -0.59 
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Table S2: All candidate predictor variables and their corresponding auxiliary stressor model 

coefficients. Starred coefficients (*) are not significant at the 95% confidence level. The best 

predictor variable from each variable class was included as candidate for the multi-stressor 

model, provided it lowered BIC by at least 6. “X” denotes predictors that met the BIC criteria 

and remained in the multi-stressor model (Table 5; Figure 2), while “x” denotes predictors that 

met this criteria but were then parsed out of the multi-stressor model due to not being significant 

at the 95% level.  
 

Variable 

Predictor Class Candidate predictor variable 
Linear  

coeff. 

Quad. 

 coeff. 

Δ BIC 

from 

 baseline 

model 

Candidates 

for multi-

stressor 

model 

Age of 

Construction 

Impervious cover (pre 1974) 0.24   -28.8   

Impervious cover (pre 1980) 0.27   -33.3 X 

Impervious cover (pre 1990) 0.31   -30.3   

Impervious cover (pre 2000) 0.40   -12.3   

Agriculture 

% Agriculture watershed 0.008   -18.8 x 

% Agriculture stream buffer 0.012   -17.1   
% Agriculture near buffer 0.001*   7.5   

% Agriculture watershed (log) 0.09   -8.2   

% Agriculture stream buffer (log) 0.10   -11.3   

% Agriculture near buffer (log) 0.01*   7.6   

Antecedent 

Hydro-

Climatological  

Conditions 

Precipitation (previous month) -0.89   -13.7   

Precipitation (previous 3 months) -0.39   -8.0   

Precipitation (previous 6 months) -0.12*   4.8   

Precipitation (previous 12 months) -0.12   1.1   

Precipitation (previous 24 months) -0.04*   7.3   

Drought index (previous month) -0.007*   7.4   

Drought index (previous 3 months) -0.04   -15.5   

Drought index (previous 6 months) -0.03   -12.4   

Drought index (previous 12 months) -0.02   -0.3   

Drought index (previous 24 months) -0.01   6.4   

Precipitation (previous month; quad.) -2.9 8.0 -13.5   

Precipitation (previous 3 months; quad.) -3.4 4.6 -33.9 X 

Precipitation (previous 6 months; quad.) -1.8 1.3 -5.1   

Precipitation (previous 12 months; quad.) -1.9 0.74 -14.2   

Precipitation (previous 24 months; quad.) -1.3 0.28 10.5   

Drought index (previous month; quad.) -0.01* -0.01 13.9   

Drought index (previous 3 months; quad.) -0.04 0.01 -16.3   

Drought index (previous 6 months; quad.) -0.05 0.02 -27.0   
Drought index (previous 12 months; quad.) -0.02 0.01 -1.6   

Drought index (previous 24 months; quad.) -0.004* 0.01 11.5   

Canopy Loss 

% Canopy loss watershed 0.01   -25.2   

% Canopy loss stream buffer 0.02   -55.4   
% Canopy loss near buffer 0.00   -17.8   

% Canopy loss watershed (log) 0.35   -66.2   
% Canopy loss stream buffer (log) 0.42   -104.5 X 

% Canopy loss  near buffer (log) 0.10   -30.3   

Collecting 

Agency 

Random effect for 6 agencies -   8.8   

Categorical variable for 6 agencies -   28.8   
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Table S2 (continued) 

 

Drainage area 
Drainage 0.0006   3.0   

Less than 7.7 km2 -0.22   -6.1 x 

Elevation Elevation -0.0080   -25.9 x 

Recent 

Construction 

% Impervious watershed (in last 2 yrs, 

linear) -0.18*   7.7   

% Impervious 30m buffer (in last 2 yrs, 

linear) -0.20*   7.6   

% Impervious near buffer (in last 2 yrs, 

linear) 0.17*   4.9   

% Impervious watershed (in last 5 yrs, 

linear) -0.12*   7.4   

% Impervious 30m buffer(in last 5 yrs, 

linear) -0.12*   7.4   

% Impervious near buffer(in last 5 yrs, 

linear) 0.15*   4.6   

% Impervious watershed (in last 2 yrs; log) -0.15*   7.7   

% Impervious 30m buffer (in last 2 yrs; log) -0.16*   7.6   

% Impervious near buffer (in last 2 yrs; log) 0.12*   4.4   

% Impervious watershed (in last 5 yrs; log) -0.08*   7.5   

% Impervious 30m buffer(in last 5 yrs; log) -0.09*   7.5   

% Impervious near buffer(in last 5 yrs; log) 0.11   3.7   

Season Categorical variable for 4 seasons (w,sp,f)      -32.5 X 

Soil conditions 

Categorical variable for 10  geologic regions -   -122.0   

Random effect for 10  geologic regions N(0,0.45)   -152.6 X 

Triassic soils draining < 428 km2 0.42   -17.5   

Upstream 

Reservoirs 

Reservoir (within 1 km) 0.31   -0.2   

Reservoir (within 5 km) 0.33   -10.3 X 

Upstream 

WWTPs 

Major WWTP (within 1 km) 0.85   -21.3 X 

Major WWTP (within 5 km) 0.48   -16.8   

Major WWTP (within 10 km) 0.40   -13.1   

Major WWTP (within 20 km) 0.38   -12.7   

Minor WWTP (within 1 km) 0.33   1.7   

Minor WWTP (within 5 km) 0.13*   3.8   

Minor WWTP (within 10 km) 0.04*   6.9   

Minor WWTP (within 20 km) 0.06*   6.3   

Wastewater/Drainage Area (m3/day*km2) 0.03   -0.4   

Wetlands 

% Wetlands watershed 0.12   -7.5   

% Wetlands stream buffer 0.02   -3.1   
% Wetlands near buffer 0.00   -8.1   

% Wetlands watershed (log) 0.27   -10.6   

% Wetlands stream buffer (log) 0.13   -12.5 x 

% Wetlands near buffer (log) 0.06   -5.4   

Year Year of Macroinvertebrate sample -0.013   -80.1 X 
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Table S3: Cross validation results for the multi-stressor model. Coefficients for the 

parameterization of each fold are shown on the left (along with the mean of all 3 folds). On the 

right, the coefficients for the multi-stressor model calibrated with the full dataset is shown with 

their VIFs. R2 and mean absolute error (MAE) are shown for the deterministic parts (i.e., without 

site random effects) of each fold. 
 

Predictor Fold 1 Fold 2 Fold 3 Mean Full dataset VIF 

Impervious cover (pre 1980) 0.11 0.15 0.12 0.13 0.13 5.3 

Impervious cover (watershed) 0.33 0.27 0.33 0.31 0.31 7.0 

Lake 5 km 0.32 0.39 0.35 0.35 0.36 1.1 

WWTP 1 km 0.69 0.62 0.63 0.65 0.65 1.0 

Canopy Loss (buffer) 0.41 0.51 0.39 0.44 0.44 2.1 

Year -0.01 -0.01 -0.01 -0.01 -0.01 1.3 

Antecedent Climate (3 month Prec.) -4.19 -2.47 -2.76 -3.14 -3.10 1.1 

Antecedent Climate (squared) 5.58 3.02 3.61 4.07 4.10 - 

EPT sampling -0.96 -0.89 -0.91 -0.92 -0.90 1.5 

Qual 4 sampling  -0.15 0.06 -0.02 -0.04 -0.03 1.5 

Fall 0.03 0.05 0.08 0.05 0.05 1.4 

Spring -0.21 -0.23 -0.25 -0.23 -0.24 1.4 

Winter -0.26 -0.25 -0.21 -0.24 -0.24 1.4 

R2 0.651 0.644 0.667 0.654 0.754 
 

MAE 0.559 0.564 0.550 0.558 0.467  
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Chapter 3: Forecasting water quality in urban streams under future management 

scenarios through hierarchical modeling 

Abstract 

Wadeable streams are an integral part of our environment and their water quality is 

reflected by a myriad of indicators that fluctuate due to various natural and anthropogenic 

factors. Though state, federal, and local monitoring data has become abundant in the recent 

decades, statistical frameworks are needed that can leverage these large data sources to 

statistically infer relationships between upstream watershed stressors and in-situ water quality in 

order to assess current risks to aquatic systems as well as design management strategies that 

might improve future conditions. Here, we use hierarchical multiple linear regression (HMLR) 

models to identify major natural and anthropogenic drivers of water quality indicators: biotic 

index (BI), fecal coliform (FC), turbidity (TDU), total nitrogen (TN), total phosphorus (TP), and 

specific conductance (SC); and predict their values throughout the Upper Neuse River Basin 

(UNRB). HMLR is a flexible modeling approach that can control for variability that occurs 

within grouped data (i.e., sites or basins), allowing the inclusion of data with spatial and intra-

class correlations. Short and long-term hydro-climatological conditions and spatially intensive 

point source data (i.e., wastewater loadings) were important predictors of water quality 

indicators, as well as canopy loss in buffers, crop, and impervious cover (IC) in watersheds. 

Temporally specific data allowed us to compare the effect of recent construction as well as older 

vs. newer IC on water quality indicators. BI is mostly affected by upstream land covers (IC and 

canopy loss in stream buffers), FC and TDU are driven by natural factors (e.g., short-term 

precipitation), and TN, TP, and SC are best explained by point sources in the UNRB. Five 

potential management scenarios were evaluated and compared to current conditions under 
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different hydro-climatological conditions. Restoring canopy cover in stream buffers improved 

water quality more than mitigating IC or reducing WWTPs for all indicators except TDU. 

Identifying and mitigating causes of water quality variation across basins and sites (i.e., site and 

basin random effects) was the most impactful scenario. Uncertainty in water quality forecasts for 

the UNRB showed that BI, TN and FC would be the indicators most likely to show observable 

differences post-restoration. 
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1. Introduction 

Water quality in streams and rivers throughout the world is degraded by various 

anthropogenic sources including increased nutrients, agricultural and urban land covers, water 

chemistry alterations, habitat changes and water allocation (Malmqvist and Rundle, 2002; Hering 

et al. 2006; Dudgeon et al. 2006) In the US, over 45% of streams in 2009 were in poor biological 

condition, more than 40% exceeded federal nutrient levels, 15% have elevated streambed 

sediments, and over 20% exceeded federal bacteria levels posing a risk to human health 

(USEPA, 2016). Though some improvements in stream quality have been observed compared to 

the early 2000s (e.g. less riparian disturbance), many water quality indicators have degraded 

further (e.g. 9% fewer streams in good biological condition, 14% more streams identified for 

elevated nutrients; USEPA, 2006; 2009; 2016).  

Stream biological condition, as evaluated by their macroinvertebrate community, is often 

considered the most integrative indicator of stream health (EPA 2009) and is generally degraded 

by stressors from two sources: urbanization or impervious cover (IC; Schueler, 1994; Schueler et 

al., 2010; Vietz et al., 2014) and agricultural land uses (Richards et al., 1996, EPA 2006, 2016; 

Cuffney et al., 2011). The degradation of stream biological conditions due to watershed stressors 

occurs in small stream networks (Paul and Meyer, 2001; Walsh et al., 2005) up to regional 

estuary systems (Miller et al., 2018). Other water quality indicators commonly monitored in 

wadeable streams include nutrients, turbidity (or sediments), and bacteria levels. Elevated 

nutrients levels have been correlated with net anthropogenic nitrogen inputs and variations in 

precipitation across multiple scales (Howarth et al., 2012; Sinha and Michalak, 2016; Strickling 

and Obenour, 2018). Elevated nitrogen and phosphorous export associated with non-point 

sources such as crop, pasture, and urban lands (Beaulac and Reckhow, 1982; Alexander et al., 
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2002; Alexander et al., 2007) can elevate nutrient levels as to impair streams (USEPA, 2006; 

EPA, 2016). Point sources such as NPDES dischargers and livestock facilities can also 

contribute substantially to nutrient loading (Strickling and Obenour, 2018; Tchobanoglous et al. 

2003). Stream sedimentation is associated with new construction activities (Finkenbine et al., 

2000), reduction of riparian buffers (Richards et al., 1996; Sutherland et al., 2002; Allan 2004), 

and elevated flows associated with urbanization (O Driscoll et al., 2010). Excessive stream 

sedimentation can blanket the hyporheic zone and destroy habitat for macroinvertebrate species 

and stream fauna. Elevated concentrations of bacteria, such as fecal coliform (FC), have been 

found near urban areas and attributed to runoff and septic leakage into streams (Kelsey et al., 

2002; Walsh and Kunapo, 2009; Gentry-Shields et al., 2012). In addition to anthropogenic 

sources, antecedent and extreme precipitation events affect nutrients, turbidity (or sediments), 

and bacteria levels as well (Herlihy and Sifneos, 2008; Sinha and Michalak, 2016).  

Efforts to protect or improve water quality in the US have focused on restoration 

activities for degraded streams and management activities to address future construction 

activities (USEPA, 2005). Over $14 B was spent on restoration efforts from 1990 to 2005 

(Bernhardt et al., 2005), and the cost of retrofitting water quality controls in only one 

metropolitan area (Atlanta) was estimated at $1.5 B (Sample et al., 2003). Though early 

measures of restoration success for water quality improvements have been limited due to a lack 

of pre- and post-monitoring (Bernhardt et al., 2005; Brooke and Lake, 2007), more recent studies 

have shown some limited success (Palmer et al., 2014). One reason for little observed 

improvements might be the dominant effect that large-scale watershed factors have on stream 

quality relative to local effects (Selvakumar et al., 2009; Matthews et al., 2010; Stoll et al., 

2016). Most restoration activities occur at the stream reach level, and do not address catchment-
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wide efforts that would involve more resources and coordination (Walsh et al., 2016) limiting 

their ability to mitigate the most critical water quality issues (Bernhardt and Palmer, 2007; 

Palmer et al., 2010; Ernst et al., 2012).  

