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Abstract 

Rivers transform more than half of the organic inputs they receive from 

terrestrial systems. In addition to providing the energetic base to sustain stream food 

webs, the metabolic processes that drive these transformations are linked to multiple 

elemental cycles and result in oxygen depletion and the release of greenhouse gasses to 

the atmosphere. Despite this central importance we lack a sufficient understanding of 

what drives the energetics of stream ecosystems to make broad scale predictions about 

metabolic rates and biogeochemical cycles. This dissertation addresses how local 

controls interact with hydrologic and geomorphic constraints to determine the nature 

and magnitude of stream carbon and energy cycling.  

Through field observations and ecosystem process models, this study 

characterizes the spatial and seasonal biogeochemical dynamics of a single study 

system, New Hope Creek, a low gradient 3rd order river in the North Carolina Piedmont. 

I present a mechanistic explanation of stream ecosystem functioning from three 

different perspectives and use the insights gained to confront existing conceptual 

models and methods in river science. In chapter two, I examined the frequency and 

dynamics of river hypoxia, or depleted dissolved oxygen, in the North Carolina Piedmont 

by synthesizing state monitoring records since the 1960s and by collecting high 

resolution measurements of oxygen along a 20 km section of New Hope Creek. In 

chapter three, I monitored dissolved oxygen concentrations and modeled the metabolic 
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regimes across six river segments over the course of three years. I compared the rates 

and seasonality of annual metabolism across space and time and examined the impact 

of climatic, hydrologic, and geomorphic drivers. Using the scales of this variation for 

context, I compared the metabolic regime in New Hope Creek today to a historical study 

of annual metabolism collected fifty years ago in the same site. In chapter four, I 

measured dissolved greenhouse gas concentrations from autumn to the following spring 

at the six study locations from chapter three. I calculated the rate of exchange of CO2, 

CH4, N2O and O2 with the atmosphere, estimated the fraction of this flux that was 

attributable to instream metabolic processes, and determined the best predictors for 

each concentration and flux rate. 

The results from this research have implications for both conceptual models and 

methodological approaches. First, I found that hypoxia is widespread throughout New 

Hope Creek. It can arise through oxygen supply limitation due to seasonal low flows and 

warm water, even in the absence of high organic matter and nutrient loading. Hypoxia is 

most frequent at night and in pools and therefore is systematically underrepresented by 

state-wide monitoring records which rely on daytime point samples and avoid pools. 

Second, warmer water temperatures accelerate stream carbon cycling. The effects of 

rising temperatures on stream ecosystem respiration are contingent upon organic 

matter inputs and storage, each of which are strongly constrained by flow regime and 

local geomorphology. Hydrologic settings in which storms are more frequent or more 
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severe will drive high variability in the transport and fate of organic matter processing in 

streams. Third, the geomorphology and hydrology of New Hope Creek create conditions 

under which stream metabolic cycling is the dominant control on greenhouse gas 

concentrations and flux rates. 

These findings challenge preconceived notions about how rivers work and 

encourage us to reconsider conceptual models. Rivers are lotic ecosystems, which are 

defined by their advective flow, with the implication that they are well aerated and 

rarely hypoxic. Methods in stream ecology are not suited to study the conditions that 

arise during lentic, or non-flowing, time periods and as a result, the geomorphologies 

that create these conditions are avoided and understudied. However, these results 

suggest that they are control points of biogeochemical activity and that they may be 

more susceptible to change in response to anthropogenic drivers. Collectively, this study 

calls into question the binary distinction between lotic and lentic ecosystem dynamics 

with which we tend to categorize and study freshwater ecosystems. To understand the 

full range of variability of inland waters we must broaden our conceptual frameworks 

and adapt our methods of study to encompass ecosystems that span this divide.  
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1. Introduction 

Ecosystems emerge from the interaction of physical, chemical, and biological 

processes and their landscapes (Swanson et al. 1988; Schlesinger and Berhnardt 2013). 

The biological processes and energy transformations that drive ecological functions are 

based in the geologic structure upon which they develop and are shaped by physical 

drivers as landscapes evolve or are modified by humans (Hooke 2000; Richter and 

Billings 2015; Ross et al. 2015). In no ecosystems are these transformations such an 

intrinsic component (Leopold et al. 1964) or are human modifications so ubiquitous 

(Wohl and Merritts 2007; Clifford and Heffernan 2018) as in rivers. River ecosystems are 

organized around their hydrogeomorphic templates (Poole 2010), which are far from 

static. The form of a river evolves at timescales that are relevant to biological processes 

and at which this variation can be reasonably studied. Shifts in hydrology or in sediment 

regimes (both anthropogenic and natural) take place rapidly. The established literature 

in fluvial geomorphology (Leopold et al. 1964) and hydrology (Hornberger et al. 1998) 

along with the primacy of physical controls makes rivers the perfect systems for 

developing ecological theory about how physical form determines ecological function.  

Rivers are integrators of landscapes, they serve to link elemental and energy 

cycles in terrestrial, atmospheric and oceanic environments (Aufdenkampe et al. 2011). 

They are convergence zones of water (McClain et al. 2003), collecting sediments and 

dissolved material from terrestrial ecosystems. They serve a role both in the transport 
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and the transformation of those materials, determining in a large part how and where 

carbon and energy are cycled throughout landscapes (Wohl et al. 2017). This 

dissertation characterizes the dynamics of energetic and biogeochemical cycling in a 

river and describes the role of geomorphology, hydrology, biology, and a changing 

thermal regime in shaping them.  

1.1 River ecosystem energetics 

Ecosystem metabolism is the sum of all biological processes that produce organic 

carbon from CO2 and oxidize it back through respiration. This energetic transaction 

provides the fuel for life and drives the biogeochemical cycling of elements. Most often 

in rivers, it is estimated by measuring changes in dissolved oxygen, which captures 

photosynthesis and the aerobic component of respiration (Odum 1956; Appling et al. 

2018b).  Stream ecosystems are primarily fueled by organic matter inputs that come 

from outside the system such as plant material or soils which means that on balance, 

they consume more organic carbon than they produce and are net heterotrophic 

ecosystems (Webster and Meyer 1997).  

Through these energetic processes, rivers metabolize a substantial amount of 

terrestrial organic material and nutrients into carbon dioxide, methane, nitrogen gas, 

and nitrous oxide (Cole and Caraco 2001; Mulholland et al. 2008; Stanley et al. 2016) 

and contribute on a global scale to carbon cycling (Cole et al. 2007; Raymond et al. 

2013). Metabolism drives the linked biogeochemical cycles of redox active elements 
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through activation of anaerobic metabolic pathways (Hedin 1990; Megonigal et al. 

2003), which are responsible for the production of greenhouse gases and the 

mobilization of trace metals (Chapman et al. 1998). While it has been demonstrated 

that these pathways are important in stream energetic cycling they are not captured in 

measurements of whole ecosystem metabolism, which rely on changes in dissolved 

oxygen.  

In addition to the biogeochemical implications, metabolic cycling in rivers has 

important consequences for how much organic carbon is buried in sediments vs 

respired to the atmosphere, and where and when energy is available to aquatic 

organisms (Rüegg et al. 2021). Our ability to scale metabolic dynamics from reaches to 

landscapes (Koenig et al. 2019) or to predict how ecosystems will change in response to 

anthropogenic forcing relies on the development of a mechanistic understanding of the 

drivers. Three major challenges moving forward are linking energetics to geomorphic 

and hydrologic drivers, incorporating more diverse models of inland waters into our 

conceptual thinking, and characterizing and interpreting the natural scales of variability 

in river energetics. 

1.2 Geomorphic and hydrologic controls on ecosystem processes 

Ecosystem conceptual models have been developed to link ecological processes 

to the underlying physical template. Rivers are often characterized as both physical 

(Leopold et al. 1964) and ecological (Vannote et al. 1980) continua, with the balance 
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between carbon processing and respiration changing along with the biotic community in 

predictable ways from headwaters to large rivers. This concept has been modified to 

include discontinuities that arise from dams (Ward and Stanford 1983) and 

reconstructed to consider hierarchically nested patches rather than continuous 

downstream change (Frissell et al. 1986). Some models have suggested the importance 

of channel structures is greater than that of the location within a river network for 

determining carbon inputs (Junk et al. 1989) or that local terrestrial inputs and instream 

autochthonous production play a larger role in carbon dynamics (Thorp and Delong 

1994). Other models have emphasized the role of connectivity beyond the water 

channel (Ward 1989; Bencala 1993) and the importance of network structure (Benda et 

al. 2004) in structuring ecological processes.  

There are numerous conceptual models that link ecosystem energetics to broad 

scale geomorphic and hydrologic patterns in river networks. These models offer 

multiple predictions about where and when carbon processing is important in streams. 

The location of a stream reach along a continuum will determine the relative role of 

instream carbon processing vs groundwater inputs on carbon dioxide flux, with 

headwater streams driven by groundwater and large rivers by instream metabolism 

(Hotchkiss et al. 2015). Infrequent but large floods may determine the transport of large 

quantities of terrestrial organic carbon within rivers (Raymond et al. 2016). In addition 

to broad scale predictions, recent findings have emphasized the importance of local 

controls on carbon dynamics. Water residence time can be a determinant of whether a 
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stream reach is a passive carbon transporter or an active carbon processer (Gómez-

Gener et al. 2015; Casas-Ruiz et al. 2017). Variation in fluvial process domains determine 

locations of carbon mineralization and carbon dioxide evasion at fine scales (Crawford et 

al. 2013; Rocher‐Ros et al. 2019). Channel geomorphology can determine the storage of 

organic matter for instream processing (Jankowski and Schindler 2019) and the 

importance of terrestrial inputs of carbon dioxide (Gómez-Gener et al. 2016). Explicit 

consideration of the role of geomorphology and hydrology in stream ecological studies 

(Poole 2010) will yield testable hypotheses about landscape processes to improve our 

theoretical understanding. 

1.3 The dichotomy of inland waters  

Freshwater ecosystems are categorized according to physical and chemical 

characteristics. Conceptual models divide systems into tropical, temperate, and polar; 

eutrophic and oligotrophic; flowing and non-flowing. These conceptualizations capture 

real and important differences that drive ecosystem processes and provide a baseline 

for interpreting observations. Aquatic research methods, study designs and ecological 

modeling frameworks rely on assumptions derived from well understood physical and 

chemical characteristics. However, this categorization and subsequent specialization of 

knowledge and methods creates dichotomies out of continuums and obscures the 

reality that most systems are shifting between states.  
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Despite the large overlap in functionality, research on lotic and lentic ecosystems 

has developed separately; largely the study of their ecosystem processes and impacts is 

still done independently by different groups of scholars. As described above, conceptual 

models of river ecosystems have emerged from geomorphology and hydrology. Early 

studies of rivers focus on their physical structure and flow, conceptualizing them as 

flumes (Gilbert 1914) with the capacity to do earth moving work. Ecosystem ecologists 

built on this model to understand them as conduits for moving elements, integrating the 

landscapes they flow through (Bormann and Likens 1967; Hynes 1975). Lake ecosystem 

ecology stems from its work on trophic dynamics and energy cycling (Lindeman 1942; 

Hutchinson 1957). Lakes are often studied as contained ecosystems, without explicit 

consideration of upstream and downstream linkages.  