Empirical models have been widespread in water quality modeling to determine 

statistical relationships between variables that are assumed to have a mechanistic connection 

(Mays 2010; Wilson 2016). Regression modeling has been used extensively to relate different 

spatial scales of upstream land covers to stream health (Strayer et al., 2003; Schueler et al. 2009), 

predict ecological health throughout larger stream networks (Belucci et al., 2013), and compare 

regional differences in the effect of land use covers on macroinvertebrate communities (Cuffney 

et al. 2010; Qian et al. 2010; Miller et al. In review). More recently, machine learning 

techniques, such as random forests (Breiman, 2001), have been used for large-scale predictive 

studies focused on estimating baseline water quality conditions for specific conductance and 

nutrient levels (Endries, 2011; Olson and Hawkins, 2012; Olson and Hawkins, 2013; Hill et al., 

2017). These techniques use classification and regression trees to make predictions which can 

account for non-linear relationships and interactions between predictors. Though, machine 

learning techniques have good predictive ability (Evans and Cushman, 2009; Evans et al., 2011), 

they are considered “black box” methods that cannot easily answer questions about the 

magnitude of relationships between predictors and response variables.  

Hierarchical modeling is an extension of regression modeling that offers a flexible 

framework for including grouped data and has become increasingly common in ecological 

studies (Clark and Gelfand, 2006; Bolker et al., 2009), including linking the biological 

conditions of streams and estuaries to upstream watershed conditions across regional datasets 

(Qian et al., 2010; Cuffney et al., 2010; Miller et al., 2018). Hierarchical models use “random 
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effects” to determine the hyperdistribution of group-level factors (e.g., sampling locations, 

watershed, etc.). Random effects allow for more flexibility than SLR and MLRs as these random 

effects can account for intra-class correlation of data allowing the inclusion of repeatedly 

sampled data from a location. They can also incorporate data from sites that are hydraulically 

connected and possibly spatially correlated by considering them to be part of the same group 

(Gelman and Hill 2006; Gelman et al., 2014). Previous predictive models (Hill et al., 2017) have 

discussed how regional models lost predictive power when joined together to create one global 

model for the US, which highlights the need for modeling approaches that can leverage all 

available data while addressing variation within and across regions (e.g., eco regions, geologic 

soil type, watersheds). 

The aim of this study is to identify natural and anthropogenic drivers of 6 major water 

quality indicators: biotic index (BI), fecal coliform (FC), turbidity (TDU), total nitrogen (TN), 

total phosphorus (TP), and specific conductance (SC). Using the NC Piedmont for inference, 

mean water quality conditions were then forecast probabilistically for the Upper Neuse River 

Basin (UNRB), a major Piedmont basin. To accomplish this, we leveraged over 90,000 water 

quality samples from a 17-year study period demonstrating the first use of a hierarchical multiple 

linear regression (HMLR) approach that can accommodate intra-class correlation of repeatedly 

sampling data at monitoring sites. By including temporally varying data, we rigorously tested the 

importance of temporal predictors such as short and long-term hydro-climatological conditions 

and changing land covers (IC). Mean water quality conditions for the UNRB were forecasted for 

potential management scenarios under different hydro-climatological conditions. Finally, 

uncertainty due to HMLR coefficients and errors was used to assess the probability of observing 

water quality improvements during post-restoration monitoring. 
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2. Methods 

This study used HMLRs to model six water quality indicators (i.e., BI, FC, TDU, TN, 

TP, and SC) using data from the North Carolina (NC) Piedmont and builds upon methodology 

already established in Miller et al. (In review) that focused exclusively on BI. Initially, candidate 

predictors from 16 variable classes were evaluated separately and compared to a baseline model 

using an information criterion approach (see section 2.3, 2.4). Then, HMLRs for each indicator 

were developed using candidate predictors that improved baseline model performance. Predictor 

variables were then ranked based on their contribution to the variation in water quality indicators 

(see 2.5). Water quality predictions throughout the Upper Neuse River Basin (UNRB) were 

made for current conditions under different hydro-climatological conditions, and then forecast 

for potential management scenarios to evaluate potential improvements in water quality (see 2.6, 

2.7).  

2.1. Study Area 

Water quality data were collected from wadeable streams throughout the NC Piedmont 

region (Figure 1a), which encompasses six hydrologic units at the sub-basin level (United State 

Geological Survey (USGS) Hydrological Unit Code 8): Neuse, Cape Fear, Tar-Pamlico, 

Roanoke, Yadkin-Pee Dee, and Santee Rivers (Figure 1A), and nine major geologic regions: 

Raleigh Belt, Carolina Slate Belt, Kings Mountain Belt, Inner Piedmont, Milton Belt, Charlotte 

Belt, Sauratown Mountains Anticlinorium, Smith River, and the Triassic Basin (NC Geological 

Survey 2009; Fig S1). “Wadeable” streams were defined as NHD stream reaches (Moore and 

Dewald, 2016) that drain between 2 and 500 km2 at their outlet. Stream segments that drained 

less than 2 km2 were assumed to be intermittent and excluded from the study while those over 

500 km2 approximate 5th order streams that are generally considered to be unwadeable (USEPA, 
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2006; Pierson et al., 2008). Elevations for water quality sampling locations in the NC Piedmont 

ranged from 34-546 m above sea level. 

Water quality predictions were then made for wadeable streams in the non-Coastal Plains 

portion of the UNRB (Figure 1B; HUC 8-030201; USGS), a rapidly developing watershed in the 

NC Piedmont (Strickling and Obenour 2018). The northern portion of the UNRB drains into 

Falls Lake, a major drinking water source for Raleigh, NC. Falls Lake has been impaired due to 

elevated levels of chlorophyll-a since 2008, and has excessive turbidity in its northern portions 

(NC DEQ 2018a). Two quickly expanding urban areas are located within the UNRB, Raleigh 

and Durham, along with several smaller municipalities. 28% of UNRB stream reaches drain 

basins with over 10% IC, 20% of reaches drain basins with over 30% pasturelands, and 7% of 

reaches have some amount of wastewater flow. We created a prediction grid throughout UNRB 

streams where predictor data was compiled to make water quality forecasts (Fig S2). Each point 

on this grid corresponded to the midpoint of one wadeable NHD stream reach (1,423 reaches, 

2,155 km of streams; Moore and Dewald, 2016). Watershed delineations and land cover 

processing was performed using Spatial Analyst tools within ArcGIS 10.3 (Esri 2015). The main 

stem of the Neuse River below Falls Lake (88 km) was the only part of the stream network 

excluded for being unwadeable (i.e., > 500 km2). Though nine major geologic soil regions exist 

throughout the entire NC Piedmont, only three are present in the UNRB: Carolina Slate Belt, 

Raleigh Belt, and the Triassic Basin (Fig S1). The UNRB encompasses 2,865 km2 and ranges in 

elevation from 42-221.  



   

95 

 

 

Figure 1: Location of 653 water quality stations in the NC Piedmont used for model 

development (A) along with the six HUC 8s where data was collected (shaded gray). The Upper 

Neuse River Basin, where water quality forecasts for potential management scenarios was 

explored, is shown on the right (B) along with wastewater treatment plants (WWTPs) and 

sampling locations. The main stem of the Neuse River below Falls Lake (black) was considered 

unwadeable, and therefore omitted from the model. 

 

2.2. Water quality data 

Water quality data for FC, TDU, TN, TP and SC (i.e., response variables for models), 

were collected from the Water Quality Portal (Read et al. 2017) and came from 3 main sources: 

USGS, NC Department of Environmental Quality (DEQ) ambient monitoring system (NC DEQ 

2018b), and the NC DEQ monitoring coalition program (NC DEQ 2018c). Water quality data 

were collected from 653 water quality stations throughout the Piedmont, though not all water 

quality indicators were sampled at each site (Table 1). BI data were obtained from state and city 

sources as described in Miller et al. (In review) and had different locations than water quality 

sites. BI were sampled once a year (city sites) or every five years (NC DEQ sites), unlike data for 

FC, TDU, TN, TP, and SC, which were typically sampled monthly. Therefore, though BI had the 



   

96 

 

highest number of sites, it also had the fewest number of samples (Table 1).  Some water quality 

values were removed because they had unrealistically high values, suggesting typos in the 

original databases. TN and TP values above 100 mg/L and 50 mg/L were removed (8 samples) 

as these values are significantly above values for untreated wastewater (Carey and Migliaccio, 

2009).  

Table 1: Summary of data for each water quality indicator: biotic index (BI), fecal coliform 

(FC), turbidity (TDU), total nitrogen (TN), total phosphorus (TP), and specific conductance 

(SC). All data were collected between 1994-2010. 

 

Indicator Units 
# of 

 sites 

# of 

 basins 

# of 

 samples 

Values Drainage size 

5% Median Mean 95% 5% Mean 95% 

BI - 1020 689     2,769  3.9 6.1 6.0 7.8 3 80 324 

FC #/100 mL 196 127   17,299  6.3 62.9 410 1435 4 156 436 

TDU NTU 192 131   21,715  1.2 4.0 7.9 24.3 6 153 436 

TN mg/L 189 138   14,635  0.5 0.8 1.4 4.2 6 154 456 

TP mg/L 158 116     8,729  0.4 0.4 0.5 0.9 3 127 436 

SC SU 257 181   26,548  20.6 55.2 72.1 181.0 3 146 432 

 

2.3. Candidate predictor variable classes 

Candidate predictor variables from 16 variable classes (Table 2) were tested as possible 

predictors for water quality indicators. Each variable class was compiled to represent different 

aspects of natural factors, upstream land covers, and point sources (e.g., WWTPs, reservoirs) that 

might affect in-stream water quality. Variable classes included predictors collected at different 

spatial or temporal scales as well as transformed (natural log and linear) to explore different 

potential relationships with water quality. All log transformations were performed using the 

natural logarithm and variables were offset by adding one to avoid non-real transformations. For 

each variable class (Table 2), only the predictor that improved the model performance the most 

was included as a candidate for the multi-stressor water quality model (see Model construction 

2.4). One variable class, sampling method, was specific to the BI model, and controlled for 
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different macroinvertebrate collection techniques that were shown to be an important predictor as 

described in Miller et al. (In review).  

Table 2: Sixteen variable classes and their candidate predictor variables tested for inclusion in 

multi-stressor water quality models. 

 

Variable classes Candidate predictor variables Source 

Canopy Loss 
Fraction of basin and stream buffer 

(linear and log transformed) 
Falcone, 2015 

Homer et al., 2015 

Crop 
Fraction of basin and stream buffer 

(linear and log transformed) Falcone, 2015 

Drainage area 
Size of entire upstream basin (km2) 

Sites that drain less than 7.7 km2 USGS 2017 

Hydro-Climatology (short) Precipitation (previous 1,3,7,14 days) Maurer et al., 2002 

Hydro-Climatology (long) 

Precipitation (previous 1,3,6,12, and 24 months) 

Drought indices (SPI; previous 1,3,6,12,24 months) 

(linear and quadratic)  
SCO, 2017 

Elevation  Elevation at sampling location (m) USGS 2017 

IC  
Fraction of basin and stream buffer 

(linear and log transformed) 
Falcone, 2015 

Homer et al., 2007,2015 

IC (recent) 

IC (age) 

Change in basin IC in previous 2, 5 yrs.  

IC in basin before: 1974,1980,1990, 2000, 2005 

(linear and log transformed) 

Falcone, 2015 

Homer et al., 2007,2015 

Pasture 
Fraction of basin and stream buffer 

(linear and log transformed) 
Falcone, 2015 

Reservoirs Reservoirs within 1 and 5 km of sampling locations NHD 2007 

Season Season of macroinvertebrate sample   NC DEQ, 2017 

Soil type 
12 geological regions of NC Piedmont  NC Geological Survey, 

2009 

Wetlands 
Fraction of basin and stream buffer 

(linear and log transformed) Falcone, 2015 

WWTP (loadings) 

WWTP (#, spatial 

proximity) 

TN and TP daily loadings of upstream WWTP  

normalized by drainage area [kg/(day*km2)] 

(linear and log transformed)  

Major and minor WWTPs within 1, 5 10, and 20 km 

Number of upstream major and minor WWTPs 

NC DEQ 2017 

Year Year of the macroinvertebrate sample  NC DEQ, 2017 

 

Natural factors included antecedent hydro-climatological conditions (i.e. precipitation and 

drought indices), geologic soil type, elevation, season, and the drainage area of sampling 

locations. Short-term precipitation data (i.e., one, three, seven, and fourteen days before samples 
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were taken) came from daily gridded observations from across the Piedmont at 1/8 degree spatial 

resolution (~ 12 km; Maurer et al., 2002), and they were matched to monitoring data based on 

their proximity to the centroid of upstream basins. Short-term meteorological data collected for 

this fine resolution grid were only available up to 2010, effectively limiting our study to that 

date. Long-term precipitation and drought indices were obtained from the North Carolina State 

Climate Office (NC SCO 2017) and matched to sites belonging to three Piedmont regions (e.g. 

Southern, Central, Northern; NC SCO 2018).  

Anthropogenic land cover variable classes included basin IC, canopy loss, wetlands, 

crop, and pasture. Land cover data were obtained from the U.S. Conterminous Wall-to-wall 

Anthropogenic Land Use Trends (NWALT) dataset for 1974, 1982, 1992, 2002, and 2012 

(Falcone 2015) and the National Land Cover Dataset (NLCD) for 2001 and 2011 (Homer et al. 