It is recognized that this dichotomy is largely historical and methodological 

(Hotchkiss et al. 2018). Lake and river ecosystems are linked in river networks (Fergus et 

al. 2017; Gardner et al. 2019), requiring us to consider integrated aquatic networks to 

understand landscape scale energetics and carbon cycling. In addition to the 

connections between ecosystem types, many systems do not fit into either category. 

Increasingly we are documenting periods of low or no flow in rivers (Allen et al. 2020) 

creating networks of ponds with long residence time and low longitudinal connectivity. 

Studies document periods of stratification in these pooled systems (Siders et al. 2017), 

and biogeochemical behavior more similar to that of ponds than of rivers (Gomez-Gener 

et al. 2020). Similarly, ecosystems classified as lentic often experience periods of 
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advective flow. Reservoirs blur the boundary between river and lake as they transition. 

In many of these cases, the degree of longitudinal connectivity is highly variable, making 

it difficult to objectively define ecosystem boundaries (Post et al. 2007) and we default 

to studying river channels implicitly including some distance upstream and individual 

lakes, with a focus on vertical rather than longitudinal structure. While more flexible 

classification schemes are being developed (Jones et al. 2017), these systems are 

difficult to study using methods from either field and are therefore underrepresented in 

our understanding of freshwaters. 

1.4 Study description 

This dissertation examines river energetics and biogeochemical processes 

longitudinally in New Hope Creek, a temperate, low gradient, third order stream in the 

North Carolina Piedmont. This stream is characterized by long, deep pools alternating 

with short, bedrock constrained riffle sections (Shoffner and Royall 2008). Legacies of 

historic mill dams have accentuated these features, flattening and incising portions of 

the channel in ways that persist even after the structures were removed or collapsed 

(Walter and Merritts 2008). Farther downstream, similar geomorphologies have arisen 

as a result of road crossings and the associated flow impoundments used for flood 

control (Carter et al., accepted). These geomorphic modifications are not unique to this 

stream, rather such human interventions are ubiquitous throughout rivers (Wohl and 

Merritts 2007).  
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Hydrologic variability in New Hope Creek is high. Flow shifts seasonally from long 

periods of low or no flow when the stream is losing water due to a regional, negative 

hydraulic gradient, to periods when the stream is gaining, and flow is sustained.  During 

either of these seasons storm flows are routed through shallow, short flow paths and 

the stream’s response is rapid (Zimmer and McGlynn 2017). Regional climate is shifting 

toward a precipitation regime where droughts are more common and more water is 

delivered in extreme events, exacerbating these naturally flashy conditions. This study 

describes how the hydrogeomorphic template of a river influences ecosystem function 

under a changing hydrologic and thermal regime and what the outcomes are for stream 

biogeochemistry, both spatially and temporally.  

Chapter two describes the extent and duration of river hypoxia and the dynamic 

oxygen regimes that arise through the interaction of biological, hydrologic, and 

geomorphic drivers. Through longitudinal surveys and high frequency sensor data, I 

document widespread hypoxia in New Hope Creek that is driven by oxygen supply  

limitation suggesting the commonly held notion of rivers as well aerated systems may 

be limiting our understanding. This work was recently accepted for publication as: 

Carter, AM, JR, Blaszczak, JB, Heffernan, and ES Bernhardt. Hypoxia dynamics and spatial 

distribution in a low gradient river. Limnology and Oceanography. Chapter three 

considers spatial and temporal variation in a stream’s metabolic regime in the context of 

the climate, hydrology, and geomorphology. Results indicate that under changing 

thermal and hydrologic regimes carbon cycling is likely to become faster and less 
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predictable in river ecosystems. The response in specific river segments is likely to be 

constrained by the local geomorphology. Chapter four measures the concentrations and 

fluxes of greenhouse gasses in the stream and links their dynamics to stream 

metabolism. The results indicate that the bulk of gas production can be attributed to 

instream processes rather than groundwater inputs, calling into question the conceptual 

models that suggest this dominance should be reversed in a headwater stream.  
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2. Hypoxia dynamics and spatial distribution in a low gradient 
river 

Alice M Carter, Joanna R Blaszczak, James B Heffernan, and Emily S Bernhardt  

Accepted for publication in Limnology & Oceanography 

 

2.1 Introduction  

Deoxygenation of aquatic ecosystems is a key feature of the Anthropocene, with 

increasing incidences, extent and duration of hypoxia reported for many lakes, 

reservoirs and coastal oceans (Jenny et al. 2016; Breitburg et al. 2018). Hypoxia results 

in fish kills, mobilization of contaminants from sediments and increased methane 

emissions across habitats (Bastviken et al. 2004; Rabalais et al. 2010; Saup et al. 2017). 

In lakes and coastal oceans, cultural eutrophication and the resulting algal blooms have 

been implicated as the primary drivers of hypoxia (Smith and Schindler 2009; Breitburg 

et al. 2018). Yet recent studies in headwater streams have demonstrated that hypoxia 

can occur even in the absence of high nutrient loads due to low flow conditions and 

droughts (Garvey et al. 2007; Blaszczak et al. 2019; Gomez-Gener et al. 2020).  

Low dissolved oxygen (DO) sags caused by loading of organic matter and 

nutrients that drive increased metabolism have long been a focus of river management 

and waste-water effluent regulations (Streeter and Phelps 1925; Kannel et al. 2011). 

While this literature shows a prevailing emphasis on loading of substrates as the primary 

control on DO saturation, river hypoxia can also arise as a result of hydrologic 

alterations. Hydroelectric dams that release deep-water from reservoirs often create 
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hypoxic conditions downstream due to low oxygen and high nutrient concentrations in 

tailwaters that lead to elevated oxygen demand (Miranda and Krogman 2014). Water 

withdrawals for irrigation can reduce flow and extend low flow conditions, leading to 

reduced gas exchange rates and low oxygen supply in downstream reaches (Pardo and 

García 2016). In the absence of direct water management, climate change is 

exacerbating and extending DO scarcity through low flow, drought conditions, and 

higher summer temperatures, which can lead to hypoxia even in streams within 

unmanaged landscapes and waterways (Stanley and Boulton 1995; Gomez-Gener et al. 

2020). In streams and rivers, a focus on sources of organic matter and nutrient pollution 

and the point measurements of most regulatory monitoring suggests that our current 

understanding may underestimate the importance of hypoxia in stream ecosystems.  

Shifts in channel shape resulting from both intentional flow regulating structures 

and the hydrologic effects of land use change (Wohl 2019) are an additional 

anthropogenic driver of oxygen regimes in rivers. Urbanization and the associated 

increases in impervious surface cover and stream channelization can lead to more 

intense storm flows, incision, and a lowering of the water table (Evett et al. 1994; Hupp 

et al. 2009). Road crossings and associated water flow impoundments lead to channel 

flattening from the combination of upstream deposition and downstream incision 

(Williams and Wolman 1984). Any geomorphic change that leads to an increase in water 

residence time or a decrease in flow velocity is likely to increase the occurrence of 
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hypoxia. Slower moving water will have less reaeration from turbulence (Hall and Ulseth 

2020) while simultaneously allowing more time for biological oxygen depletion.  

In this paper we sought to understand the prevalence of hypoxia in low gradient 

rivers in the Piedmont region of North Carolina. This region, like much of the east coast 

of North America, has had its river networks heavily altered by historic mill dams, 

agricultural sedimentation (Walter and Merritts 2008), and by urbanization (Evett et al. 

1994). As a result, many river segments are straightened and incised, and breaks in 

slope are often coincident with infrastructure (Shoffner and Royall 2008; Blaszczak et al. 

2019). The combination of geomorphic alterations that enhance water residence time 

with global warming and urban heat island effects (Somers et al. 2013) create physical 

conditions conducive to hypoxia. We used a variety of approaches to characterize the 

prevalence and dynamics of hypoxia in this region. First, we examined the total number 

of instances of low DO reporting from regional datasets collected by regulatory agencies 

for central NC since the 1960s. Second, we performed a synoptic survey of DO 

saturation and water chemistry throughout a 20 km segment of New Hope Creek, a river 

within the NC Piedmont. Third, we deployed DO sensors to examine high resolution 

temporal variation in DO saturation for 12 sites within the New Hope Creek river 

network that varied in their geomorphic setting and degree of canopy shading. We use 

these data to understand the extent of hypoxia in the NC Piedmont, to explain the 

spatial and temporal dynamics of oxygen conditions, and to propose metrics for 

quantifying these dynamics. We then compare the oxygen regimes we observe in the 
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field with the standard conceptual models for lotic and lentic ecosystems and propose a 

series of metrics by which we can formally compare freshwater oxygen regimes within 

and across freshwater ecosystems. 

2.2 Methods 

2.2.1 Water Quality Portal North Carolina data 

We downloaded DO data from across the North Carolina Piedmont from the 

Water Quality Portal (WQP). This database includes point measurements of DO 

concentrations in streams and rivers collected by NWIS, USGS, STORET, and others 

(Read et al. 2017). We accessed the data using R statistical software (v 3.6.3) (R Core 

Team 2019) through the dataRetrival package (Hirsch and De Cicco 2015) with a search 

for all sites in North Carolina classified as rivers that had at least 10 individual points of 

DO and water temperature over the database record. We clipped the results from this 

query to only include sites from within the Piedmont region of North Carolina by using a 

shapefile for NC ecoregion 13 from the US EPA map of NC ecoregions (Griffith et al. 

2002). Each sample point was paired with an air pressure measurement by searching 

the NOAA database for the closest weather station to the site with a maximum 

allowable distance of 5° latitude or longitude and downloading the time points matching 

when samples were taken in R. We used water temperature and air pressure to convert 

the DO data into percent saturation (Garcia and Gordon 1992). After filtering the 

dataset by minimum sample number requirement, location, and availability of air 
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pressure data, we had a total of 140,175 sample points from 2,306 individual sites 

collected between 1966-2020.  

For each of these sample locations, we found the Strahler stream order and the 

slope (m/km) of the stream reach using the National Hydrography Dataset (NHD) (USGS 

2019). We linked the GPS coordinates to NHD flowlines using the nhdplustools package 

(Blodgett 2019) in R. We calculated the influence of stream slope on stream DO using a 

linear regression. Because the distribution of slopes has a long tail of steep slopes, we 

used the lower 95% of the data (137,682 points) for this regression to ensure the 

relationship was not driven by outliers (see Appendix A, Figure 21 for slope distribution).  

2.2.2 Field study site description 

New Hope Creek and Mud Creek are Southeastern Piedmont streams located in 

Durham and Orange Counties, NC within the Cape Fear watershed (Figure 1). Mud Creek 

drains a 15 km2 watershed nested within the larger New Hope Creek watershed with 

5.9% impervious surface cover concentrated in a small area of the watershed. New 

Hope Creek drains a 197 km2 watershed with 9.8% impervious surface cover. Within our 

study reach along the mainstem, New Hope Creek is joined by two 3rd order and four 1st 

order tributaries and receives the treated outflow from the Durham wastewater 

treatment plant which discharges on average 0.4 m3/s (City of Durham, NC 

https://durhamnc.gov/1124/Wastewater-Treatment. Accessed 6/02/2020), constituting 

more than 80% of the stream’s total discharge at minimum flow. The study reach flows 
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through the Triassic Basin with an average channel slope of 0.47% in Mud Creek and 

0.26% in New Hope Creek. At the time of longitudinal sampling (see below), average 

stream widths were 3.2 m and 10 m, and average stream thalweg depths were 0.3 m 

and 0.6 m in Mud Creek and New Hope Creek respectively. 

 
Figure 1. Map of the New Hope Creek watershed located at 36° N, -79° E in the Piedmont 

region of North Carolina. Light grey lines show the entire river network, the black line 
shows the course of the 20 km transect from this study. The entire watershed is outlined, 

and the Mud Creek sub-watershed is shaded in dark grey. Sensor deployment sites are 
labeled as red dots with names assigned based on location on the mainstem as New 
Hope Creek 1-5 or on Mud Creek 1-4 with one of the long term sites located on Mud 

Tributary (Mtrib). The two other long term sites are in New Hope Creek upstream of the 
confluence with Mud Creek and are labeled New Hope Creek (NHC) and Upper New 

Hope Creek (UNHC). The South Durham wastewater treatment plant (WWTP) is indicated 
with an arrow, major roads are shown in white. 

 
The 20.5 km study reach begins in a fully forested headwater tributary of Mud 

Creek originating as a cascade from a retention pond in the Duke Forest. This reach 

contains our Mud tributary monitoring site. At 1.2 km, this tributary flows into Mud 
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Creek, which drains a heavily urbanized neighborhood and is characterized by flashy 

hydrology and low baseflows observed in similar urban catchments across the triangle 

(Violin et al. 2011). Our Mud Creek 4 site is located at the neighborhood outlet into the 

Duke Forest, upstream of the confluence with the tributary. From this tributary to 

where Mud Creek flows into New Hope Creek (km 1.2 – 6) our study reach increases 

from a 2nd to 3rd order stream. Over this section, flow is impounded by a beaver dam at 

2 km that has created a large permanently flooded cypress marsh. The monitoring sites 

Mud Creek 3 and 2 are in the beaver pond and 20 m below the outlet, respectively. Past 

this point Mud Creek flows through a neighborhood and the channel is deeply incised 

with sandy bed forms that are regularly reshaped during storm flows at the site of Mud 

Creek 1. 

The section of New Hope Creek included in this study (km 6 - 20.5) flows through 

the most highly developed sections of the watershed. In this section, storm drains 

bypass groundwater flow paths and route stormflows directly to the stream. Water flow 

impoundments have also been built upstream of major roads (at kms: 14.3, 16.8, and 

20.5) to prevent flooding. The stabilization of these points in the stream channel paired 

with flashy stormflows have increased channel incision moving upstream from road 

impoundments, creating long, flat portions of the channel with slope breaks at the road 

culverts (Shoffner and Royall 2008; Blaszczak et al. 2019). This altered channel 

geomorphology creates heterogeneous flow conditions with large, pooled sections 

alternating with shallow, sometimes narrow, fast-flowing reaches. The low flow in pools 
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is accentuated by decreasing late summer and fall baseflows potentially caused by a 

greater export of water during storms, and therefore less watershed storage that 

sustains baseflows (Ledford et al. 2020). The New Hope Creek 4 and 5 sensor stations 

are located well upstream of the major flow impoundments; New Hope Creek 3 is 

located just upstream of the impoundment at km 14.3 and New Hope Creek 2 is just 

downstream of the impoundment at km 16.8. Near the end of the reach, treated 

wastewater flows in at 17 km. During periods of low flow, outflow from the wastewater 

treatment plant can cause back flow for up to 100 m upstream. At the bottom of our 

study reach, 3.4 km below the treatment plant effluent, the New Hope Creek 1 sensor 

site is directly below the impoundment at 20.5 km. This site is co-located with the USGS 

water level gage (02097314) about 3 km upstream of the inlet into Jordan Lake drinking 

water reservoir for Durham (Figure 1). Discharge at this USGS gage ranges from 0.5 to 

~250 m3/s with a median of 2.3 m3/s. The lower end of this reach is regularly influenced 

by backwater from Jordan lake during seasonally high flow. 

In the upstream portions of New Hope Creek, the watershed is largely forested 

and agricultural. Our two long term sensor monitoring sites, New Hope Creek and Upper 

New Hope Creek are in the Duke Forest. In this section, several old mill dams have been 

removed, leaving behind a legacy of sediment deposits with long flat stream reaches 

separated by bedrock spill points (Walter and Merritts 2008). This historic land use has 

left behind similar geomorphic structures to those created downstream due to 

urbanization. 
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2.2.3 Longitudinal survey 

In May 2018, we sampled the 20.5 km length of river at 50-400 m resolution over 

the course of two days, 24-25 May 2018. We divided the transect into eight sections 

based on road access points, each were sampled by a team walking upstream except the 

two downstream most sections (from New Hope Creek 3 to 1), which were sampled by 

kayak. Between each sample location, we measured the distance using a handheld GPS 

or a hip chain. We measured dissolved oxygen (DO), water temperature (°C, ±0.2°), and 

specific conductivity (µS/cm, ±1%) using multiparameter sondes (Yellow Springs 

Instruments, Columbus, Ohio). Oxygen sensors were electrochemical membrane sensors 

(± 0.01 mg/L) that were calibrated in the laboratory before each day of the survey in 

100% water saturated air by placing a wet sponge inside the loosely closed calibration 

cap for about 15 minutes until the readings reached equilibrium. After data collection, 

the sensor DO readings were compared to each other by placing them together in a 

room temperature bucket of water; readings between the five sensors differed by a 

maximum of 8%. At each site, we also noted habitat type (pool, riffle, run), measured 

wetted channel width, thalweg depth, and thalweg velocity with an electromagnetic 

flow meter (Marsh-McBirney Flo-Mate, Frederick, Maryland). At a lower sampling 

frequency of 500 m, we collected water samples for chemical analysis (see water 

chemistry).  
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2.2.4 In situ sensors 

We deployed field sensors to monitor dissolved oxygen (DO) (Onset HOBO U26), 

conductivity (Onset HOBO U24), and water pressure (Solinst Levellogger pressure 

transducer) at twelve sites, nine falling along our study reach and three additional sites 

elsewhere within the watershed (Figure 1). Four of these sites are part of our long term 

monitoring record (below) and the remaining eight were deployed from 12 June 2018 to 

6 July 2018. Sensors collected data at 15-minute intervals for the study duration. We 

deployed sensors vertically mounted inside sections of 3” PVC with 1” holes drilled to 

facilitate flow to the sensor. The PVC was attached to fence posts pounded into the 

stream bed in the thalweg or approximately 2 m from the stream bank if the thalweg 

was deeper than 1 m at baseflow. All sensors were installed so that the sensor tip was 

placed 25 cm below the water surface at average baseflow. With this installation, the 

sensor was always measuring surface DO concentrations even during periods of 

potential thermal stratification in some sites. Before deployment, we performed a two 

point calibration of the DO; we first calibrated in 100% water saturated air by placing 

the sensors with a wet sponge in the rubber calibration boot for 15 minutes, then we 

placed sensors in a 2M sodium sulfite solution for 15 minutes for a 0% saturation point. 

After deployment, we recalibrated the sensors using the same method and compared 

the sensor reading of 100% water saturated air before and after recalibration. The 

average sensor drift was 0.8% with a maximum drift of 2.6%. Because these numbers 

are low, we did not correct our timeseries for drift. Copper anti-biofouling caps 
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protected optical sensor caps in the field. We visited sensors on 12 Jun, 20 Jun, and 2 

July to download data and clean biofilms off the sensors using a paper towel and scrub 

the interior and exterior of the deployment cages. The sensors were deployed from 15 

May 2018 until 11 Jul 2018. As a result of sensor failure and loss in storms, this study 

focuses only on the data from 12 Jun 2018 to 6 Jul 2018 when we have data from all 

twelve sites.  

At our four long term monitoring sites, the same sensor setup was deployed at 

New Hope Creek, Upper New Hope Creek, and Mud Tributary by 1 Jan 2017, and at Mud 

Creek 4 by 1 Jan 2019 (Figure 1). Each site was maintained continuously through 31 Dec 

2019, the end of the data considered in this study. These long-term sites were visited for 

download, water sampling, and sensor cleaning bi-weekly.  

2.2.5 Water chemistry  

We collected water samples every 500 m during our longitudinal survey at points 

that coincided with YSI data collection. We collected water from approximately 10 cm 

depth in the thalweg and filtered 60 ml through ashed Whatman GF/F filters into an acid 

washed, field rinsed HDPE bottle. After collection, we stored all filtered water samples 

in the freezer at -20°C until analysis. We measured nitrate (NO3
--N), sulfate (SO4

2-), and 

chloride (Cl-) concentrations (Brinton et al. 1993) on an ion chromatograph (ICS-2000) 

with an IonPac AS-18 analytical column and KOH eluent generator (Dionex Corporation, 

Sunnyvale, CA). We measured soluble reactive phosphate (SRP) concentrations on a 
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Lachat QuickChem 8500 automated system (Lachat Instruments, Loveland, CO) using 

EPA method 365.1. We measured ammonium (NH4
+-N) concentrations using the o-

phthalaldehyde (OPA) fluorometric technique (Holmes et al. 1999) and a fluorometer 

(10 AU, Turner Designs, Sunnyvale, CA). For each of these analyses, we corrected 

concentrations using internal quality control standards. 