2007; Homer et al. 2015). NWALT was necessary to obtain consistent land covers back to 1974 

while NLCD was utilized to obtain IC and canopy cover estimates. Multiple linear regressions 

were then used to relate NWALT land covers designations to corresponding NLCD IC and 

canopy cover (Miller et al. In review). On average, 17% of residential areas, 35% of 

transportation, and 57% of industrial/commercial were IC, while 92% of low use, 88% of semi-

developed, 48% of residential, and 12% of industrial/commercial development had canopy 

cover. All land cover variables were then interpolated between reported NWALT years (1982, 

1992, 2002, 2012) to obtain year-specific land cover data for all sites. In addition to the entire 

upstream basins, buffers that included 30 m of land on either side of NHD Plus flowlines (Moore 

and Dewald 2016) were also calculated for each land cover variable class.  

Temporal variability in IC was represented in two ways: age of IC and recent IC (Table 

2). The age of IC was defined as the amount of IC constructed before a given date (e.g., pre-1980 
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IC) and was included to determine if the effect of IC on water quality indicators has changed in 

magnitude over the past several decades. Older construction has been shown to have a more 

negative effect on the biological health of streams (i.e., BI) than more recent construction, 

presumably due to more stringent standards through time (Miller et al. In review).  The age of IC 

was defined as the product of the linear or log transformed IC of the sample year with the ratio of 

IC before a given date (i.e., 1974, 1980, 1990, 2000) and the IC of the sample year. Recent IC 

was included to test the impact that construction projects might have on water quality due to 

sediment runoff. Recent IC was defined as the amount of new IC added to a basin during the past 

two or five years. This increase in IC was then considered as a candidate predictor as both a 

linear and log transformed variable. 

Upstream point sources were accounted for using predictors for the presence and spatial 

proximity of WWTPs and reservoirs, as well as WWTP nutrient loadings. Both WWTP and 

reservoirs were tested as categorical variables based on their spatial location upstream of 

monitoring sites. Distances of one, five, and ten miles were used to determine if proximity to 

WWTPs were important to water quality. WWTP discharge (i.e., flow) and nutrient 

concentrations were provided by NC DEQ (personal communication with Bridget Munger) for 

both major (> 4,546 m3/day) and minor dischargers (Table S1). To calculate TN and TP loads 

(kg/day) specific to each WWTP, discharge and concentration records were multiplied together 

for corresponding months and then normalized by drainage area. Preliminary analysis showed 

that using median TN and TP loads for a given year were more correlated to water quality 

indicators than monthly TN and TP loads, probably due to missing monthly data for many 

WWTPs. (Table S1). Nutrient loads (TN and TP) from WWTPs were used as predictors in their 

respective water quality model, while TN load was also used in the additional water quality 
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models (BI, TDU, FC, and SC) to be a proxy for wastewater that might be in streams. 

Additionally, a count variable for the number of upstream dischargers was used as a proxy for 

water quality indicators (i.e., SC, FC and TDU) that were not routinely reported. 

2.4. Model construction 

Initially, baseline models for all water quality indicators were constructed to test 

candidate predictors from each variable class. Baseline models included site and basin random 

effects (αst , αbn; Eq.1) and up to one candidate predictor (xb) if it explained over 50% of the 

variability (i.e., R2) for the response variable (BI, FC, TDU, TN, TP, or SC).  The inclusion of up 

to one significant predictor in baseline models was done to streamline variable selection as 

weaker statistical relationships can be obscured or reversed by stronger relationships (Samuels 

1993). The BI model was based on previous work (Miller et al. In Review) and also included 

sampling method in its baseline model. Site and basin random effects identified mean deviations 

of monitoring sites or basins from overall mean conditions in the Piedmont. The location of each 

sampling site was assigned to a basin which represented sites that share more than 25% of the 

same drainage area. In basins where numerous sampling locations existed that met this 

requirement, but the two farthest sites did not, it was separated into two basins between the 

largest break in sampling locations. Most sampling sites were in unique basins and were thus 

given both a unique site and basin random effect (Table 1). All predictor candidate variables (xp) 

from each variable class (Table 2) were tested individually with baseline models in three ways to 

determine if their addition improved model performance: (1) adding a single linear or log-

transformed variable (xp; Eq. 2a), (2) adding the variable and its 2nd order (quadratic) term (Eq. 

2b) for long-term precipitation and drought indices, and (3) adding a categorical variable or 

random effect (αp; Eq. 2c).  
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Predictor variables that improved baseline model performance (Eq. 2 a,b,c) were 

considered as candidates for multi-stressor HMLRs. The Bayesian Information Criterion (BIC), 

an information criteria that judges model fit based on log likelihood while penalizing for extra 

parameters (Schwarz 1978), was used to assess this improvement. A conservative level for 

inclusion was set to avoid over-parameterization and only candidate predictors that lowered the 

baseline BIC by a minimum of 6 (Raftery, 1995) were considered for inclusion in the multi-

stressor model. If variable classes had several predictors that met this criterion, only the most 

influential from each variable class (i.e., lowest BIC) was chosen for further consideration. 

Variable classes with no predictor variables that met this criterion were excluded from further 

consideration.  

The best candidate predictor from each variable class were then combined to form a 

multi-stressor HMLR for each water quality indicator (Eq. 3). Statistically insignificant variables 

were parsed out using a backward selection process using the “LMERConvenienceFunctions” R 

package (Tremblay and Ransihn, 2015). Variance inflation values (VIF) were also calculated for 

HMLRs to test for multi-collinearity in predictors. All hierarchical models were fit in R using the 

“lme4” package (Bates et al. 2015; R Core Team 2017). The baseline and multi-stressor model 

formulations are presented below: 

WQ = β0  + (xb * βb) + αb + αst + ԑ                        (Baseline Model; Eq.1) 

WQ = Baseline + xp * βp                             (Eq.2a)  

WQ = Baseline + xp * βp + x2
p * βpsq                      (Eq.2b)  

                        WQ = Baseline + αp                                  (Eq.2c) 

WQ = Baseline + multiple candidate predictors (multi-stressor HMLR; Eq.3)  
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where WQ is the water quality indicator, β0 is the model intercept, βb represents the coefficient 

for the baseline predictor if present, βp is the slope coefficient for the candidate predictor being 

tested, and ԑ represents the model error [N (0 , σ
2
WQ)]. Site random effect (αst) and basin random 

effects (αb), come from a normal distribution centered around zero (αst ~ N(0,σ
2

st); αb ~ N (0,σ
2
b)] 

where σ2
st and σ2

b represent the variance of their hyperdistributions. The number of site and 

basin random effects varied for each water quality indicator and corresponded to the number 

listed in Table 1 for each water quality indicator 

2.5. Model assessment 

HMLR models were used to rank the importance of predictor variables for each indicator 

by comparing the standard deviation (SD) of the contribution of each predictor to its response 

variable [i.e., SD (x * β)]. For the majority of predictors, this process is similar to comparing the 

magnitude of coefficients determined from normalized predictor variables. Some predictors 

though (i.e. quadratic trends, categorical variables, or random effects) cannot be compared as 

normalized predictors, but this method is flexible enough to allow their contribution to the 

response to be compared in a similar way. Predictor contributions were then normalized by the 

standard deviation of their response variable, so they could be compared across HMLRs for 

different water quality indicators. Model skill (i.e., R2) for multi-stressor HMLRS was calculated 

for deterministic factors that are always known for sites (i.e., all candidate predictors and soil 

type) and for the full model (deterministic plus site and basin random effects). R2 based on 

averaging individual samples on a yearly basis from sites with six or more samples in a year 

were also calculated.  
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All models were subjected to a 3-fold cross validation (Elsner and Schmertmann 1994, 

Chatfield 2006) to check the stability of predictor coefficients and the drop of model 

performance for out-of-sample predictions. Multi-stressor HMLRs were recalibrated using 2/3 of 

the full dataset to make predictions for the 1/3 that was excluded. In this way, predictions for all 

data points were made using models parameterized without them included. For each water 

quality indicator, predictor coefficients for each fold and model fit (R2 and MAE) were recorded. 

2.6. Forecasting management scenarios in the UNRB 

HMLRs were initially used to predict current conditions for water quality indicators in all 

wadeable stream reaches (1,423 reaches; see section 2.1; Fig 1; Fig 2) throughout the Piedmont 

portion of the UNRB. “Current” conditions for UNRB water quality corresponded to 2012, the 

last year of reported land cover data (Falcone 2015), to avoid extrapolating land cover data to the 

present year. Predictions were made using deterministic effects (i.e., predictors and soil random 

effects), which were known for all prediction sites, to obtain mean current conditions for each 

reach under median weather conditions (see below). Reach predictions were then weighted by 

their length (mean = 1.5 km; max = 7.5 km; Moore and Dewald, 2016), and averaged across the 

UNRB to determine a weighted mean value for each indicator across the UNRB. Weighting was 

done using predictions in the transformed space (i.e., in log space for FC, TDU, TN, TP, and SC) 

and back-transformed after the log weighted mean was calculated. Current conditions were 

established first as baseline conditions in the UNRB in order to judge the impact of potential 

management scenarios on water quality indicators. 

Five potential management scenarios for improving water quality were forecasted and 

compared to current conditions to evaluate their possible benefits (Table 3). Scenario #1 

represented a 50% decrease in the amount of canopy buffer loss throughout the UNRB (i.e., 
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increase in canopy buffer), scenario #2 lowered the effect of IC 25% on streams, and scenario #3 

lowered the effect of WWTPs by 25%. Scenario #4 was a combination of scenarios #1-3. For 

each management strategy, the impact of different candidate predictors (Table 2, 3) where 

lowered accordingly. Scenario #5 focused on lowering site and basin random effects, rather than 

reducing predictor values. Site and basin random effects represent unknown variance at these 

locations not explained by other predictors in our model. By lowering only positive random 

effects, this represented reductions to anthropogenic factors not accounted for by other candidate 

predictors (e.g., unaccounted for point sources, leaky infrastructure, illicit dumping) at these 

locations that were negatively affecting water quality. Scenario #5 assumes that some of these 

sources of degradation (25%) could be identified by local managers and mitigated. To forecast 

scenario #5, the variance of site and basin random effects hyperdistribution was randomly 

sampled for the 1,423 UNRB stream reaches 100 times. For each sample, positive random 

effects (i.e., more degraded sites), were lowered by 25% assuming mitigation occurred, while 

negative effects were left unchanged. Forecasts were then weighted by stream length as 

explained before. For each stream reach, the mean value of the 100 samples was extracted to 

represent the expected forecasted conditions for scenario #5 and back transformed (if needed) to 

compare with current conditions. 

Hydro-climatologic conditions were the main driver of several indicators such that three 

different hydro-climatological conditions (average, dry, and wet) were explored to see their 

effect on water quality indicators. “Median conditions” were defined as median short and long-

term hydro-climatological conditions based on historical data from 1981-2010, while “wet 

conditions” were set to their 90th percentile values, and “dry” conditions were represented with 

their 10th percentile values. All three hydro-climatological conditions were run for current 
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conditions as well as for scenario #4 in order to evaluate weather variability on median 

conditions in the UNRB and determine how varying weather conditions affected management 

scenarios. 

Table 3: Five management scenarios and the variable classes, candidate predictors, and random 

effects that were adjusted to make forecasts. 

 

  Management Scenario 
Candidate predictor variables 

affected 

1 
Increase canopy cover in stream buffers 

(50%) 
Canopy Loss (buffer) 

2 Decrease effect of IC (25%) 

IC (basin, buffer) 

IC (recent) 

IC (age) 

3 Decrease effect of WWTP (25%) WWTP  (loadings; #; spatial proximity) 

4 Combination of scenarios #1-3 

Canopy Loss (buffer) 

IC (basin, buffer) 

IC (recent) 

IC (age) 

WWTP  (loadings; #; spatial proximity) 

5 
Mitigate positive site and basin random 

effects (25%) 

Site random effects  

Basin random effects 

 

2.7. Uncertainty in water quality forecasts 

Current conditions and scenario #4 (combination of #1, #2, and #3) were then predicted 

probabilistically to quantify the uncertainty in water quality forecasts due to variance associated 

with the multi-stressor HMLR models and weather conditions. Initially, uncertainty in fixed 

effects (i.e., predictor coefficients) was simulated by creating 1000 bootstrapped predictions for 

each reach (i.e., 1,423) using “bootmer” in “lme4” (Bates et al. 2014). Bootstrapping is a 

technique that relies on resampling the response variable (with replacement) to determine 

measures of model accuracy (Efron, 1992; Davison and Hinkley, 1997). Random model error 

was then added to these predictions for each water quality indicator, and these bootstrapped 

samples were used as the basis for further simulations. Though site and basin random effects 
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would not be known at a given site, it was assumed that these values would remain constant at a 

given reach for current and scenario #4 conditions; and therefore, not affect the uncertainty of 

water quality improvement.  

The goal of simulations was to determine (1) if a difference in water quality indicators 

should occur based only on fixed effect uncertainty and HMLR model error, and (2) if a 

difference would be observed based on a distinct number of pre (current) and post (scenario #4) 

monitoring samples taken under constant and differing weather conditions. For each reach, a 

given number of pre and post samples (6, 12, 24, 36, 48, and 60) were randomly drawn from 

their (1,000) bootstrapped samples that represented uncertainty of HMLR coefficients and model 

error. Then, mean values of the pre and post samples (log transformed for TDU, FC, TN, TP, and 

SC) were compared to see if indicators were reduced in scenario #4 as compared to current 

conditions. To add weather variability, a random day taken from a 29-year historical weather 

record (1982-2010) was assigned to each pre and post sample. Short and long-term hydro-

climatological data for that day were then used to adjust predictions accordingly. For each 

number of pre and post samples (6, 12, 24, 36, 48, and 60), this process was repeated 200 times 

to test the percent chance that a difference would be observed. In addition, t-test were performed 

on the same pre (i.e., current conditions) and post (i.e., scenario #4) samples to determine if 

statistically significant differences were observed. Finally, the same simulations were analyzed 

for subsets of the UNRB (e.g., top 10% of upstream urbanization, pasture activities), to offer 

insight into which anthropogenically disturbed regions might produce the most observable water 

quality changes.  
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3. Results 

3.1. Water quality multi-stressor HMLR models  

Baseline models for water quality indicators were created using site and basin random 

effects as well as candidate predictors that explained more than 50% of the variability in the 

response. The log of watershed IC explained 65% of the variance in BI and the log 

transformation of IC implied a saturating relationship such that as total watershed IC increased, 

further additions had a reduced effect on BI. The log of TN load (normalized by drainage area) 

was able to explain 50% of the variability in the TN baseline model and implied a power 

relationship where a 1% increase in TN load would lead to a 0.62% increase in stream TN 

concentrations. Other indicators (FC, TDU, TN, and SC) included only site and basin random 

effects in their baseline models. 