2.2.6 Dissolved oxygen time series metrics 

To characterize the dynamics of oxygen at multiple timescales, we calculated 

metrics from the continuous dissolved oxygen (DO) time series data at daily, storm 

event, and annual timescales. Several of these are standard metrics, such as mean, 

minimum, and amplitude calculated based on the 15-minute data over the course of 

one day. We also propose a set of event and annual scale metrics (Table 1). We 

calculate the event metrics for a storm that occurred on 26 Jun 2018, the full timeseries 

metrics for the 3-weeks of data at each site, and the annual metrics for each complete 

year of data at our long-term monitoring locations.  

2.2.7 Quantifying hypoxia 

Hypoxia is defined as oxygen depletion in water with 2 mg/L as a common 

regulatory threshold (CENR 2003) though evidence suggests freshwater biota 

experience chronic toxicity below 5 mg/L (Saari et al. 2018). For this study, we chose to 

consider all DO concentrations as percent saturation to account for variation in water’s 

capacity to hold dissolved gasses and to emphasize the role of biological controls in 
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pushing the water column out of physical equilibrium. We use 50% saturation as our 

threshold for hypoxia, which equates to ~4 mg/L on average during this study and 0% 

saturation for anoxia. There is no single definition for hypoxia, and different numeric 

thresholds may be appropriate for the regulation or study of specific impacts (in mg/L or 

% sat). 

Storm event metric 

We defined a storm as the doubling of mean daily discharge over 24 hrs. When 

that occurred multiple days in a row, it was considered one storm. We did not include 

storms that occurred fewer than 3 days after another storm.  

Ecosystem Oxygen Demand (EOD): We propose a method to calculate the whole-

reach oxygen demand using the rate of drawdown of DO after reaeration due to a storm 

flow. This rate is the slope of a linear regression from the post-storm DO maximum 

through the DO minima on the subsequent 4-5 days. In this study, the number of days 

post storm was selected based on if 4 or 5 days was a better linear fit. We recommend 

selecting a storm recovery period between 3-6 days to include the longest duration with 

a linear fit (Appendix A, Figure 22), however in a case where data do not change 

approximately linearly, non-linear models would be more appropriate. The slope of this 

line represents ecosystem oxygen demand (% DO per day) of the reach. A high value, ≥ 

20% DO reduction per day, indicates that the system will return to hypoxic or anoxic 

conditions in just a few days after being fully saturated with oxygen. 
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Amplitude Recovery: The amplitude recovery rate is the difference in the slope 

of the daily DO minima and maxima in the days following a storm (Appendix A, Figure 

22). We calculated these slopes using the same method as above, selecting a recovery 

period of 4-5 days to optimize linearity and constructing lines from the post-storm DO 

maximum to the subsequent daily minima and maxima respectively (Table 1). This value 

should be considered in context of the typical daily amplitude at each site and 

represents the rate of recovery of autotrophic capacity after a storm. 

Storm DO Pulse: This describes the impact of a storm flow on the stream DO 

saturation. The pulse of water from a storm could be turbulent, highly oxygenated 

water or oxygen depleted water flushed out of backwater areas or groundwater. We 

calculate the magnitude of this pulse by subtracting the DO maximum on the day before 

peak storm flow from the DO maximum on the subsequent day, with the peak storm 

flow falling between the two daily maxima. This post-storm DO maximum is the same 

point that is used in ecosystem oxygen demand and amplitude recovery calculations. 

We chose to use the daily maxima to ensure that a positive pulse would not result 

simply from photosynthesis. A large positive value will result when a storm oxygenates a 

hypoxic or anoxic reach. A negative storm DO pulse indicates a reduction in daily DO 

peak caused by a decrease in productivity or by input of oxygen depleted water.  
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Full time series and annual metrics 

Night Hypoxia Ratio (NHR): This ratio is the fraction of observations that are 

hypoxic at night divided by the fraction of observations that are hypoxic during the day 

(Table 1). We determined daytime to be any time interval with incoming 

photosynthetically active radiation (PAR) greater than zero. We estimated PAR based on 

the latitude and longitude of each site using the streamMetabolizer package (Appling et 

al. 2018a) in R. We calculated this metric for each of our 12 sites for a 3-week period 

and for each of our complete years at our long-term sites. A value equal to or close to 1 

indicates hypoxia is equally likely during the day or at night. A value of 0.5 or 2 indicates 

hypoxia is half as likely or twice as likely at night than during the day respectively.  

Dissolved Oxygen Duration Curve: Based on the flow duration curves used in 

hydrology (Vogel and Fennessey 1996), annual patterns in DO can be visualized using an 

oxygen duration curve. A duration curve represents the percent of days out of a year 

that the mean DO saturation exceeds a given saturation value. The shape of this curve 

provides insight into the overall oxygen regime. It is a useful visual representation of the 

mean and modal DO undersaturation values. Modal undersaturation is the most 

frequently observed state of oxygen depletion of the system, calculated as 100% 

saturation minus the most often observed DO saturation and visually represented as the 

inflection point on the DO duration plot. Mean undersaturation is the area above the 

curve, or one minus the integral of the duration plot. A stream in equilibrium with the 

atmosphere would have a modal undersaturation of 0% and a mean undersaturation of  
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Table 1. Metrics for oxygen timeseries at the daily, event, and annual timescales 
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26 

0%. These values increase if a stream experiences more hypoxia; high modal 

undersaturation indicates chronic hypoxia, while high mean undersaturation may be a 

result of seasonal hypoxia. 

2.2.8 Statistical analyses 

We ran a linear mixed effects model on the longitudinal dissolved oxygen (DO) 

data to determine the drivers of observed spatial patterns. We selected significant fixed 

and random effects using backward elimination of predictors based on the Satterhwaite 

method for calculating degrees of freedom (Kuznetsova et al. 2017). The final model 

included upstream DO saturation (𝐷𝑂𝑥−1, % sat), water velocity (𝑣, m/s in the thalweg), 

stream slope (𝑠, m/km from NHD), and cumulative light exposure on the day of sampling 

(𝑙, hours after sunrise) as fixed effects and stream section (𝑠𝑠) as a random effect to 

account for variation in sensors used, sampling direction and inherent differences in 

each section (e.g. stream order, WWTP effluent): 

 𝐷𝑂𝑥 =  (𝛼0|𝑠𝑠) +  𝛼1𝐷𝑂𝑥−1 +  𝛼2𝑣 +  𝛼3𝑠 +  𝛼4𝑙  (eq 2.1) 

We fit the model using R statistical software (v 3.6.3) with the lme4 package 

(Bates et al. 2015). We present a full list of predictors tested, a correlation matrix for the 

final model predictors (Appendix A, Table 8), p-values, and the model estimate of the 

effect of each variable (𝛼𝑖) with a 95% confidence interval in the supplementary 

information (Appendix A: Figure 23, Table 7). 
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For correlation of stream water chemistry to DO, we considered only the data 

from above the waste water treatment plant effluent in order to understand 

biogeochemical relationships without the high ion load from the effluent. We 

completed linear regressions using R to determine the slope and present this value 

along with a p-value for each effect.  

2.3 Results 

2.3.1 North Carolina Piedmont dissolved oxygen  

The ~140,000 point measurements of dissolved oxygen (DO) from the Water 

Quality Portal are mostly from mid-sized, low gradient Piedmont streams. In total, 70% 

of the 2,300 streams sampled are 3rd-5th order with only 16% 1st-2nd order headwaters 

and 14% large 6th-7th order rivers. Stream slopes from the National Hydrography Dataset 

range from 0.01 m/km to 37 m/km with a median slope of 1 m/km (Appendix A, Figure 

21).  

Overall, 7.8% of the DO measurements are hypoxic (<50% saturation) (Figure 2). 

The lowest median DO percent saturation and the widest range of saturation values 

occurs in July, when 16.5% of all measurements are hypoxic. Medians increase and total 

variation decreases through the autumn and winter months until March, when only 

0.5% of observations are hypoxic and median percent saturation peaks. Streams with 

slopes in the lowest quantile (0-0.2 m/km) are one to four times more likely to 

experience hypoxia than streams with slopes in the highest quantile (2.3 – 37 m/km, 
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Figure 2). We found that stream slope (m/km) is positively correlated with DO (% sat) 

with a slope of 1.27 ± 0.03 (p ≈ 0, Appendix A, Figure 21). 

 

Figure 2. Dissolved Oxygen summary from the Water Quality Portal Data. Monthly 
summary of 140,175 instantaneous measurements of dissolved oxygen saturation (DO % 

sat) in streams in the North Carolina Piedmont. Data include all available sites with at 
least 10 measurements from 1966-2020. Box plots show the 95% range of data with the 

middle line indicating the median. The grey shaded regions represent the percent of total 
measurements from each month that fall below the hypoxia threshold of 50% DO 

saturation for the lower 25% of stream bed slopes in light grey (0-0.2 m/km) and upper 
25% of stream bed slopes in dark grey (2.3-37 m/km). 

  

2.3.2 Longitudinal Patterns 

Conditions on days of longitudinal sampling (24-25 May 2018) were typical for 

New Hope Creek during the spring; they did not represent extremes of annual discharge 

or temperature. We sampled 3 days after the last high flow event on 22 May 2018. At 

the New Hope Creek long term sensor the discharge averaged 0.09 m3/s and 
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temperature averaged 22.9 °C over the two days of sampling. In May and June, NHC 

experiences a median flow of 0.14 m3/s and median temperature of 22.3 °C. The 

conditions during the longitudinal sampling fall within the ranges captured during our 

sensor deployment (12 Jun 2018 – 6 Jul 2018, Appendix A, Figure 24).  

 

Figure 3. Data from the longitudinal water chemistry survey conducted 24-25 May 2018. 
(a) Reach map with sensor locations and wastewater treatment plant effluent (WWTP) 

marked. (b) Dissolved oxygen percent saturation at each sample point colored based on 
sample collection times. The grey box indicates hypoxic values. The error bars at kms 1, 

2, and 14.2 show the full range of data collected by sensors at those locations at 15 
minute intervals over the two day sampling period. The blue line at 17 km indicates the 
location of significant discharge from a wastewater treatment plant. (c) Dissolved ion 
concentrations from water grab samples are plotted for all locations upstream of the 

wastewater treatment plant effluent. Mean concentrations from the downstream 
samples (n = 5) are shown without plotting due to the difference in magnitudes. The 

dissolved oxygen percent saturation pattern is shaded in the background for comparison. 
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Dissolved oxygen saturation was spatially variable along the continuum (Figure 

3). Concentrations ranged from 0.04 to 10.1 mg/L, representing 0.5% to 112% saturation  

of the water column with averages of 6.1 mg/L and 67.2% saturation. During the 

longitudinal sampling, 31% of measurements were hypoxic. The largest section with 

high percent oxygen saturation occurred downstream of the wastewater treatment 

plant effluent (New Hope Creek 1). The lowest oxygen saturation was associated with 

the beaver pond at 2 km (Mud Creek 3, Figure 3). Each oxygen measurement in this 

transect captures only a single point in time at each site. To put this spatial variation in 

context of the diel variation present at some sites we include the full range of daily 

values collected from sensors collecting data at 15 minute intervals on the days of our 

survey at the 1 km, 2 km, and 14.2 km sampling points in Figure 3. Additionally, we have 

incorporated cumulative light exposure into our model of DO saturation.  

Our model of DO saturation demonstrated that both thalweg velocity and 

stream slope are positively correlated with DO after accounting for the DO saturation of 

the water coming from upstream and the cumulative light exposure before sampling 

time. Water velocity in the thalweg ranged from no flow (<0.01 m/s) in pool sections up 

to 0.4 m/s in a riffle section and predicted DO (% sat) with a coefficient of 38 ± 11 (p = 7 

x 10-4). Stream slopes reported from the National Hydrography Dataset range from 0.01 

– 12 m/km (excluding Mud Tributary) and predict DO (% sat) with a coefficient of 1.5 ± 

0.44 (p = 9 x 10-4) (Appendix A, Figure 21). 
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Dissolved ion concentrations were primarily controlled by the input of treated 

wastewater at kilometer 17 in the study reach with nitrate ranging from 0.03 – 34 mg 

N/L, sulfate from 1.9 – 65 mg/L and chloride from 11 – 45 mg/L (Figure 3). The 

concentrations of these anions downstream of the wastewater input were on average 

10 times higher than the upstream concentrations. Ammonium concentrations on the 

other hand, ranged from (16 –150 µg N/L) and were only minimally impacted by the 

wastewater effluent, the greatest observed variation was instead a decrease associated 

with the beaver impoundment at 2 km. Thus, we observe that the highest and lowest 

oxygen percent saturation were also associated with the highest variation in stream 

water chemistry (Figure 3). Linear regressions of the water chemistry data above the 

wastewater treatment plant effluent show that DO (% sat) positively predicts nitrate 

(mg/l NO3
--N) with a coefficient of 25 ± 5.2 (p = 1 x 10-4) and negatively predicts 

ammonium (µg/l NH4
+-N) with a coefficient of -0.84 ± 0.31 (p = 0.01, Appendix A, Figure 

25). 

2.3.3 Temporal Patterns 

Hypoxia occurred at eleven of the twelve sites during our three week period of 

continuous monitoring. Four of the sites experienced complete anoxia for time periods 

ranging from hours up to four continuous days at the upstream urban impacted site, 

Mud Creek 4. In total, the sites were hypoxic for 0%-96% of the time, and completely 

anoxic for 0%-28% of the time (Figure 4).  
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The patterns, magnitudes, periodicities, and duration of hypoxia varied widely 

across our study continuum. The daily amplitude of DO ranged from near zero to swings 

of 130% DO saturation both within and across sites over the monitoring period (e.g. 

Figure 4, Mud Creek 3). On 26 Jun 2018, a storm flow occurred, increasing discharge at 

the USGS gage 02097314 from less than 0.5 m3/s to 10 m3/s. As a result of this storm 

flow, DO increased at all sites with magnitudes ranging from 10% to 80% DO saturation 

and at sites with diel DO, the amplitudes of daily oscillations were reduced. Over the  

 

Figure 4. Dissolved Oxygen time series from all sites showing from 12 Jun – 6 Jul 2018. 
Sites are arranged according to network position, with the upstream most site Mud 

Tributary (Mtrib) in the upper left, continuing row-wise to the downstream most site 
New Hope Creek 1 (NHC1). The storm event on 26 Jun 2018 is shown as a dotted grey 

line on all plots and where available, water level data are shown shaded in blue (missing 
at four sites due to logger failure). The bar insets represent percent of total time each 

site spends below 50% DO saturation (grey), and at 0% DO saturation (black). 
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subsequent days, daily amplitudes recovered, and variable ecosystem oxygen demand 

resulted in different rates of oxygen draw down across the 12 sites. Some of the sites 

experience a rapid, linear drawdown of the DO saturation over the subsequent days 

(Mud Creek 4, New Hope Creek 3) while others quickly recovered their daily oscillations 

(Mud Tributary, Upper New Hope Creek), resulting in even more rapid DO depletion 

punctuated by daily reoxygenation (Figure 4). In general, sites with the highest 

ecosystem oxygen demand (11-18% per day) have the highest probability of hypoxia  

(74-96%). These sites also typically have a night hypoxia ratio close to one (0.96-1.2), 

indicating hypoxia is equally likely at night and during the day. Sites with the highest 

night hypoxia ratio (1.3-4.2) have a lower probability of hypoxia (0-45%) and high diel 

amplitudes, indicating hypoxia occurs less often and almost exclusively at night (Table 

2).  

Over the three-year period of continuous monitoring at New Hope Creek (2017-

2019), 12.5% of observations were hypoxic, with over one third of those falling in the 

month of October each year. During 2019, the focal year for this study, daily DO means 

ranged from 0% to 102% saturation with amplitudes ranging from 0% to 66% DO 

saturation – indicating that within site variability represents 1.6 and 0.5 times the across 

site variability of these metrics respectively (Table 2). Over this period, we captured 23 

storm events (a doubling in mean discharge over 24hrs). For these events, the storm DO 

pulse ranged from -10% to 51%, the amplitude recovery ranged from 0% to 9% per day 
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and the ecosystem oxygen demand ranged from 0% to 6% per day – representing 0.5, 1, 

and 0.3 times the spatial variability among sites, respectively. 

 We calculated annual time series metrics for ten total years of data at our four 

long term monitoring sites including three years of data from New Hope Creek, Upper 

New Hope Creek, and Mud Tributary and one year from Mud Creek 4 (Appendix A, Table 

6). Across sites in 2019, mean DO ranged from 55% to 82% saturation with sites 

experiencing between 44 and 207 individual hypoxic events with the maximum duration 

at each site ranging from 5.4 to 28 days. The interannual variation in mean DO and the 

number and duration of hypoxic events at NHC is similar to that observed across sites 

(Appendix A, Table 6). At NHC, the oxygen duration curves are closely mirrored by the 

patterns in the flow duration curves from each year, with the year with lowest flows 

having the highest DO undersaturation (Appendix A, Figure 26).  

We observed substantial and similar variability in percent oxygen saturation at 

all spatial and temporal scales we monitored, from days to events and among years.  

Across nearby sites on a single day, we observed means and swings of DO that covered 

an even greater range of conditions than occurs throughout the year at a single site 

(Figure 5 a,d).  Responses to high flow, including the initial magnitude of change and 

subsequent trajectory, also differed across nearby sites (Figure 5b) and to a lesser 

degree over time at a single site (Figure 5e).  Finally, DO duration curves were similarly 

variable across sites as across years from our multi-year record (Figure 5 c,f). 
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Table 2. Across site dissolved oxygen time series metrics calculated from 15-minute sensor data over a 24 day period  

 

 

  Daily  

(25 Jun 2018) 

Storm event  

(26 Jun 2018) 

Full Time Series  

(24 days) 

Site 

ID km 
𝐷𝑂̅̅ ̅̅  
%sat 

𝐷𝑂𝑚𝑖𝑛 
%sat 

𝐷𝑂𝑎𝑚𝑝 

%sat 
𝐸𝑂𝐷 
%sat/day 

𝑑𝐷𝑂𝑎𝑚𝑝

𝑑𝑡
  

%sat/day 

𝐷𝑂𝑠𝑝   

% sat 

Probability𝐷𝑂 =
0%  

Probability 

𝐷𝑂 ≤ 50%  

𝑁𝐻𝑅  

 

Max Days 

Hypoxic  

Mtrib 19.5 45 26 40 6 3 29 0% 18% 4.18 0.7 

MC4 20 11 0 46 18 5 75 28% 74% 1.07 10.8 

MC3 18.6 35 0 130 11 10 -65 21% 85% 1.21 2.9 

MC2 18.5 12 0 36 13 2 31 14% 96% 1.00 11.2 

MC1 16.8 68 62 16 1 2 6 0% 0% NA NA 

UNHC 24.8 51 37 29 5 6 25 0% 6% 1.91 0.4 

NHC 16.3 56 48 21 5 1 34 0% 8% 1.27 0.6 

NHC5 13.3 39 31 14 4 2 43 0% 20% 0.69 2.4 

NHC4 11 44 30 30 7 3 26 0% 27% 1.48 0.7 

NHC3 6.2 19 12 18 12 1 46 0% 81% 0.96 6.3 

NHC2 3.5 47 22 43 7 4 10 7% 45% 1.28 3.4 

NHC1 0 74 68 13 10 8 -2 0% 5% 2.14 0.4 

Symbols: 𝐷𝑂̅̅ ̅̅  = mean DO;  DOmin = min DO;  DOamp = DO amplitude;  EOD = ecosystem oxygen demand; DOsp = DO storm pulse; NHR = night hypoxia ratio 
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Figure 5. Across Site Variation at the synoptic sensor sites (a,b,c) and within site variation 
at the NHC long term site (d,e,f) in dissolved oxygen (DO). Colors and dashed lines 

indicate individual sites in the top row and red lines indicate October days on the bottom 
row. (a) Daily DO cycle across 12 sites on 25 Jun 2018. (b) Six-day DO response following 

a storm event on 26 Jun 2018 across 12 synoptic sampling sites. Storm responses are 
grouped into four patterns: increasing DO (blue), slight DO decrease with increasing daily 
amplitudes (grey), rapid and oscillating DO decline (black), and steep steady decline back 
to anoxia (red). (c) DO duration curves each composed of one year of data (2019) from 4 
sites; MC 4 (red), MTrib, NHC, and UNHC. The x-axis shows the percent of time a given 
DO saturation is exceeded in each site over the course of a year. (d) Average daily DO 

pattern from each month in 2019. (e) Six-day DO response following 12 different storms 
in 2019. (f) Annual DO duration curves from three years (2017-2019), spending variable 

amounts of time in a hypoxic state, indicated by the red dashed line. 
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2.4 Discussion 

2.4.1 Prevalence of hypoxia  

Hypoxia is a common feature in the New Hope Creek river network. In late 

spring, a third of this 20 km river continuum was hypoxic (<50% saturation) at baseflow 

(Figure 3). All but one site where we monitored continuous oxygen saturation 

experienced at least episodic hypoxia, with the duration ranging from 5%-96% of our 

three-week sampling period (Figure 4). In four of these twelve sites the water column 

went completely anoxic for periods ranging from hours to up to four days. Periods of 

hypoxia or anoxia were interrupted in all sites by storms that delivered highly 

oxygenated water and in some sites by photosynthetic production of oxygen. New Hope 

Creek is a fourth order stream that drains a predominantly forested catchment. Despite 

this, we find that low and no oxygen conditions are a widespread issue stemming not 

from wastewater input, rather from geomorphic modification and seasonal low water 

flow. This suggests that extensive deoxygenation likely occurs throughout low gradient 

rivers, even outside of heavily urbanized and polluted streams.  