Candidate predictors were then added individually to baseline models and the 

improvement of model performance (i.e., Δ in BIC; Table S2) was used to determine potential 

candidate predictors for inclusion in multi-stressor HMLRs. All six water quality models 

included a candidate predictor from short and long-term hydro-climatology, seasonal effect, and 

temporal effects of IC (recent or age) while canopy loss, IC, and WWTP loadings were chosen 

for inclusion in five of the six models. Multi-stressor HMLRs were formed by then joining all 

candidate predictors together and parsing insignificant ones. Predictors for each multi-stressor 

HMLR are presented to show their relative contribution to each water quality indicator (Table 4; 

model coefficients shown in Table S3). Predictor contributions are unitless and were derived by 

dividing the SD of the predictor contribution to the response variable by the SD of the response 

variable (see section 2.4). By comparing the magnitude of predictor contributions within models, 

the main driver of each water quality indicator was identified: watershed IC for BI (sampling 
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method represented a sampling difference, not a stressor of BI), short-term precipitation for FC 

and TDU, and WWTP loadings or presence for TN, TP and SC (Table 4). The contribution from 

seasonal, sampling methods, and random effects (α) could not be expressed as either positive or 

negative, but the magnitude of their contribution to the response could be judged relative to other 

predictors in the models to show their influence. Site random effects explained more variability 

in FC than other predictors and BI and SC had large soil random effects only slightly lower in 

magnitude than their main drivers.   

 Model skill for multi-stressor HMLRs was calculated for deterministic factors that could 

be obtained for any site in the Piedmont (i.e., all candidate predictors and soil type) and for the 

full model (deterministic factors plus site and basin random effects). The skill of deterministic 

predictions reflects the ability of HMLRs to make predictions in new locations, where site and 

basin random effects would be unknown. The stream biodiversity (i.e., BI) model had the highest 

skill using only deterministic factors (R2= 0.76; Table 4), while TN and SC models had the next 

best model fits (R2= 0.54; 0.40, respectively). Water quality driven mainly by short-term 

precipitation events, FC and TDU, had the lowest model skill (R2= 0.25 and 0.28, respectively). 

R2 based on yearly means for sites with six or more samples in a given year improved for FC, 

TN, TP, and SC models (44%, 26%, 47% and 31% increases respectively), while no change was 

noted for TDU. The BI model did not have a yearly R2 calculation as BI is only sampled once a 

year.  

The BI model was mainly driven by two anthropogenic factors: log percent of IC in 

upstream watersheds and the log percent of canopy loss in stream buffers (Table 4; Table S3).  

This model was very similar to previous work (Miller et al. In review), though it used a reduced 

dataset (1994 -2010) limited by the availability of other predictor data (i.e., WWTP loadings and 
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Table 4: Multi-stressor HMLRs for water quality indicators: biotic index (BI), fecal coliform 

(FC), turbidity (TDU), total nitrogen (TN), total phosphorus (TP), and specific conductance 

(SC). The amount of variance (R2) attributed to deterministic portions of the model (predictors, 

soil and seasonal effects) are shown as well as variance explained by the full HMLR 

(deterministic plus site and basin random effects). Deterministic variance was also calculated for 

averaging individual samples on a yearly basis at a site (except for BI where sampling did not 

occur more than once a year). Predictors (β; unitless) are represented as the standard deviation of 

their contribution to the response variable normalized by the standard deviation of their 

responses. In this way, coefficients in the table can be compared vertically (within a model) as 

well as horizontally (across models) to see their relative influence on water quality indicators. 

“Basin” represents the % of upstream watersheds covered by a given land type while “buffer” 

represents the % that land type in 30 m stream buffers. Categorical predictors (α) cannot be 

classified as either positive or negative. Of note, the BI model had a quadratic trend (q) for its 

long-term precipitation. Numbers in parentheses for IC (recent) and hydro-climatology (short 

and long) refer to the number of days, months, or years that define that predictor. For IC (age), 

the number represents IC constructed before a given date (e.g., 80 represents pre-1980; Table 2).  
   BI FC TDU TN TP SC 

R2  

Deterministic 0.76 0.25 0.28 0.54 0.32 0.42 

Deterministic (yearly) - 0.36 0.28 0.68 0.47 0.55 

Deterministic + site + basin   0.92 0.40 0.40 0.72 0.58 0.70 

β 

 

Canopy loss, buffer +0.19 +0.13   +0.16 +0.07 +0.05 

Crop, buffer   -0.07         

Crop, basin    +0.09 +0.10   -0.18 

Drainage   -0.17         

Hydro-clim, short (days)   +0.30 (3) +0.41 (3) -0.06 (14) -0.07 (7) -0.14 (7) 

Hydro-clim, long (months) -0.05(3; q) +0.06 (1)  +0.12 (1) -0.06 (6) -0.07 (6) -0.12 (6) 

IC, buffer       -0.10     

IC, basin +0.21          

IC, age (year) +0.10 (80) +0.26 (00)       +0.32 (80) 

IC, recent (# of years)     +0.12 (5)   +0.20 (2)  

Pasture, buffer   +0.19         

Reservoirs, 5 km +0.05           

WWTP loadings   +0.04   +0.66 +0.47   

# of Major WWTP           +0.36 

WWTP proximity, 1 km  +0.05       

Wetlands, buffer       -0.06   +0.06 

Year -0.07 -0.04   +0.04     

α 

Sampling method 0.26      

Season 0.08 0.15 0.16 0.06 0.13 0.12 

Soil type 0.19 0.16 0.14 - - 0.26 

Site random effects 0.12 0.37 0.19 0.22 0.23 0.29 

Basin random effects 0.16 0.00 0.18 0.25 0.30 0.29 
 SD of response variable  1.49 2.76 0.86 0.45 0.09 0.44 
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short-term precipitation; Table 2). The inclusion of both IC and pre-1980 IC imply that more 

recent construction (IC post-1980) impacts stream health less than older development (IC pre-

1980).  The BI model was the only one to have a quadratic trend in long-term precipitation 

implying that both low and high flows could be detrimental to stream biological health. Also, BI 

was the only indicator to be impacted by spatial proximity to WWTPs and reservoirs, which had 

large impacts within relatively small spatial distances (5 and 1 km; Table 4, Table S3).  

FC and TDU were indicators whose main driver was short-term precipitation (i.e., 

previous 3 day precipitation; Table 4), implying that variation in these indicators at sampling 

locations was driven more by natural factors than anthropogenic ones (Table 4). FC did have 

various anthropogenic predictors though including: IC (pre-2000), pasture lands, canopy loss in 

buffers, and WWTP loadings. FC values were greatly elevated in the summer, compared to other 

seasons, and the size of drainage areas also had a negative relationship on FC. Two 

anthropogenic factors increased TDU, croplands and recent construction (past 5 years).  

Variability in stream TN and TP concentrations was mainly explained by the log of 

WWTP loadings (normalized by watershed area). The influence of WWTP TN loadings on 

stream TN concentrations was the largest influence of any predictor on a water quality indicator 

throughout the Piedmont (+0.66; Table 4). The second most important anthropogenic factor for 

increased TN levels was canopy loss in stream buffers, which occurs mostly in agricultural (crop 

or pasture) and urban areas (see section 2.3). Both canopy loss and IC in stream buffers were 

included in the TN model and are negatively correlated with each other (r = -0.87). The sign and 

magnitude of their coefficients imply that buffer canopy loss in non-urban areas contribute to 

higher stream TN concentrations than in urban (high IC) areas. Crop positively contributed to 

elevated TN concentrations, while wetlands in stream buffers and short and long-term hydro-
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climatological conditions all slightly lowered stream TN concentrations. Finally, there was a 

statistically significant yearly trend upward in TN concentration, implying that a TN stream 

concentration of 1.19 mg/L in 1994 (50th percentile for UNRB) would have increased to 1.43 

mg/L by 2010. Though TP concentrations were also mainly driven by upstream WWTP loadings 

(TP load normalized by drainage area), model skill for deterministic factors was much lower for 

TP than TN (0.32 as compared to 0.54; Table 4). Additional anthropogenic factors that increased 

TP were recent IC added in the previous 2 years and canopy loss in stream buffers while both 

long and short-term precipitation decreased TP concentrations (Table S4).  

The two most influential drivers of SC were both anthropogenic factors: the number of 

major upstream WWTPs and pre-1980 IC (Table 4). Cropland was also negatively correlated 

with SC, while wetland buffers had a positive relationship. Increased rainfall (short and long-

term hydro-climatology) lowered SC levels as well (Table 4).  

Natural factors, such as soil type and seasonal effects, had substantial effects on water 

quality indicators. BI values in the Triassic basin were greatly elevated (+0.65), a similar effect 

to a site being located within 1 km of a WWTP (Table S3). Soil type had the largest impact on 

SC (Table 4), which varied greatly throughout the Piedmont being highest in the Carolina Slate 

Belt (+0.33) and lowest in the Inner Piedmont (-0.33; Table S5). In contrast, soil type played no 

significant role in either TN or TP stream concentrations (Table 4). Seasonality affected all six 

water quality indicators and results implied that water quality is generally worse in summer for 

all water quality indicators (Table S4) especially for FC. Fall had statistically similar water 

quality to summer for four water quality indicators (BI, TN, TP, and SC) but had lower TDU and 

FC values as compared to summer. Finally, spring and winter had better water quality for all 

indicators except TDU (Table S4).  
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3.2. Multi-stressor HMLR model diagnostics 

Multi-stressor HMLR models were all cross validated with a 3-fold approach to test for 

model stability and out-of-sample model performance. R2 values for deterministic model 

predictions combined from all folds lowered the least for TN and TP (< 0.01), and the most for 

SC (0.13; Table S6). Predictor coefficients were generally stable and showed low variability with 

coefficient of variations across the three folds being less than 10%, except for crop (basin) and 

wetlands, which were both relatively uncommon in the Piedmont. Multi-stressor HMLRs were 

further analyzed by plotting predictions against observed values (Fig S3; S4). When only 

deterministic factors were used for predictions (Fig S3), model error in FC, TDU, TN, TP, and 

SC appeared to underpredict large spikes in the observed data. When random effects were used 

in the predictions (Fig S4), multi-stressor HMLR models were able to predict a broader range of 

observed data more accurately (both low and high), particularly for TN, TP, and TDU. 

3.3. Water quality predictions across the UNRB 

 Water quality was predicted for 1423 stream reaches throughout the UNRB for current 

conditions (based on 2012 land covers) as well as forecasted for five potential management 

scenarios (see Section 2.5; Table 5). Reach-level predictions were aggregated as a mean 

(weighted by reach length) across the UNRB for each water quality indicator (log mean for FC, 

TDU, TN, TP, and SC; see 2.6) to compare management scenarios (Table 5).  Restoring canopy 

in stream buffers (management scenario #1; Table 3) consistently improved water quality more 

than reducing the impact of IC (scenario #2) or WWTP (scenario #3) for all indicators except 

TDU. Improvements to water quality were nearly additive in nature such that the impact of 

scenario #4 (combining scenarios #1, #2, and #3), was similar in magnitude to the sum of the 
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individual scenarios (Table 5). Based on scenario #4, FC was the water quality indicator that 

showed the most potential for reduction across the UNRB while TDU showed little ability for 

improvement based on these scenarios. Management scenario #5, reducing the effect of positive 

site and basin random effects by 25%, led to the largest improvements in water quality for all 

indicators.  

Results were summarized for three subsets of the UNRB that represented stream reaches 

with high levels of anthropogenic influence (i.e., urban (high IC), pasture lands, canopy loss in 

stream buffers). In general, urban and canopy loss areas in the UNRB had particularly elevated 

levels of BI, FC, and TP as compared to the whole UNRB and high pasture areas. Only slight 

differences were noted in TDU values for any subset, though high canopy loss areas had slightly 

higher TDU value. TN concentrations were nearly identical in predominantly pasture and urban 

areas but were highly elevated in stream reaches with excessive canopy loss. FC and SC were 

more elevated in high IC basins than both high pasture and canopy loss areas. For all subsets, the 

impact of increasing canopy cover 50% in buffers (scenario #1) was greater than mitigating 25% 

of the impact of IC (scenario #2), except for BI in high urban areas.  

Weather events could significantly alter certain water quality indicators. To quantify the 

magnitude of this effect, predictions for current conditions and management scenario #4 (i.e., 

combination of scenarios #1, 2, and 3) were developed for two additional hydro-climatological 

conditions: dry conditions (10th percentile short and long-term conditions), and wet conditions 

(90% percentile short and long-term conditions). Mean TDU and FC values more than doubled 

during wet conditions (Table 5; Fig 2), while BI, TN, TP and SC all slightly improved (i.e., 

lowered). Conversely, during dry weather. BI, TN, TP, and SC increased, while TDU and FC 

were lowered. BI, TDU FC, and SC had similar water quality reductions for all management  
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scenarios and weather conditions (median, dry, wet), but reductions varied slightly for TN and 

TP where reductions for wet conditions were greater than for dry and median conditions. 