More generally, our findings suggest that hypoxia may be underrepresented in 

our understanding of stream ecosystems. DO data from the Water Quality Portal (WQP) 

show that on average only 7.8% of measurements from North Carolina Piedmont rivers 

are hypoxic per year. In May, when our sampling was completed, that fraction is even 

lower; 4% of WQP measurements are hypoxic compared to the 31% hypoxia in New 

Hope Creek that we measured. Our sensor data (shown as error bars in figure 3) 
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suggests this underestimation would be even greater if our longitudinal transect had 

been completed at night.  This discrepancy may be a result of systematic water quality 

monitoring biases toward sampling in larger rivers, selecting sites with consistent flow, 

and measuring during daytime hours when oxygen concentrations are higher. Hypoxia 

in the WQP data peaks in July and August (Figure 2), mirroring the seasonal pattern in 

water temperatures while our long-term monitoring sites show peak hypoxia extending 

from August to October, more closely coupled to seasonal low water flow. Temperature 

driven hypoxia is caused by the lower capacity of water to hold DO and increased 

respiratory demand in warmer water. The WQP data captures hypoxia associated with 

seasonal temperature increase but does not capture sites where low-flow conditions 

limit oxygen supply later in the fall. This likely reflects the fact that many water quality 

monitoring sites are associated with USGS water gages or are taken in locations where it 

is possible to build a discharge rating curve, which systematically excludes pools.  

Finally, this study reveals the fine-scale heterogeneity of oxygen conditions in 

space and time that cannot be adequately captured by the central tendencies at any 

one or even many locations in a river network. We observed similar magnitudes of 

variability across scales from sub-daily to inter-annually and from 100 meters to several 

kilometers. This conclusion is consistent with recent findings that oxygen, like other 

solutes, exhibits fractal power law scaling (Hensley et al. 2018), meaning that variation 

in oxygen saturation occurs across a range of scales rather than exclusively at 

characteristic intervals such as daily and annual timescales. This pattern reflects the 
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multiple interwoven controls on DO, each with their own spatial and temporal 

organization. 

2.4.2 Longitudinal and temporal patterns 

The high spatial variation in DO saturation along New Hope Creek arises both 

because of innate differences in oxygen demand and supply amongst habitats, as well as 

from the time of day and thus the amount of photosynthetic oxygen production that 

occurred in each location ahead of our measurements. Contrary to our expectations, the 

highest average percent oxygen saturation was measured immediately below a 

wastewater treatment plant’s effluent inflow, both during our longitudinal sampling and 

as shown by our sensor data (New Hope Creek 1). On the day we sampled, the effluent 

from this plant added significantly to the total discharge in the stream, increasing the 

average thalweg velocity by a factor of three. While we did measure a large increase in 

nutrients from this effluent, we hypothesize that the respiratory demand created by any 

increased organic matter production is outpaced by the delivery of well oxygenated 

water and the continued resupply coming from reaeration due to the increase in flow 

rate.  

Hypoxia is not a new feature of New Hope Creek, having been observed in the 

sections below the wastewater effluent by Hall in 1970 when the watershed was less 

developed (Hall 1972). The primary location of hypoxia in the creek has shifted from the 

point source of organic matter and low DO water to pools distributed throughout the 
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creek with long water residence times. This suggests that targeted regulation has 

improved pollution related hypoxia while increases in temperature caused by climate 

change and incision and channel flattening caused by urbanization have likely expanded 

the spatial and temporal extent of hypoxia in this Piedmont river in the intervening 

decades.  

Our model of longitudinal DO demonstrates that physical controls are important 

in determining oxygen saturation. Consistent with well-grounded physical and biotic 

processes, results from our model show that oxygen increases when slopes are steep, 

flow is fast, and light is high (Appendix A, Figure 23). Both within our stream continuum, 

and more broadly across the data from the WQP, lower stream slopes predict lower DO 

saturation. We infer that low gradient stream slopes are likely to lead to long water 

residence time, shifting the system to a higher oxygen demand to supply ratio. Slower 

moving, deeper water will have less turbulence and lower gas exchange (Hall and Ulseth 

2020), limiting the resupply of oxygen. Simultaneously, increased water residence time 

will allow for more oxygen depletion even without higher respiration rates and slower 

moving water will tend to result in accumulation and storage of sediments and organic 

matter. This suggests river reaches that have been incised and flattened due to built 

structures as well as legacy deposits associated with historical mill dam sites throughout 

the Piedmont may be susceptible to hypoxia, especially under changing temperature 

and flow conditions. 
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The two largest oxygen sags in the river continuum occur in different 

geomorphic settings, both of which lead to long water residence time. At kilometer 2 

(Mud Creek 3), a beaver dam impounds the first order channel creating a wide and 

shallow section of slow-moving water, conducive to high rates of primary productivity 

and build-up of large organic matter stocks. Here we observed anoxia at our mid-day 

sampling time. Both nitrate and sulfate are at their lowest concentrations in this beaver 

pond and ammonium is elevated relative to the up and downstream reaches, indicating 

that anaerobic pathways are likely active in the absence of oxygen (Burgin and Hamilton 

2007). In the fourth order channel at kilometer 14.2 (New Hope Creek 3) the river enters 

a long pool sequence leading up to a road crossing. Here the flashy hydrology paired 

with the road impoundment have caused incision and a flattening of the channel slope, 

leading to periods of low or no flow between storms. Oxygen saturation decreases as 

the river approaches the road, dropping below 50% saturation more than two 

kilometers upstream. Throughout this extended pool, nitrate remains low while 

ammonium increases up until the road impoundment, possibly accumulating from 

mineralization of organic matter as electron acceptors are consumed through this 

hypoxic pool (Figure 3). In contrast to the well-oxygenated, fast flowing section 

downstream of the WWTP, both hypoxic sites have channel shapes that lead to long 

water residence times that allow sufficient time for biological depletion of oxygen.  

While the magnitude of hypoxia is similar in both geomorphic settings, the 

frequency and duration of these hypoxic events is quite different (Figure 4). At all sites, 
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storm flow delivers a pulse of oxygenated water interrupting hypoxic events. However, 

in some locations, the net effect of the storm oxygen pulse is to decrease peak DO due 

to a decrease in primary productivity (Figure 4, Mud Creek 3). In deeply incised reaches 

both in the headwaters (Mud Creek 4) and bottomlands (New Hope Creek 3), hydrology 

is the major control. Most of the time they are stagnant, hypoxic pools but storms shift 

them to fast flowing and aerated reaches. Both sites have high ecosystem oxygen 

demand, extensive hypoxic events lasting days and a night hypoxia ratio of ~1 (Table 2). 

In the wide, unshaded beaver pond (Mud Creek 3) hypoxia is diel, with oxygen 

concentrations oscillating as much as 10 mg/L/day (130% saturation) in response to high 

primary productivity. Here we observe equally high ecosystem oxygen demand and 

frequent hypoxia but by contrast most events last only hours and the night hypoxia ratio 

is elevated, suggesting that hypoxia is driven by high respiration at night. We were not 

able to estimate metabolism because the flow conditions and high DO demand to 

supply ratio violate the assumptions of standard models (see Blaszczak et al. 2019). This 

is likely to be the case in many hypoxic reaches and we propose comparing daytime to 

nighttime hypoxia might be used to infer if hydrologic controls (night hypoxia ratio ~ 1) 

or biological controls (night hypoxia ratio >> 1) are more important drivers of hypoxia in 

such reaches. These drivers lead to two distinct patterns of hypoxia based on the 

relative magnitudes of the hydrologic and biologic controls operating at different time 

scales; one where the water column is primarily anoxic, experiencing only occasional 

oxygenation due to storm flow and another where the ecosystem oxygen demand is 
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equally high but where high productivity leads the water column oxygen saturation to 

oscillate between hyperoxic and anoxic between day and night.  

2.4.3 Conceptual framework for dissolved oxygen drivers  

Hypoxia occurs when respiratory demand for oxygen is higher than the rate of 

oxygen delivery. In a stream reach, oxygen is supplied by oxygenated water flowing 

from upstream or groundwater, through exchange with the atmosphere, or through in-

stream production by autotrophic organisms. Once oxygen enters the reach it can be 

transported downstream or be consumed biologically, through aerobic respiration or 

chemoautotrophic pathways such as nitrification; or be consumed as an oxidant for 

reduced compounds such as Fe(II) or HS- (Matlock et al. 2003). DO patterns through 

time in a stream reflect the relative magnitude and divergent timing of these controls. 

It is instructive to compare the oxygen regimes that we observed to those 

expected from two freshwater archetypes that continue to dominate our conceptual 

and quantitative models of freshwater ecosystems. We contrast the well aerated, fast 

flowing river archetype described by Gilbert's flume (Gilbert 1914) with the still, organic 

'ooze' dominated pond archetype of Lindeman's pond (Lindeman 1942). The oxygen 

dynamics predicted for our river archetype (blue, Figure 6) rely on assumptions of high 

advective transport, short water residence times, and minimal exchange with anoxic 

bed materials. Under these conditions, neither hydrologic events nor biological activity 

are likely to shift oxygen saturation far from equilibrium with the atmosphere. In the 
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pond archetype (red, Figure 6), oxygen dynamics are predicted based on assumptions of 

long water residence times and high rates of exchange with organic rich, low oxygen 

bed materials with characteristics more akin to a lentic system. In our pond archetype, 

the demand for oxygen outstrips the rate of atmospheric O2 exchange and diffusion, 

leading to depleted oxygen conditions for long periods of time, interrupted only by the 

injection of oxygen by floods or by autotrophs.  