 

Table 5: Summary of mean water quality condition in the Upper Neuse River Basin (UNRB) for 

current conditions and five potential management scenarios. Predictions for wet (90th percentile 

short and long-term precipitation) and dry conditions (10th percentile long-term and no short-

term) were made for current conditions and management scenario #4. Predictions were also 

made for subsets of UNRB stream, defined by streams with the highest 10% impervious cover 

(IC), pasture lands, and stream buffer canopy loss in their basins. 

 

Management  

Scenario 
BI 

(0-10) 

TDU 

(NTU) 

FC 

(#/100 

mL) 

TN 

(mg/L) 

TP 

(mg/L) 

SC 

(SU) 

UNRB 

Current 5.99 9.5 76 1.36 0.20 108 

Current (wet) 5.94 24.1 221 1.09 0.13 83 

Current (dry) 6.11 7.3 59 1.63 0.25 128 

#1 -5% 0% -16% -14% -7% -4% 

#2 -3% -2% -9% 0% 0% -2% 

#3 0% 0% 0% 0% 0% -1% 

#4 -7% -2% -23% -13% -8% -6% 

#4 (wet) -7% -2% -23% -14% -11% -6% 

#4 (dry) -7% -2% -23% -12% -6% -6% 
 #5  -10% -16% -46% -32% -38% -21% 

IC 

(top 10%) 

Current 7.27 9.3 230 1.36 0.28 130 

Current (wet) 7.22 23.6 667 1.10 0.20 100 

Current (dry) 7.39 7.1 181 1.64 0.33 155 

#1 -4% 0% -31% -29% -12% -4% 

#2 -5% -3% -13% 0% 0% -3% 

#3 0% 0% 0% -1% -1% 0% 

#4 -9% -3% -40% -23% -13% -7% 

#4 (wet) -9% -3% -40% -25% -16% -7% 

#4 (dry) -9% -3% -40% -21% -11% -7% 

#5  -11% -18% -57% -41% -36% -21% 

Pasture  

(top 10%) 

Current 5.51 9.0 66 1.40 0.17 109 

Current (wet) 5.46 22.9 194 1.13 0.10 84 

Current (dry) 5.63 6.9 52 1.68 0.22 130 

#1 -5% 0% -14% -12% -7% -4% 

#2 -1% 0% -5% 0% 0% -2% 

#3 0% 0% 0% 0% 0% 0% 

#4 -6% 0% -18% -12% -7% -6% 

#4 (wet) -6% 0% -18% -13% -11% -6% 

#4 (dry) -6% 0% -18% -11% -6% -6% 

#5  -9% -16% -42% -33% -43% -20% 
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Table 5 (continued) 

 

Canopy 

loss  

(top 10%) 

Current 7.19 10.2 204 1.67 0.29 120 

Current (wet) 7.14 25.8 593 1.37 0.21 92 

Current (dry) 7.31 7.9 161 1.98 0.34 142 

#1 -4% 0% -35% -30% -13% -4% 

#2 -4% -3% -12% 0% 0% -3% 

#3 0% 0% 0% -1% -1% -1% 

#4 -9% -3% -43% -25% -14% -7% 

#4 (wet) -9% -3% -42% -27% -18% -7% 

#4 (dry) -8% -3% -43% -24% -12% -7% 

#5  -10% -16% -59% -39% -36% -21% 

 

Certain management scenarios and water quality indicators showed little potential for water 

quality improvement. Reducing the impact of WWTPs (management scenario #3) showed no 

mean improvement for BI, FC, TDU, and TP, and only slight improvements for TN and SC (-

2%, -1%; Table 5). This occurred, in part, because only 7% of UNRB stream reaches were 

located downstream of a WWTP, and most of these reaches had only minimal WWTP loadings. 

When reaches affected by more than a minimal WWTP load were tested [ >0.1 kg 

TN/(day*km2); 60 reaches; Table S7], scenario #3 showed more reduction in TN, TP (-7% and -

6%), but restoring buffer canopy cover still lowered nutrients more. Management scenario #2 

(reducing the impact of IC) showed no ability to reduce mean TN and TP concentrations. This 

was expected, because the multi-stressor model for TN did not include any direct positive 

relationships with IC, and the TP model included only recent IC. Recent IC is not highly 

prevalent throughout the UNRB with a median value of 0.13% and a 95th percentile of 2.1% of 

total watershed area. TDU showed the least amount of improvement as a result of scenario #4 

with only a 2-3% improvement. TDU had only one anthropogenic predictor in its multi-stressor 

HMLR (recent IC; Table 4).   
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Figure 2: Mean fecal coliform (FC) predictions throughout the Upper Neuse River Basin 

(UNRB) for current median (A) and wet (B) hydro-climatological conditions. Management 

scenario #1 (C; 50% reduction in canopy loss), #2 (D; 25% reduction in the effect of impervious 

cover), #4 (E; combination of scenarios #1, #2, and #3 (25% reduction of WWTP discharges) are 

shown for wet weather conditions. The main stem of the Neuse River (gray) was considered 

unwadeable and excluded for predictions  
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The uncertainty associated with forecasted water quality improvements was explored by 

taking into account model uncertainty (fixed effects and model error) as well as long and short-

term weather uncertainty. Based on model error and uncertainty in fixed effects, BI was the 

indicator where an improvement was most likely to be observed based on management scenario 

#4 (100% that the mean of 6 post-restoration samples was lower than the mean of 6 pre-

restoration samples), followed by TN and FC (90% after 24 samples), and SC (80% after 36 

samples; Fig 3). In general, increased model residual error led to less certainty in forecasted 

improvements. Therefore, the order of observing differences in mean pre and post-restoration 

sampling for indicators was similar to the order of R2 for deterministic effects of multi-stressor 

HMLRs (Table 4), except for FC. Though the FC model had the lowest model skill (R2 =0.25; 

Table 4), it still showed a high probability of observing improvements, probably because it had 

anthropogenic predictors (canopy loss, pre-2000 IC) that were of importance as well as highly 

prevalent in the UNRB. Other low skill models, TDU and TP, were driven by anthropogenic 

factors that were less common (e.g., recent IC, WWTP loadings) or land covers not affected by 

management scenarios (i.e., crop). TDU achieved only a 55% chance of post-restoration 

sampling having an improved mean value, only a slight improvement from 50%, the chance of 

observing a difference if no restoration efforts took place (Fig. 3). If a more stringent test of 

statistical difference (i.e., t-test) in pre and post-restoration sampling was used, a mean difference 

in BI scores was likely to be seen after 24 samples (> 90%), and it was the only water quality 

indicator to achieve greater than a 50% chance of having an observed improvement for mean 

UNRB sites (Fig 3, bottom left). Statistically significant improvements in TN and FC would be 

expected to be observed 50% of the time in highly urban sites, but only after 60 sampling events 

(i.e., 5 years of monthly sampling). Improvements to TDU, SC, and TP would have less than a 
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20% chance of showing a statistically significant difference even after 60 samples. When 

variability due to uncertain short and long-term weather conditions were added to simulations, 

little difference was noted, even for indicators that change greatly in wet weather (Fig S5). This 

probably occurred because uncertainty introduced by weather was smaller in magnitude than 

model uncertainty.   

3.4. Basin and site random effects  

Basin random effects were used to group sampling locations from the same basin that 

were hydrologically related, while site random effects were used to account for intraclass 

correlation of repeated sampling at a given location. For all water quality indicators, site and 

basin random effects contributed greatly to the response (Table 4). The normalized contribution 

of basin and site random effects were similar in magnitude in all models except FC, which had 

no basin effect implying that there was no significant correlation among FC values at locations 

within the same basin. On the other hand, TP had the largest contribution from the basin random 

effect of all water quality indicators (Table 4) implying that TP values were likely to be 

correlated at sites within the same basin.  

The magnitude of basin and site random effects can be understood based on their normal 

hyperdistributions (Table S3). To quantify the magnitude of these hyperdistributions (i.e., effect 

of site and basin effects), they were used to create 95% confidence intervals for different ranges 

of each water quality indicator within expected predicted values [low (20th percentile), average 

(50th), or high (80th); Table 6]. These 95% confidence intervals were constant for differing levels 

of BI (low, average, high values), because BI was not log transformed. For all other indicators, 

these intervals increased for higher predicted values. Therefore, at highly degraded sites, more 

variability should be expected as a result of random effects.   
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Figure 3: Chance that post-restoration sampling (management scenario #4) will have an 

improved (i.e., lower) mean compared to pre-restoration samples (current conditions) for all 

water quality indicators: biotic index (BI), fecal coliform (FC), turbidity (TDU), total nitrogen 

(TN), total phosphorus (TP), and specific conductance (SC). Results for the entire UNRB (top 

left) and the top 10% urban sites (top right) are shown. The fraction of simulations that led to 

statistically significant differences between pre and post sampling are shown below (bottom). 
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Table 6: Expected variation in water quality predictions due to site and basin random effects in 

HMLR models. 95% confidence intervals, shown in parentheses, are based on the variance of the 

site and basin hyperdistributions and are shown for all water quality indicators for reaches with 

low (20th percentile), average (50th), or high (80th) predicted values of that indicator throughout 

the UNRB.  

 

  Units Low (20th) Mean High (80th) 

BI - 4.87 (3.89,5.85) 6.08 (5.10,7.06) 7.10 (6.12,8.08) 

FC #/100 mL 50 (20,124) 170 (69,420) 600 (243,1477) 

TDU NTU 4.5 (2.9,6.7) 9.8 (6.9,14.3) 23.0 (16.2,32.5) 

TN mg/L 0.61 (0.18,1.20) 1.19 (0.60,2.00) 3.82 (2.53,5.60) 

TP mg/L 0.05 (0,0.18) 0.12 (0,0.26) 0.40 (0.24,0.58) 

SC SU 93 (62,140) 149 (99,223) 260 (173,390) 

 

4.   Discussion 

The goals of this research were to identify key natural and anthropogenic drivers of six 

water quality indicators and quantify the potential impact of future management strategies on a 

regional stream network (UNRB). Hierarchical multiple linear regression models were 

constructed using candidate predictors from 16 variable classes at distinct temporal and 

spatial scales. Site and basin random effects were included to account for repeatedly sampled 

locations and correlations among sites within the same basins. Ours is the first study to model 

multiple facets of water quality within a hierarchical framework including an unprecedented 

variety of temporal varying predictor data (e.g., land covers, hydro-climatology, WWTP 

loadings). Models were then used to make regional forecasts for future management scenarios. 

Using 17 years of data, we incorporated temporally specific data that allowed us to compare the 

effect of recent construction as well as older vs. newer IC in addition to short and long-term 

hydro-climatological conditions. Point source data (upstream reservoirs and WWTP loads) were 

also instrumental for model construction and forecasting water quality indicators throughout the 

UNRB.  
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This study contrasts with recent large-scale predictive studies that used machine learning 

techniques to estimate fish populations, baseline water quality conditions for specific 

conductance and nutrient levels, and current conditions for stream ecosystems across large 

regions (Endries, 2011; Olson and Hawkins, 2012; Olson and Hawkins, 2013; Hill et al., 2017). 

These approaches offer the ability to include correlated predictor data (e.g., land covers), account 

for non-linear relationships and interactions between predictors, and have good predictive ability 

(Evans and Cushman, 2009; Evans et al., 2011), but they cannot easily answer questions about 

the magnitude of relationships between predictors and response variables, offer confidence 

intervals for predictions (Mentch et al. 2016), or account for grouped data in a rigorous statistical 

framework as in hierarchical modeling. In addition, previous studies, focused specifically on data 

collected for a set time period not accounting for changes to water quality, land covers, or point 

sources over long time periods.  

4.1. Anthropogenic and natural variable classes  

Upstream land covers were found to be related to all water quality indicators in multi-

stressor HMLR models. The most dominant land cover associated with degradation of water 

quality was some form of IC (basin, buffer, recent, age) for all indicators except TN (Table 4). 

IC, a common surrogate for urbanization, had its largest effect on BI, where watershed IC alone 

could explain 65% of the variability, consistent with previous studies (Schueler 1994; Booth et 

al. 1997; Schueler et al. 2010; Miller et al. In Review). Specifically, older watershed IC (pre-

1980, pre-2000), had the largest effect of any land cover on BI, SC, and FC. This effect for BI 

might be due to development that occurred without sediment controls in place (Miller et al. In 

Review) while elevated SC and FC levels can possibly be attributable to leaky wastewater 

infrastructure (Lerner 2002; O’Driscoll et al., 2010). In addition, recent IC (previous 2 or 5 
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years), had the largest impact of any land cover on TDU and TP, likely because recent 

construction increases sediment discharge into streams (Finkenbine et al., 2000; Sutherland et al., 

2002) and phosphorous is often bound to sediments (Chapra 2008). Canopy loss in 30-m stream 

buffers was the second most impactful land cover variable and affected all indicators except 

TDU (Table 4). The ability of stream buffers to filter nutrients in surface and sub-surface flows 

has been well-established (Daniels and Gilliam, 1996; Lowrance, 1997; Naiman and Decamp, 

1997) and supports why canopy loss was the land cover variable most highly associated with 

increased TN concentrations. Canopy buffer loss was elevated in the UNRB in pasture and urban 

areas, both of which had similar mean TN values (1.40, 1.36 mg/L; Table 5). In addition, canopy 

loss was the second largest anthropogenic source of BI degradation, reaffirming the importance 

of stream buffers to downstream ecological health (Richards et al. 1996, Sutherland et al. 2002). 

Crop (buffer or basin) was also selected for four water quality models. It was positively 

associated with TDU and TN values, probably due to sediment runoff and fertilizer application 

(Beaulac and Reckow, 1982; Richards et al., 1996; Miller et al., 1997), while it was associated 

with lower FC and SC values. Lower FC values were expected in croplands due to a lack of fecal 

sources, but SC usually rises with increased fertilizer applications that increase major ions 

including calcium, magnesium, and nitrate (Johnston et al. 1990; Hamilton and Helsel, 1995). 

Wetlands were associated with lower TN concentrations in HMLRs, but this effect was relatively 

small (Table 4). Though wetlands have been shown to have the potential for denitrification 

(Seitzinger 1994), the capacity of wetlands to mitigate nitrogen can be limited if upstream flows 

pass too quickly through them (Bowden 1987). Finally, pasturelands in stream buffers were 

positively associated with increased FC, most likely attributable to the runoff of livestock waste. 
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The impact that WWTPs had on downstream water quality varied by indicator. TN and 

TP were highly affected by WWTP loadings, which had the two highest predictor contributions 

in the study (0.66, 0.47; Table 4). SC was most affected by the number of upstream major 

WWTPs, a count variable that did not quantify actual SC discharging from WWTPs. WWTP 

loading information for total dissolved solids (or SC) might have been useful for predicting SC 

but was largely unavailable for the study area. Model fit for SC when basin and site random 

effects were included, rose significantly (R2 =0.70; Table 4), implying that large basin and site 

effects (not captured by the available predictors) were present. BI scores were greatly increased 

(i.e., negative impacted) at sites within 1 km of major WWTPs (Table S3), but this effect 

diminished downstream relatively quickly (Miller et al. In review). This effect might be due to 

altered bacterial communities found near large WWTPs (Wakelin et al. 2008), possibly 

associated with chlorine residuals (Brungs 1973, Krasner et al. 2009) or other pollutants, that can 

create shifts in food webs and macroinvertebrate communities (Wallace et al. 1997, Webster et 

al. 1999). FC was also associated with increased TN loadings normalized by drainage area (a 

proxy used to represent WWTP loadings). The inclusion of this variable implies that unsterilized 

effluent is being discharged from certain WWTPs. In sum, these results imply that WWTPs are 

major sources for increased nutrients and SC, minor sources of FC, and have large but spatially 

limited effects on stream ecosystems (i.e., BI).   

Natural factors affecting water quality indicators were hydro-climatology, soil type, 

seasonal differences, and drainage area size. By including temporally varying data, we were able 

to determine the most influential time scales for hydro-climatological factors. Short-term 

precipitation (3 days) was the main driver of both TDU and FC as runoff events wash sediments 

and fecal matter into streams. Without spatially precise and temporally specific precipitation 
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data, TDU and FC model performance (i.e., R2) would have lowered significantly by -57% and -

30%, respectively. Short-term precipitation effects on TN, TP, and SC were less impactful and 

similar in magnitude to the impact of long-term precipitation for these indicators. BI was the 

only indicator not affected by short-term precipitation, a possible reason why macroinvertebrate 

community metrics are often considered the best way to evaluate stream water quality (USEPA 

2016). Soil type had its largest effect on SC and BI, while it did not affect TN and TP, implying 

that natural sources of nutrients were constant throughout the Piedmont. SC levels are closely 

connected to underlying geology (Olson and Hawkins 2012) and the most elevated region in the 

Piedmont based on model results, the Carolina Slate Belt (Table S5), has also been shown to 

have elevated SC in its groundwater as well (Harden et al. 2009). BI is highly elevated in 

Triassic basins (+0.65; Table S4), and this confirms why NC does not bioclassify 

macroinvertebrate samples for this region (NC DQ 2016). Smith River Allochthon and Inner 

Piedmont soils were regions that had below average soil random effects for BI, FC, and SC, both 

of which are located on the western edge of the Piedmont (Fig S1), implying better background 

water quality in these regions. Seasonality affected all six water quality indicators implying that 

water quality is lower in summer for all indicators, except TDU (Table S4). Increased summer 

temperatures would cause elevated evapotranspiration and reduce long-term recharge to streams, 

which would lead to increased BI, TN, TP, and SC values (Table 4). Also, though decay rates for 

FC can be elevated for increased temperatures (> 30o C; de Brauwere et al., 2014), bacterial growth 

in contaminated riparian buffer soils and stream sediments, both of which increase FC during 

precipitation events, are higher during summer months (Whitman et al., 2006). Finally, larger 

drainage basins led to lower FC values, probably attributable to the settling of fecal matter from 
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upstream sources into stream sediments where they decay (Wilkinson et al. 1995; Rehmann and 

Soupir, 2009).   

4.2. Impact and feasibility of management scenarios 

Management scenarios #1-4 represented mitigation of the impact of anthropogenic land 

covers and WWTP point source loadings on streams. Increasing canopy cover in riparian stream 

buffers by 50% (scenario #1) had the most consistent improvement for all water quality 

indicators (Table 5). Though many factors connected to water quality are out of managers 

control, potential for increased canopy cover in highly urban areas has been shown to be 

substantial (Wilson and Lindsey 2009; McPherson et al. 2010). The importance of riparian 

buffers has also been shown in past studies related to BI (Richards et al. 1996; Miltner et al. 

2004), increased sediments (Sutherland et al. 2002), and nutrient export (Lowrance, 1997; 

Naiman and Decamp, 1997).  

Mitigating the effect of IC (scenario #2) led to the largest reductions for FC and smaller 

reductions for BI, TDU, and SC. In general, scenario #2 was less effective than restoring buffer 

canopy cover (scenario #1) for improving mean water quality in all subsets of the UNRB (Table 

4). The impact of IC on water quality can be reduced by installing low impact development 

(LID) or updating stormwater control measures and these techniques have been shown to reduce 

runoff (20-90%), nutrient export (30-70%), and E. coli and FC (up to 90%) in small scale 

projects (Eckart et al. 2017). Though reductions in small-scale projects have been encouraging, 

basin-wide reductions for large scale projects are not expected to reach the same levels of 

removals (Hunt et al., 2008, Hathaway et al., 2009) mainly due to the lack of ability to retrofit all 

areas in a basin. IC (recent, age, basin, buffer) was a more impactful predictor for BI, FC, TDU, 

TP and SC (Table 4), yet restoring canopy loss led to a larger mean reduction for water quality 
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indicator even in stream reaches tha   t drained the most urban areas in the UNRB (Table 5). This 

apparent contradiction occurred for two reasons: several of the IC predictors (important for TDU 

and TP) are not highly prevalent in the UNRB and the potential for canopy restoration was 

assumed to be larger (50% increase) than mitigating the effect of IC (25% reduction; Table 3). 

More canopy restoration was assumed to occur for several reasons: 1) a 50% reduction of buffer 

canopy loss is slightly less in actual restored area (mean for UNRB = 0.69 km2) as compared to 

mitigating 25% of IC (mean= 0.89 km2), 2) planting trees is cheaper than installing LID or 

retrofitting SCM, and 3) land near streams are more likely to be available for restoration 

activities as they might be in flood zones. In addition, restoring buffer canopy loss has the 

potential to impact both highly urban and pasture lands in the UNRB leading to its greater 

influence in mean predictions. Though both reductions (50% for canopy restoration, 25% for 

mitigating IC) might seem difficult to accomplish in the near future, management scenarios were 

designed to test large-scale plans that might take decades to accomplish. The true potential for 

restoring canopy and mitigating IC in large watersheds is unknown and might vary by region. 

Management scenario #3 had almost no impact on mean UNRB water quality, partly due 

to the lack of WWTP effluent in the majority of UNRB streams (only 7% of stream reaches). 

This scenario did lower TN, TP, and SC values in the 60 stream reaches that had WWTP effluent 

in them (7%., 6%, and 11%, respectively; Table S7). Most major WWTPs in the NC Piedmont 

(Table S1) are currently discharging at mean tertiary levels for TN and TP concentrations (5.5 

mg/L, 1.5 mg/L), while many minor WWTPs continue to exceed mean secondary treatment 

levels (20 mg/L, 5 mg/L; Tchobanoglous et al. 2003; Carey and Migliaccio, 2009). More 

efficient operations as well as more recent technologies such as microfiltration (Carey and 

Migliaccio, 2009) could lower nutrient and SC discharges, but the cost of these improvements 
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would have to be weighed against the influence of WWTPs on downstream water quality. 

Though there is more potential to upgrade minor WWTP performance in the UNRB, they had no 

significant effects on BI, TDU, or SC and had very limited effects on FC, TN, and TP (Table 4) 

due to their low discharges. 

Reducing positive basin and site random effects (scenario #5), represented lowering 

water quality degradation not explained by deterministic predictors in the multi-stressor HMLRs. 

This scenario led to even higher reductions than scenario #4 (the combination of scenarios #1, 2, 

3) for all water quality indicators (Table 5). This result implies that identifying and mitigating 

site-specific causes of water quality variation not included in the deterministic components of 

these models, has the potential to lower water quality more than the combination of restoring 

canopy, mitigating IC, and reducing WWTP impacts though additional site investigation would 

be required to achieve this.  

4.3. Uncertainty related to water quality predictions  

The ability to judge past stream restoration efforts has been limited by a lack of 

monitoring data which is often not available to compare pre and post-restoration conditions 

(Palmer et al. 2014). In order to explore uncertainty in observing water quality reductions related 

to potential future management scenarios, predictions for pre (current conditions) and post-

monitoring (management scenario #4) samples were simulated for all water quality indicators. 

Reductions in post-restoration mean BI values (as compared to pre-restoration) were expected to 

be observed with the fewest number of samples (95% of the time for > 6 samples; Fig. 3) 

followed by TN, FC, and SC (80% for > 36 samples). Mean TP and TDU showed little chance 

for observing an improvement due to the high stochasticity of these indicators within UNRB 

streams (i.e., high model error). Also, the most important anthropogenic predictors for TP and 
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TDU that could be improved during management scenarios were not widespread in the UNRB 

(i.e., recent IC, TP loading). In contrast, FC had low model skill, but improvements were likely 

to be seen due to the strong influence of pre-2000 IC and canopy buffer loss on FC and their 

abundance throughout the UNRB (Table 4). If more stringent reductions (i.e., statistically 

significant differences in mean values of pre and post-sampling) were required, these 

probabilities would lower significantly for all indicators, except BI (Fig. 3 bottom).  

Additional model uncertainty, not quantified in this analysis, relate to limitations inherent 

in using statistical inference, time lags associated with improvements in water quality, and 

interactions that might be occurring between predictors. Correlation is not causation and the 

relationship of predictors to response variables in statistical frameworks cannot be assumed to be 

direct causes. Even though much research has explored the mechanistic connections that occur 

between land cover predictors in this study (IC, buffer canopy loss, crop, wetlands) and water 

quality (Seitzinger 1994; Lowrance, 1997; Naiman and Decamp, 1997; Walsh et al. 2005), IC 

and canopy buffer loss are still proxies for urbanization and/or agricultural areas and the various 

forms of degradation caused by them. Simply restoring canopy cover in urban or pasturelands, 

might not be able to mitigate other sources of pollutants that are found concurrently near buffer 

canopy loss areas or reverse the effects of other factors related to the initial removal of canopy 

cover or addition of IC (e.g., soil impaction). Post-restoration sampling is also predicted 

assuming that all improvements to water quality indicators have already occurred. Though 

mitigating some predictors, like WWTP nutrient loadings, might immediately lower in-stream 

water quality values, stream ecology (i.e., BI) has been shown to return slowly, if at all, to 

previous conditions after restoration efforts (Spanhoff and Arle 2007), while restoring canopy 

cover would take decades to achieve. Finally, interactions between predictors were not 
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considered in this study. Buffer canopy loss and watershed IC were correlated in the UNRB (r = 

0.62), and the mitigation of canopy loss in high IC areas might have a different effect than in 

lower IC or pasture areas. Also, mitigating IC and restoring buffer canopy might have an 

accelerated (or reduced) effect on water quality improvement. Though statistical models have 

limits and there are uncertainties inherent in forecasting water quality, our results give some 

guidance to how much sampling needs to be done in order to observe mean differences, and what 

expected post-restoration conditions might be look like if past land use effects are effectively 

mitigated. Changes to BI should be observable (> 95%) within 6 samples (i.e., 6 years) for mean 

UNRB stream, while it would take 36-48 samples (i.e., 3-4 years of monthly sampling) to have 

an 80% chance of observing changes to FC, TN and SC. Even after 60 samples, TP and TDU 

will likely show low improvement basin wide, though results for specific reaches would vary.     

4.4. Site and basin random effects  

A hierarchical framework was used in this study to account for intra-class correlation of 

repeatedly sampled data (site random effects) and to quantify correlation between sites that were 

hydraulically connected (basin random effects). For BI, TN, TP, SC and TDU, site variability 

was similar in magnitude (Table 4) to variability across basins. This implies that though there is 

correlation among sites within a given basin, a large amount of variability still exists among 

those sites. Basin variability for TN, TP, and SC might reflect variation in WWTP discharges not 

accounted for by mean discharge data or unaccounted for septic overflows while BI and TDU 

basin effects could be related to varying soil conditions in upstream watersheds that lead to 

varying levels of runoff and/or sediment and pollutant transport. FC was the only indicator to not 

have a basin random effect (Table 4; S3), implying that there is little spatial correlation of FC 

values in streams, probably due to particularly site-specific sources of FC along stream networks 
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and the quick removal of FC from the water column due to settling and other natural factors 

(Wilkinson et al. 1995; Rehmann and Soupir, 2009). Spatial correlation was not modeled in 

detail, in contrast to previous work (spatial stream networks; Hoef et al. 2010), as the large 

number of observations used for water quality indicators (Table 1) would have made it 

computationally intractable (> 1000 observations; Hoef et al. 2014). Our observed water quality 

data were also not temporally compatible (i.e., not collected at the same time), and spatial 

correlations between sampling sites were expected to be limited, because the majority of sites 

were not hydraulically connected (Table 1).  