We can predict the DO behavior in Gilbert's river and Lindeman's pond based on 

physical and biological controls. At a daily timescale, we expect the river to remain at 

oxygen saturation, while the pool will be oxygen depleted. In both streams, high light 

availability will create a diel DO cycle as autotrophs produce and consume oxygen 

(Figure 6a). A storm event will inject oxygen saturated water, which will have little effect 

on the already saturated river but will increase oxygen saturation to at or near 100% in 

the pond, with more hypoxic systems experiencing a larger swing (Figure 6b). Over the 

subsequent days without additional disturbance, both model freshwater systems will 

return to their previous oxygen state, with the slope of this return describing the 

ecosystem oxygen demand. Under high light conditions, a storm disturbance will also 

dampen the diel DO oscillations through a combination of increased water volume, 

shading due to turbidity and removal or burial of autotrophs (Reisinger et al. 2017). The 

mechanism of disturbance and the biomass accrual of the autotrophic community will 

determine the rate of recovery of the daily amplitude in either system (Figure 6b).  
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Figure 6. Conceptual diagrams showing how oxygen saturation should deviate from 100% 
for two distinct types of streams that represent at (a) daily, (b) event, and (c) annual 
timescales. In blue is a fast flowing, shallow stream with coarse substrate and limited 

material storage in the channel. In contrast, red represents a stream segment with a long 
residence time containing substantial quantities of organic matter and warm 

temperatures. The lines represent likely oxygen patterns under low-light (solid lines) and 
high-light (dashed lines) conditions for both stream types. Shaded areas encompass the 
range of likely responses. Six metrics used to describe the dissolved oxygen patterns are 

shown on the panels; (1) mean and minimum DO (2) daily DO amplitude (3) DO storm 
amplitude (4) Daily amplitude recovery rate post storm (5) Ecosystem oxygen demand - 

slope of oxygen uptake post storm (6) Annual DO undersaturation – the cumulative 
deviation of the annual DO duration curve from saturation. 

Over the course of a year in any aquatic ecosystem there is substantial variation 

in the physical exchange, hydrologic delivery, and biological demand that drive DO 

saturation. In Gilbert's river, nearly all the days will be near 100% oxygen saturation. By 

contrast, Lindeman's pond will spend considerable time at all oxygen saturations, 

creating a duration curve that declines continuously (Figure 6c).  

We observed oxygen regimes consistent with both Gilbert's river and Lindeman's 

pond archetypes within a single stretch of stream in the Piedmont of North Carolina. 

Some segments are close to saturation regardless of time of day or days since a storm, 

while others shift from anoxic to hyperoxic nearly every day or in response to 
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oxygenation by flooding. This variation holds at an annual timescale, with the four long-

term monitoring sites spanning a wide range of oxygen dynamics ranging from near-

saturation to frequent undersaturation (Table 2, Figure 5). 

Even within a single geomorphic setting there can be tremendous temporal 

variation in DO saturation patterns. At our permanently instrumented 3rd order New 

Hope Creek site, diel, storm, and seasonal DO saturation patterns vary between the two 

extremes (Figure 5 d-f). In the winter, New Hope Creek behaves like Gilbert’s flume, 

with the amplitude of diel DO variation increasing as temperatures and day length 

increase through the spring into summer. As summer turns to autumn, litterfall fuels 

high instream oxygen demand which results in persistent anoxia during the drought of 

2017 but which had little effect in the autumn following Hurricane Florence which 

experienced consistently high flows in 2018. While across site annual variability is linked 

to geomorphology, within a site it appears to be linked to hydrologic variability (Figure 

S6). At the event timescale, storms transform otherwise hypoxic pools into aerated 

flowing reaches resembling Gilbert’s flume whenever they occur. Unlike at the diel and 

annual scales, event scale variability is less within a site than across sites (Figure 5 b, e). 

This suggests that storm event metrics (ecosystem oxygen demand, amplitude recovery) 

are driven by factors that are relatively constant at the annual scale such as geomorphic 

constraints on residence times of water and organic matter.  

These patterns in DO arise from the interactions of physical exchange and 

biogeochemical processes that are themselves constrained by the geomorphic template 
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of the river channel. The phenomenon of hypoxia arises wherever biogeochemical 

consumption of oxygen overwhelms the rate of physical oxygen exchange, a situation 

that is most likely to occur in geomorphic settings and hydrologic regimes in which 

either organic matter or autotrophic biomass accumulate.  

2.5 Implications 

The ecosystem impacts of hypoxia are linked to the spatial and temporal 

variation in oxygen dynamics throughout river networks and must be addressed in that 

context. Hypoxia has consequences for the health, survival, and distribution of 

organisms in streams. Aquatic organisms may experience chronic stress and 

developmental issues at oxygen levels significantly above the acute toxicity level, and 

this can vary with the life stage of the individual and other conditions such as food 

availability, predation risk, and seasonality (Saari et al. 2018). Repeated hypoxic events 

will have significantly different impacts if they are only hours in duration vs days in 

duration. High spatial variability in oxygen saturation throughout a river network will 

influence how organisms are distributed, with oxygenated reaches serving as refugia 

during peak hypoxic events and hypoxic pools acting as barriers to movement creating a 

patchy disconnected ecosystem (Pollock et al. 2007).  

Stream energetics and biogeochemical cycles are strongly dependent on oxygen 

availability. Hypoxia limits aerobic decomposition and activates anaerobic metabolic 

pathways that release less energy from organic carbon sources (Megonigal et al. 2003). 
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The hyporheic zone and anoxic stream sediments almost always harbor anaerobic 

microbes, but when the water column is hypoxic or anoxic their reduced metabolic 

byproducts – including greenhouse gases, metals, and contaminants – can diffuse into 

the stream and be transported downstream or released to the atmosphere without 

being oxidized. Fluctuating redox conditions, where the environment repeatedly 

changes from oxygenated to anoxic have been shown to accelerate decomposition of 

some organic molecules (Megonigal et al. 2003). Microbial communities adapt to the 

rapidly changing conditions and many redox transformations can co-occur in one 

location (Pett-Ridge et al. 2006; DeAngelis et al. 2010). This is particularly important 

both for coupled nitrification denitrification (Burgin et al. 2010) and the relative release 

of methane as the net result of both methanogenesis and methanotrophy (Stanley et al. 

2016). Because of this, the biogeochemical cycling and carbon storage dynamics in a 

hydrologically vs a biologically controlled hypoxic stream segment are likely to be quite 

different. 

While most work and regulation on hypoxia has focused on anthropogenic 

nutrient and organic matter loading, this research and other recent findings 

demonstrate hypoxia arising from geomorphic and hydrologic constraints (Blaszczak et 

al. 2019; Gomez-Gener et al. 2020). Sampling bias away from stream pools likely means 

that this oxygen supply limited hypoxia has been historically underrepresented. 

However, urbanization and river channel modifications create more locations with long 

water residence times that are susceptible to hypoxia. Warming temperatures and the 
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predicted increase in severe droughts due to climate change (Allan and Soden 2008) will 

increase the likelihood of oxygen depletion both in newly modified rivers and in 

widespread locations where legacy modifications have left behind low gradient river 

reaches (Wohl 2019).  

2.6 Recommendations 

Routine regulatory monitoring systematically under-samples hypoxia and only 

partially captures ecologically and biogeochemically influential DO dynamics. Monitoring 

locations are often tied to discharge measurements, which are difficult to get in pools, 

leading to a sampling bias toward well flowing sections. Regulatory criteria are focused 

on the central tendencies of the data, and often rely only on instantaneous 

measurements taken during the high-oxygen daytime hours and at a single point in a 

river network. Our results show that two streams with the same mean or same 

minimum may be experiencing very different oxygen conditions over the course of a day 

(ie New Hope Creek 4 and 5, Table 2). We propose a series of metrics (Table 1) to help 

characterize and quantify these spatial and temporal patterns to better reflect oxygen 

dynamics. 

As ecologists, we tend to think about freshwater ecosystems as a dichotomy 

between fast flowing, alluvial or lotic systems and slow moving pools or lentic systems 

when in reality freshwater ecosystems exist along this gradient in space and time. 

Methods in stream ecology are often designed with the assumption of advective flow 
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(Stream Solute Workshop 1990) and cannot be applied in lentic stream reaches. This 

constrains sampling to reaches that resemble the flume-like stream more than the 

pooled stream from our conceptual framework. Preferential selection of particular 

geomorphologies paired with the focus of wastewater management studies on oxygen 

demand has led to an underappreciation of hypoxia arising from oxygen supply 

limitation, particularly due to geomorphic or hydrologic conditions. It is in the places of 

low DO supply that rivers are most vulnerable to becoming hypoxic or more hypoxic as a 

result of rising temperatures and increasing organic matter pollution. 

Hypoxia is a frequent occurrence in our river system and is likely more 

widespread than has been previously recognized. Warming climate, urbanization of 

watersheds and anthropogenic loading of nutrients and organic matter to aquatic 

systems are likely to exacerbate this issue. Increases in impervious surface cover, 

channelization and incision are driving streams to become increasingly flashy and 

disconnected from the water table, decreasing the base flow (Konrad and Booth 2005). 

We suggest that traditional water quality monitoring metrics and stream ecology studies 

have yet to measure the true range of oxygen saturation present in river networks and 

that the metrics we present here will allow for consistent analysis among systems. 

Broadening our conceptual framework of oxygen dynamics in fluvial ecosystems will be 

essential to understanding hypoxia as an increasingly ubiquitous feature of river 

networks. 
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3. Fifty years later: Accelerated carbon cycling in a warmer, 
flashier stream.  

Alice M Carter, Michael J. Vlah, Emily S. Bernhardt 
 

3.1 Introduction 

An enormous body of research in geomorphology, hydrology and ecology has 

been devoted to documenting how and why rivers are so variable in time and space 

(Leopold et al. 1964; Vannote et al. 1980; Junk et al. 1989; Poole 2002). This variability is 

an eternal source of both fascination and frustration for river ecologists, and it 

represents a particular challenge to any attempt to measure or predict the trajectory of 

long-term change. It is hard to measure long-term trajectories against such high inter 

and intra-annual variability (Stuble et al. 2020) or to scale estimates from single sites to 

networks due to the inherently high spatial variation in river channels.  