Though we used random effects in this study to help parameterize our model, explore 

regional soil differences, and quantify the accuracy of deterministic predictions; water quality 

managers could use them to prioritize inspections of specific basins or sites that deviate from 

mean conditions. In addition, analyzing deterministic predictions of water quality indicators 

along with their site and basin random effects can help local managers assess which sites might 

be ideal for restoration activities (Miller et al. In review). Variation in observing water quality 

differences in pre and post-restoration sites was high among stream reaches (Fig S5), which 

highlights the importance of choosing ideal restoration sites. 

4.5. Summary  

This study identified major natural and anthropogenic drivers of water quality indicators 

(BI, FC, TDU, TN, TP, and SC) and predicted their values throughout a regional stream network 

(UNRB). Water quality models show that BI is mostly affected by upstream land covers (IC and 

canopy loss in stream buffers), FC and TDU are driven by short-term precipitation, and TN, TP, 

and SC variability is best explained by WWTP loadings. Temporal variability in IC showed that 
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recent IC affected TDU and TP, while older IC (e.g., pre-1980) increased BI, FC, and SC. BI 

was the water quality indicator that was most accurately predicted using deterministic factors 

(R2=0.76) and showed the highest probability of observable differences due to management 

scenarios. Five potential management scenarios were forecasted for the UNRB and compared to 

current conditions under different hydro-climatological conditions (dry, median, and wet 

conditions). Restoring canopy cover in stream buffers was the most impactful scenario and 

improved water quality for all indicators except TDU. Identifying and mitigating site-specific 

drivers of water quality improved water quality more than mitigating upstream land covers and 

point sources. Uncertainty in water quality forecasts for the UNRB was assessed and helped 

identify that BI, TN and FC would be the water quality indicators most likely to show observable 

differences after restoration occurred.  

There is much value in studying long-term effects on stream ecosystems (Jackson and 

Fureder, 2006), but a lack of methodological tools and limited time series of predictor data (i.e., 

land covers) are often obstacles to analyzing long-term regional datasets. This study shows the 

ability of a hierarchical approach to model complex multi-decadal datasets in a computationally 

tractable way that offer insight into sources of water quality alteration as well as identification of 

potential sites or basins that are particularly elevated. Regular and intensive data collection is 

currently practiced by most environmental agencies, and modeling techniques that allow the 

inclusion of all available data (e.g., historical data, spatially correlated data) and synthesize these 

datasets in meaningful ways are needed in order to help inform local and state management 

decisions as well as bolster future research efforts. 
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Supplementary Materials 

 

Figure S1: 9 Major geologic regions in the NC Piedmont. Water quality sampling locations had 

samples for either : fecal coliform (FC), turbidity (TDU), total nitrogen (TN), total phosphorus 

(TP), and/or specific conductance (SC). Many sampling locations for the biotic index (BI) were 

at separate locations. 
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Figure S2: 1423 points used for predictions in the UNRB. Each point is the midpoint of a NHD 

Plus stream that was deemed to be wadeable (i.e., > 2 km2 and < 500 km2). 
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Figure S3: Observed vs. Predicted plots with only deterministic factors (candidate predictors 

and soil condition). 
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Figure S4: Observed vs. Predicted plots for full HMLRs including site and basin random effects.  
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Figure S5: Chance that mean post-restoration sampling in highly urban areas will have an 

improved (i.e., lower) value to mean pre-restoration samples for FC. Lines represent model 

uncertainty (model error), model plus random short term weather (short), model plus random 

long term weather (long), and model plus random short and long term weather(short_long). In 

addition, the fraction of simulations that led to statistically significant differences between pre 

and post sampling are also shown (t-test). Error bars represent the 10th and 90th percentile 

probability of the 142 highly urban stream reaches. The line for model error does not appear on 

the graph because it is identical to values for “long”, while “Short_long” does not appear because 

it is identical to “Short.” 
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Table S1: Summary of WWTP discharges divided between major (> 1 MGD) and minor 

WWTPs.   

 

Type of  

WWTP 

Water quality  

parameter 
Units 

# of 

 

WWTP 

# of  

monthly 

records 

Values 

5% Median Mean 95% 

 Discharge MGD 108     38,498  0.0 1.8 32.3 132.0 

Major 

Total Nitrogen mg/L 102     23,624  0.7 8.8 12.9 27.4 

Total Phosphorus mg/L 103     23,722  0.0 1.1 1.9 5.2 

Turbidity NTU 9          732  0.2 1.5 3.6 10.9 

Specific conductance SU 57     10,740  305.0 628.3 900.5 1920.0 
 Discharge MGD 466   102,918  0.0 0.0 0.1 0.4 

Minor 

Total Nitrogen mg/L 275     25,238  0.3 12.4 17.3 48.6 

Total Phosphorus mg/L 274     27,495  0.0 2.1 3.0 7.7 

Turbidity NTU 99       8,120  0.0 4.5 10.0 30.5 

Specific conductance SU 69       5,031  28.6 507.0 1211.1 

    

2,820  
 

 



   

149 

 

Table S2: The change in BIC from baseline models when each candidate predictor variable was added to the baseline model. In each 

variable class, the predictor that had the lowest value (-6 at a minimum) where then selected to be candidates for the multi-stresssor 

HMLRs for each water quality indicators: biotic index (BI), fecal coliform (FC), turbidity (TDU), total nitrogen (TN), total 

phosphorus (TP), and specific conductance (SC).”X” indicates variables that were selected and remained in multi-stressor models, 

while “x” represent variables that were parsed from the multi-stressor models for not being significant.  

 

 

 

 

 

 

Candidate predictor variable

Δ BIC from

 baseline

model

Selected 

for multi-

stressor 

HMLR

Δ BIC from

 baseline

model

Selected 

for multi-

stressor 

HMLR

Δ BIC from

 baseline

model

Selected 

for multi-

stressor 

HMLR

Δ BIC from

 baseline

model

Selected 

for multi-

stressor 

HMLR

Δ BIC from

 baseline

model

Selected 

for multi-

stressor 

HMLR

Δ BIC from

 baseline

model

Selected 

for multi-

stressor 

HMLR

% Canopy watershed -34.4 -18.7 11.3 0.9 7.1 -33

% Canopy stream buffer -64.2 -150.8 X -1 -54.9 X -17.7 X 0.3

% Canopy watershed (log) -82.0 -22 6.5 0.3 5.5 -47.1 X

% Canopy stream buffer (log) -116.7 X -89.3 3.2 -37.7 -13 -0.7

% Crop basin -15.2 -42.6 6.7 -86.6 X 2.5 -56.1 X

% Crop buffer -29.4 -50.8 9.1 -29.9 7.6 -0.9

% Crop basin (log) -80.6 x -52.7 -7.9 X -38.6 0.4 -37.7

% Crop buffer (log) -77.9 -55.5 X 8.6 -19.8 7.8 -0.1

Drainage area Drainage 1.8 -25.9 X 11.6 -1.1 7 -0.3

Elevation Elevation -26.0 x -33.7 x 10.1 0.9 7.2 -0.2

Prec, 1 day -28.4 -2518.9 -4515.4 -106.1 7.3 -954.4

Prec, 3 day -29.4 -2364.7 -5188.1 -193.7 -14.9 -1566.6

Prec, 7 day -33.5 -1513.1 -4266.9 -222 -62 -1874.6

Prec, 14 day -36.9 -1007 -2909.4 -215.3 -62.7 -1528.6

Prec, 1 day (log) -28.6 -2546.6 -4859.9 -118.4 7 -1017.8

Prec, 3 day (log) -29.3 -2774.3 X -5653.6 X -217 -17.4 -1675.3

Prec, 7 day (log) -34.5 -1625.1 -4720.9 -258.5 -68.7 X -2015.1 X

Prec, 14 day (log) -38.3 x -1078.5 -3326.7 -260.5 X -66.2 -1681.4

SC

Hydro-climatology

(short)

Canopy Loss

Crop

BI FC TDU TN TP
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Table S2 (continued) 

 

 

Candidate predictor variable

Δ BIC from

 baseline

model

Selected 

for multi-

stressor 

HMLR

Δ BIC from

 baseline

model

Selected 

for multi-

stressor 

HMLR

Δ BIC from

 baseline

model

Selected 

for multi-

stressor 

HMLR

Δ BIC from

 baseline

model

Selected 

for multi-

stressor 

HMLR

Δ BIC from

 baseline

model

Selected 

for multi-

stressor 

HMLR

Δ BIC from

 baseline

model

Selected 

for multi-

stressor 

HMLR

Prec, 1 month -14.4 -110.1 -208 -80.6 -23 -570.8

Prec, 3 month -6.3 -253.3 -436.8 -117.8 -18.4 -841.4

Prec, 6 month 5.5 -95.1 -189 -133.3 -75.8 -1046.8

Prec, 12 month 0.6 -154 -336.5 -167.6 -121.2 -1171

Prec, 24 month 7.3 -111.1 -152.4 -98.6 -91 -724.2

SPI, 1 month 5.4 -448.9 X -1022.7 X -87.6 -5.4 -747.1

SPI, 3 month -18.0 -167.8 -684.7 -227.1 -71.6 -1611.2

SPI, 6 month -13.9 -131.5 -771.2 -289.6 X -145.1 X -1997.5 X

SPI, 12 month -3.3 -267.3 -714.5 -224.4 -143.6 -1568.7

SPI, 24 month 6.8 -214 -341.2 -126.6 -98.3 -1029.4

Prec, 1 month (quad.) -10.6 -104.5 -244.4 -82.1 -15.9 -562.4

Prec, 3 month (quad.) -22.7 X -251.5 -468.2 -108.7 -10 -848.5

Prec, 6 month (quad.) -2.7 -90.4 -179.1 -128.3 -66.8 -1049.9

Prec, 12 month (quad.) -15.9 -148.8 -400.4 -158 -124 -1188.8

Prec, 24 month (quad.) 11.4 -101.4 -150.1 -89.3 -89.6 -765.1

SPI, 1 month (quad.) 9.9 -439.1 -1013.8 -83 2.3 -750.4

SPI, 3 month (quad.) -15.4 -158.7 -676 -217.6 -65.8 -1622.5

SPI, 6 month (quad.) -21.1 -130.9 -762.7 -283.1 -144.1 -1992.1

SPI, 12 month (quad.) -4.3 -284 -758.5 -214.8 -145.0 -1565

SPI, 24 month (quad.) 12.3 -204.5 -333.4 -118.5 -106 -1043.2

% IC basin na -15.4 11.6 -1.5 7.8 -24.4 x

% IC stream buffer 2.7 -157.2 x 0.3 -31.8 X -9.7 x -0.5

% IC basin (log) na baseline -18.5 6.9 0.6 5.8 -70

% IC stream buffer (log) -1.7 -71.6 10.5 -6.7 -1.1 -0.9

IC basin, previous 2 yrs 5.4 -26 0.7 -2.2 -45.5 X -24.9

IC basin, previous 5 yrs 4.3 -19.5 -15.4 0.8 -33.4 -64

IC basin, previous 2 yrs (log) 1.8 -23.6 -5.6 0.6 -29 -32.4

IC basin, previous 5 yrs (log) 2.4 -19.4 -28.5 X 0.8 -17.5 -33.8

IC, pre 1974 -48.2 11.4 -7.3 7.1 -18.7

IC, pre 1980 -48.7 11.6 -7.1 7.1 -20.2

IC, pre 1990 -51.4 11.6 -6.9 6.6 -22.4

IC, pre 2000 -59.1 X 11 -6.7 4.1 -19

IC, pre 1974 (log) -28.8 -49.4 10.6 -7.2 5.9 -60.4

IC, pre 1980 (log) -32.3 X -48.8 9.9 -7.2 6 -61.8 X

IC, pre 1990 (log) -25.8 -54.9 8.5 -7.5 4 -59.7

IC, pre 2000 (log) -0.3 -55.6 6 -7.6 x 2.2 -54.4

Hydro-climatology

(long)

IC

IC (recent)

IC (age)
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Table S2 (continued) 

 

 

 

Candidate predictor variable

Δ BIC from

 baseline

model

Selected 

for multi-

stressor 

HMLR

Δ BIC from

 baseline

model

Selected 

for multi-

stressor 

HMLR

Δ BIC from

 baseline

model

Selected 

for multi-

stressor 

HMLR

Δ BIC from

 baseline

model

Selected 

for multi-

stressor 

HMLR

Δ BIC from

 baseline

model

Selected 

for multi-

stressor 

HMLR

Δ BIC from

 baseline

model

Selected 

for multi-

stressor 

HMLR

Pasture basin -13.2 x -10.4 11.6 0.2 7.3 0.1

Pasture stream buffer -10.7 -45.7 7.1 -0.1 6.1 -3.8

Pasture basin (log) -5.8 -15.2 10.7 0.9 7.4 -2.2

Pasture stream buffer (log) -5.8 -68.2 X 3.1 -3.9 6.4 -7.8

Reservoir (within 1 km) 2.6 -12 10.5 -0.6 3.7 -0.8

Reservoir (within 5 km) -6.9 X -13.9 11.2 -1.4 7.3 0.3

Reservoir (within 10 km) -3.5 -14.9 x 8.5 -1.1 6.2 -0.6

Sampling method BI sampling methods na baseline na na na na na

Season Seasonal categorical variable X X X X X X

Wetlands basin -6.8 -22.8 5.9 -1.2 5.7 -59.2

Wetlands stream buffer -1.8 -10 3.3 -14.3 X 6.6 0.3

Wetlands basin (log) -10.0 -27.8 x 2.1 -2.9 5.6 -34 X

Wetlands stream buffer (log) -10.0 X -16.3 5.2 -9.7 -2.5 0.3

Major WWTP (within 1 km) -19.7 X

Major WWTP (within 5 km) -17.0

Major WWTP (within 10 km) -13.9

# of Major WWTP -12.7 10.8 -0.2 -16.8 -35.8 X

# of Minor WWTP -9.8 5.1 -0.4 7.2 -2.3

TN (or TP) load/drainage 1.9 -9.8 10.1 na -257.1 -17.7

TN (or TP) load/drainage (log) -11.1 -19.6 X 1.7 baseline X -331.5 X -10.7

Year Year of  sample -75.0 X -110.8 X 11.6 -12.4 x -41.6 x 0.3

WWTPs

Pasture

Wetlands

Reservoirs
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Table S3: Model coefficients for six water quality indicators: biotic index (BI), fecal coliform 

(FC), turbidity (TDU), total nitrogen (TN), total phosphorus (TP), and specific conductance 

(SC).  Hyperdistributions of all random effects are presented in their transformed units. All 

coefficients with a “*” mean that the predictor variable was log transformed. 

  BI FC TDU TN TP SC 

Intercept 4.37  3.05   2.20 0.57  0.06   4.12 

Canopy loss (buffer) 0.48*   0.02    0.008  0.001  0.07* 

Crop (buffer)    -0.47*         

Crop (watershed)     0.17* 0.05     -0.05 

Drainage    -0.002         

Hydro-Clim, short (days)  4.23* (3) 3.28* (3) -0.19* (14) -0.10* (7) -0.54 (7) 

Hydro-Clim, long (mos.) -3.16 (4.06) 0.09 (1) .11 (1) -0.04 (6) -0.02 (6) -0.07 (6) 

IC, buffer       -0.008     

IC, basin 0.30*      

IC, age (year)  0.15*  0.33* (00)       0.23*(80) 

IC, recent (years)     0.30* (5)       0.12* (2)  -0.14* (5) 

Pasture (buffer)   0.37*          

Reservoirs, 5 km 0.35            

Samp. Method 

(ept,qual4) -0.92,-0.01      

WWTP loadings 
  0.16* (TN)    0.63* (TN)  

 0.74* 

(TP)    

# of WWTP upstream              

WWTP proximity  0.62        
Wetlands (buffer)        -0.01    0.06* 

Year  -0.01     0.006      

Soil random effect N(0,0.41) N(0,0.28) N(0,0.14) - - N(0,0.24) 

Site random effects 
N(0,0.31)

  N(0,0.90)  N(0,0.24)  N(0,0.23)  N(0,0.08)  N(0,0.28)  

Basin random effect 
N(0,0.39)

  -  N(0.23)  N(0,0.21)  N(0,0.09)  N(0,0.29)  

Season, winter -0.24 -0.64 0.08 -0.07 -0.08 -0.14 

Season, spring -0.25 -0.54 0.00 -0.10 -0.08 -0.16 

Season, fall 0.06 -0.28 -0.30 -0.01 -0.01 -0.01 
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Table S4: Seasonal offsets for the multi-stressor models for six water quality indicators: biotic 

index (BI), fecal coliform (FC), turbidity (TDU), total nitrogen (TN), total phosphorus (TP), and 

specific conductance (SC).  All values are in the units of the response variable (i.e., log 

transformed except for the BI), and standard errors are shown in parenthesis. 

 Seasonal offsets (from Summer) 

  Fall Winter Spring 

BI 0.06 (0.04) -0.24 (0.03) -0.21 (0.04) 

FC -0.28 (0.03) -0.64 (0.03) -0.54 (0.03) 

TDU -0.31 (0.01) 0.08 (0.01) -0.01 (0.01) 

TN -0.01 (0.01) -0.07 (0.01) -0.01 (0.01) 

TP -0.01 (0.01) -0.08 (0.01) -0.08 (0.01) 

SC -0.01 (0.01) -0.14 (0.01) -0.16 (0.01) 
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Table S5: Soil random effects for the multi-stressor models for six water quality indicators: 

biotic index (BI), fecal coliform (FC), turbidity (TDU), total nitrogen (TN), total phosphorus 

(TP), and specific conductance (SC).  All values are in the units of the response variable (i.e., log 

transformed except for the BI). Missing values (-) for TN and TP showed there were no random 

effects for those models while missing values for Eastern Slate Belt and Sauratown Mountians 

imply there were no water quality samples taken in those regions. 

 Soil random effects 

 BI FC TDU TN TP SC 

Carolina Slate Belt 0.26 -0.08 -0.32 - - 0.33 

Charlotte Belt 0.25 0.19 0.36 - - 0.03 

Triassic 0.65 0.16 -0.25 - - 0.19 

Eastern Slate Belt 0.01 - - - - - 

Inner Piedmont -0.41 -0.05 0.23 - - -0.33 

Kings Mountain Belt -0.03 0.07 0.05 - - -0.03 

Milton Belt 0.03 -0.10 -0.09 - - 0.10 

Raleigh Belt 0.21 -0.15 -0.04 - - 0.10 

Sauratown Mountains  -0.49 - - - - -0.04 

Smith River 

Allochthon -0.47 -0.07 - - - -0.12 
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Table S6: Cross validation of multi-stressor HMLR models 

 

  BI FC TDU TN TP SC 

R2 (multi-stressor HMLR) 0.76 0.25 0.28 0.54 0.32 0.42 

R2 (CV, fold #1) 0.69 0.23 0.22 0.54 0.30 0.30 

R2 (CV, fold #2) 0.73 0.22 0.25 0.54 0.33 0.27 

R2 (CV, fold #3) 0.69 0.22 0.24 0.54 0.32 0.29 

R2 (CV, total dataset) 0.69 0.22 0.24 0.54 0.32 0.29 
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Table S7: Summary of mean water quality condition in the Upper Neuse River Basin (UNRB) 

for stream reaches with above a minimal amount of WWTP loading [>0.1 kg TN/(day*km2)]. 

Median current conditions and five potential management scenarios are shown along with 

predictions for wet (90th percentile) and dry conditions (10th percentile short and long-term 

precipitation) made for current conditions and management scenario #4.  

 

 

Management  

Scenario 
BI 

(0-10) 

TDU 

(NTU) 

FC 

(#/100 

mL) 

TN 

(mg/L) 

TP 

(mg/L) 

SC 

(SU) 

Wastewater 

affected 

reaches 

(60 sites) 

Current 6.40 10.3 93 2.11 0.28 180 

Current 

(wet) 6.35 26.1 272 1.76 0.21 139 

Current 

(dry) 6.52 8.0 73 2.47 0.33 214 

#1 -5% 0% -19% -14% -7% -4% 

#2 -3% -3% -11% 0% 0% -2% 

#3 0% 0% -1% -7% -6% -11% 

#4 -8% -3% -28% -19% -12% -17% 

#4 (wet) -8% -3% -28% -21% -16% -17% 

#4 (dry) -8% -3% -28% -18% -11% -17% 

#5  -10% -18% -48% -37% -35% -29% 
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Conclusion  

Hierarchical modeling was used throughout this dissertation to draw statistical inferences 

from over 70,000 fish trawls in 33 Gulf of Mexico (GoM) estuaries, and more than 90,000 

samples for six water quality indicators across NC Piedmont wadeable streams. In all three 

chapters, the flexibility of a hierarchical framework accounted for group-level variation (e.g., 

estuaries, sites, and basins), allowing for rigorous screening of watershed stressors that were 

linked to in situ biological and chemical water quality. Hierarchical model outputs (i.e., random 

effects) were also helpful in answering different scientific and management questions in all three 

chapters. Though all chapters were joined by a similar methodology, model construction (e.g., 

variable selection, predictor data), analysis of random effects (e.g., comparing regional 

differences, identification of restoration sites; Fig. 2.4), and the ultimate end use of multi-stressor 

models (e.g., determining benchmark conditions, comparing relative importance of predictors, 

forecasting future water quality) varied by chapter. All chapters demonstrated that a hierarchical 

framework is a computationally tractable and useful modeling approach for modeling large 

regional aquatic systems. The following paragraphs identify the key findings for each study 

followed by a final section dealing with possible areas for future work. 

Chapter 1 presents the first regional study to link the biological condition of estuaries to 

basin-level watershed stressors. We created a methodology for ranking estuaries based on their 

deviation from benchmark conditions: least disturbed (LDC) or minimally disturbed (MDC). By 

identifying dominant watershed stressors that affected large number of species throughout the 

GoM [total anthropogenic (urban, crop and pasture) land use, crop land use, the number of toxic 

release sites in upstream watersheds, and agriculture (crop and pasture) in shoreline buffers; 

Table 1.5], estuaries could be ranked based on their current amount of upstream watershed stress 
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(Fig 1.2; 1.3). Variable selection for GoM watershed stressors was based on statistical 

significance (95% confidence interval) and the number on species affected throughout the GoM 

while hierarchical offsets helped compare state sampling efficiency and distinguish estuaries that 

might have better or worse conditions than model predictors suggested (Fig 1.4; 1.5).  

Chapter 2 presents the first use of a hierarchical multiple linear regression (HMLR) 

approach to model macroinvertebrates [i.e., biotic index (BI)] throughout a regional aquatic 

system. This study builds on previous research that used hierarchical modeling to compare 

individual stressors that varied across nine US regions (Cuffney et al. 2011; Qian et al. 2010). 

We compared the impact of co-varying predictor variables on BI and then ranked their relative 

impact on stream biotic indices (BI; Fig 2.2). Our results imply that watershed IC and canopy 

removal in stream buffers are the two largest anthropogenic sources of degradation for the 

biological health of streams, and canopy removal has two to 9 times the impact on BI on a per 

hectare basis, as compared to the addition of watershed IC (Fig 2.3). Recent construction (post-

1980) also impacted stream BI 30% less than older development (pre-1980; Table 2.5; Fig 2.3), 

potentially attributable to NC regulatory sediment controls for construction implemented after 

1980 (NC DEQ 2017; Howells 1990). Variable selection was performed by testing the 

improvement to baseline models by adding auxiliary stressors using the Bayesian Information 

Criteria (BIC). In contrast to the GoM, where change in land covers was considered constant 

throughout the study period, temporal changes in impervious cover were incorporated as 

candidate predictors in chapter 2 and allowed comparisons between the effects of older vs. newer 

impervious cover on BI. Water quality managers are often faced with the need to improve the 

ecological health of streams without knowing what the best possible conditions are for degraded 

urban areas (Paul et al. 2009; Paul 2015). In chapter 2, I showed how multi-stressor HMLR 
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predictions along with site random effects could be used to identify potential restoration sites 

with greater recovery potential (Fig 2.4).  

Chapter 3 built upon the model construction and variable selection of chapter 2. Multi-

stressor HMLR models were constructed for five additional water quality indicators: fecal 

coliform (FC), turbidity (TDU), total nitrogen (TN), total phosphorus (TP), and specific 

conductance (SC; Table 3.4); and then mean water quality values were forecasted throughout the 

Upper Neuse River Basin (UNRB) for potential future management scenarios (Table 3.5). 

Restoring canopy cover improved mean stream health throughout the UNRB more than 

mitigating IC or reducing wastewater treatment plant loadings. There was a large amount of site 

and basin variation for indicators that implied the need and importance for identifying additional 

site-specific sources of degradation. Considering model and weather uncertainty, BI, TN and FC 

were most likely to have observed water quality changes in response to management actions. 

Several additional predictors were considered in this chapter, temporally specific short-term 

precipitation data and WWTP nutrient loadings, which were instrumental for creating working 

models for FC, TDU, TN, TP, and SC. Also, basin random effects were added to site random 

effects and offered insight into spatial correlations of water quality indicators.  

Future directions that logically follow from this work include the downscaling of 

projects, adding more complexity to random effects (i.e., random slopes), and comparing this 

approach to other methodologies (i.e., machine learning techniques) that have been used to 

model regional water quality. Though downscaling projects would eliminate the advantage of 

leveraging data across groups (i.e., estuaries, watersheds, sites), identifying local factors (not 

accounted for in our models) that are affecting water quality could help our understanding of the 

substantial local variance occurring with groups. Research could address the variation of the 
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biological condition within different estuarine subsections or focus on a particular city where 

more detailed watershed data (e.g., sewage infrastructure, BMP installations) are available. At 

smaller scales, it might also be feasible to add water quality variables (e.g., specific conductance, 

dissolved oxygen, total nitrogen), which have been related to ecological health in previous 

assessments (USEPA 2006, 2016, Cuffney et al. 2010). As more construction occurs after recent 

and more stringent regulations (i.e., post-2005; EPA 2005), smaller study areas are probably 

necessary to help determine the expected ecological benefits of these rules. Random slopes could 

be explored to address questions about whether the relationship between watershed stressors and 

water quality (i.e., model coefficients) change across groups (e.g., estuaries, city). This could test 

time trends in different GoM estuaries or quantify the effect of IC on BI in different cities. 

Finally, variable selection and the modeling approach I employed contrast with machine learning 

models (i.e., random forests) that have been used recently for modeling regional aquatic systems 

(Olson and Hawkins, 2012; Olson and Hawkins, 2013; Hill et al. 2017). Though random forest 

modeling has advantages including good predictive ability (Evans and Cushman 2009; Evans et 

al. 2011), they do not relate predictors to response variables with coefficients that quantify 

uncertainty and often are not conducive to answering research questions or dealing with grouped 

data. Comparing this type of modeling approach to hierarchical modeling to check for 

consistency in variable selection and water quality predictions could give insights into the 

advantages and limitations of each approach. 
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