There are many good reasons to expect that the core ecosystem functions of 

carbon fixation and organic matter degradation are shifting in rivers due to climate 

change. Rising water temperatures increase the metabolic demand of aquatic organisms 

(Woodward et al. 2010), leading to aggregate increases in metabolic rates of the entire 

ecosystem (Yvon-Durocher et al. 2010) and rising rates of both CO2 fixation and CO2 

production (Acuña et al. 2008; Demars et al. 2016; Hood et al. 2018) with the ratio of 

production to respiration (P:R) dependent upon the relative availability of light, 

nutrients and organic matter availability. Climate change is also speeding up the 

hydrologic cycle, leading to larger and more frequent floods and more extended and 
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severe droughts in rivers across the world. More frequent and more intense flows limit 

productivity by removing or burying living biomass, or by reducing light availability by 

suspending sediments (Uehlinger 2000; Blaszczak et al. 2019). The extended periods of 

low flow caused by drought can shift a system toward heterotrophy and lead to oxygen 

depletion in shaded streams (Gómez-Gener et al. 2015; Gomez-Gener et al. 2020) or can 

amplify algal blooms in well-lit and nutrient rich rivers (Hosen et al. 2019)  

While the detailed case studies cited above have revealed clear consequences of 

climate drivers on ecosystem metabolism in individual rivers, it is only recently that we 

have begun to accumulate sufficient records of river energetics to capture and describe 

their variation. These data reveal that there are distinct metabolic phenologies across 

stream types (Savoy et al. 2019) and allow us to predict patterns of stream carbon 

cycling at the scale of river networks (Koenig et al. 2019). The range of metabolic 

conditions observed in a stream over time, or the metabolic fingerprint, can be used to 

understand links between ecosystem energetics and its drivers as well as other 

ecosystem processes (Bernhardt et al. 2017). A reduction in both the magnitude and the 

variance of metabolic rates and a shift away from heterotrophy was documented in a 

stream after the removal of sewage inputs in Spain (Arroita et al. 2019). Pulses of in 

stream primary productivity in the spring explain seasonal nutrient dynamics in a 

forested stream (Roberts et al. 2007), and flow disturbance can scour biomass and 

decrease primary productivity (Uehlinger and Naegeli 1998; Uehlinger 2000). However, 

few examples exist that allow us to study how stable a stream’s metabolic regime is 
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over long periods of time or how it changes in response to the slow persistent shifts in 

drivers caused by climate change.  

New Hope Creek is the site of the one of the earliest attempts to measure a 

stream’s metabolic regime (Hall 1972). In this study, we revisit this river in the North 

Carolina Piedmont with the goal of examining shifts in energetics that have taken place 

in the intervening fifty years. We monitored dissolved oxygen concentrations and 

modeled the metabolic regimes of multiple river segments within New Hope Creek over 

the course of three years (2017 to 2020). We compared annual metabolic rates and the 

seasonality of both gross primary productivity (GPP) and ecosystem respiration (ER) 

across six sites for one year in 2019, and over the course of the entire three year period 

at two sites. We then compared our recent estimates with historical estimates reported 

for the same sites 50 years ago (Hall 1972).  

Our goal in the modern comparison was to compare the degree of interannual 

variation in river ecosystem energetics and ecosystem phenology to the spatial variation 

in these same metrics. Put more simply, we wanted to understand whether interannual 

variation in exogenous climate drivers affects the magnitude and timing of GPP and ER 

to a greater or lesser degree than local variation in channel geomorphology across river 

segments. This primarily descriptive study represents a first and critical step towards 

making climate change predictions for river ecosystem processes. We must become 

better able to measure and model short-term and location specific variation in order to 

detect long-term change.     
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Our goals in the second comparison between datasets collected fifty years apart 

were to: (1) determine whether the metabolic regime is different between the two 

study periods; (2) if so, determine whether those differences exceed the interannual 

and spatial variation detected in our modern dataset; and (3) assess whether any 

changes in magnitude, timing, or phenology of river GPP and ER are consistent with 

predictions based on climate change drivers. There are no other datasets that allow a 

comparison of river energetics over such a long time frame, and thus, despite the 

inherent limitations of such a comparison, we feel this exercise has value. The climate of 

the southeastern US has changed significantly over the last fifty years while the land use 

in New Hope Creek’s watershed has remained remarkably stable, allowing us to make 

several simple and testable predictions. We expected that the significantly higher 

temperatures in recent years (Terando et al. 2018) would result in higher peak and 

annual metabolic rates and reduced annual P:R ratios in the modern dataset. We also 

predicted that warmer temperatures would lead to shifts in river ecosystem phenology. 

We expected that warmer winters would lead to increases in the duration and 

magnitude of the spring peak in GPP that Hall (1972) documented. We expected that 

warmer autumn and winter temperatures would both accelerate and extend periods of 

high heterotrophy resulting from litterfall inputs of organic matter. Complicating these 

predictions, the accompanying intensification of the hydrologic cycle is leading to both 

more extreme floods and more extended droughts (Terando et al. 2018). Both extremes 

would likely reduce or interrupt metabolic activity. Higher or more frequent peak flows 
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may more regularly or effectively remove living biomass and organic matter (Junker et 

al. 2020) while extended droughts create ideal conditions for hypoxia (Carter et al. 

accepted; Blaszczak et al. 2019). 

 

3.2 Methods 

3.2.1 Watershed Description 

New Hope Creek (NHC) is a low gradient third order stream located in Durham 

and Orange Counties, North Carolina within the Cape Fear watershed (Figure 7). This 

study focuses on the upper reaches of New Hope Creek, the study watershed 

(delineated to the most downstream site in our study at latitude 35.980 N, longitude -

79.002 E) is 81 km2 and is largely forested and protected lands. The entirety of our study 

reach is contained within the Korstian Division of the Duke Forest which is fully forested 

with a mixture of loblolly pine stands and mixed deciduous trees. Including the upper 

portions of the watershed, there is 90% forest cover, 9% agricultural and 1.3% 

developed land based on 2016 data from the National Land Cover Database (see below). 

This part of New Hope Creek flows through the Triassic Basin where clay-rich sand and 

siltstones are the dominant rock type. The average stream slope through this section is 

0.52%. The stream channel alternates between short rocky segments where most of the 

elevation is lost and long, deep pools with fine, clayey sediments and large amounts of 

buried organic matter. Several old mill dams have been removed or have collapsed, 
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leaving behind a legacy of sediment deposits and creating many of the long, flat stream 

reaches (Walter and Merritts 2008). Stream flow in New Hope Creek ranges from zero to 

several hundred cubic meters per second during storms, when flow exceeds the banks. 

Throughout the winter and spring, stream flows are high, and storms are regular. In the 

summer, water levels drop until they reach the lowest point in September and October, 

when no flow measurements are common. Throughout the year, stream flow is flashy 

with storms frequently interrupting base flows.  

 

Figure 7. Map of the New Hope Creek (NHC) Watershed. The six locations from this study 
are marked with red dots and locations from Hall 1972 with black crosses. The thick blue 
line shows the study reach in NHC with other flow lines in grey. The 500 m wide riparian 

zone used to quantify forest productivity is outlined in blue and the Duke Forest is 
shaded green. 

 

We estimated metabolism at six locations in along an 8.5 km reach of New Hope 

Creek (Figure 7). Each of our sites are named based on their location along our study 



 

57 

reach with NHC_0 being the most upstream site at 0 km and NHC_8.5 the most 

downstream site at 8.5 km. New Hope Creek first enters the Duke Forest at site NHC_0, 

the top of our study reach. The catchment upstream of this site is primarily agricultural 

and forested while almost all the contributing area downstream is fully forested. Site 

NHC_8.5 is located at the Eastern edge of the Duke Forest and is the downstream most 

site in this study. Over these eight km, NHC has an average width of 14 m and an 

average thalweg depth of 0.4 m during spring baseflow. We placed our sites to capture 

the habitat variation in the stream; sites NHC_0 and NHC_2.5 are in well flowing but not 

rocky sections that are generally 5-10 m wide and  0.1-0.5 m deep and sites NHC_2.3, 

NHC_5, NHC_6.9, and NHC_8.5 are in pools where the width ranges from 10-20 m and 

the thalweg is typically greater than 1 m deep.  We collected continuous sensor data 

from sites NHC_0 and NHC_8.5 for three years from January 2017 - March 2020 and for 

one year from all sites from March 2019 - March 2020.  

Watershed Climate 

Central North Carolina has a humid subtropical climate where temperatures 

typically range as low as 0 ℃ in January and up to 32 ℃ in July with the fastest spring 

warming in May and fastest cooling in October. This region receives an average of ~1 m 

of precipitation which occurs throughout the year. Summer tends to be the wettest time 

while dry autumns are common, with November having the least precipitation of any 

month. Tropical storms can deliver large amounts of water over a short period and 
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occur most often in August and September. While the precipitation is distributed 

throughout the year, high evapotranspiration throughout the growing season depletes 

the shallow groundwater leading to low autumn base flow. By winter the soils are often 

saturated and remain so throughout the spring resulting in high streamflow (Zimmer 

and McGlynn 2017). Over the three years of this study, 2017 - 2020, this region 

experienced highly variable precipitation, particularly in the autumn months. In 2017 

the Piedmont was in a drought throughout the year and had particularly low Autumn 

rainfall. In 2018 we saw extremely high flows following Hurricane Florence in September 

that continued into the winter months. The final year, 2019 was an average flow year 

though New Hope Creek still experienced several weeks in October when the stream 

was not measurably flowing. In both 2017 and 2019 several small sections of New Hope 

Creek were dry though there was always significant water in the pools. Over these three 

years annual precipitation in the New Hope Creek watershed was 1.06, 1.65, and 1.21 m 

and the October - November Palmer Drought Severity Index for the Northern Piedmont 

was -1.7, 4.3, and 1.2 respectively (National Centers for Environmental Information, 

NOAA). 

Historical Site Description 

In Hall 1972, the foundational study on annual stream metabolism in New Hope 

Creek, three sites were used for metabolism estimates (Figure 7), with one being 

sampled significantly more than the other two. Hall’s Blackwood site was the farthest 
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upstream, located outside of the Duke Forest ~5 km upstream of our study site NHC_0. 

The Wood Bridge and Concrete Bridge sites were co-located with our sites NHC_2.5 and 

NHC_5 respectively. Site NHC_5, the Concrete Bridge site was the most heavily sampled 

site in that study, representing 60 of the 76 total metabolism estimates. Samples were 

taken over a two year period from April 1968 - June 1970. Hall reports that this period 

coincides with a drought, which is reflected in the low flow of NHC in the fall of 1968 

and is described similarly to the drought observed in 2017. Annual rainfall in the New 

Hope Creek watershed was 0.92 and 1.06 m and the Palmer Drought Severity Index for 

October and November was -1.5 and -1 in 1968 and 1969 respectively (National Centers 

for Environmental Information, NOAA). 

Watershed characterization and data scraping 

We delineated the upslope contributing area to the outlet of our study reach at 

site NHC_8.5 (35.980 N, -79.002 E) of our watershed using the National Hydrography 

Dataset (NHD). We paired the GPS coordinates for each site with a NHD COMID number 

using the “NHDplustools” R package (Blodgett 2019) and downloaded the associated 

stream slope from the NHD database. Trends in climate variables were pulled from 

national databases and integrated over the area of the study watershed and over the 

riparian zone surrounding our 8.5 km reach, extending 250 m on either side of the 

stream (Figure 7). We retrieved aerial climate and land cover data via the “rgee” R 

package (Aybar et al. 2020), an interface to Google Earth Engine. We used 
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rgee::ee_extract to summarize these datasets over the watershed area. Daily 

precipitation and air temperature are from PRISM (PRISM Climate Group, Oregon State 

University, http://prism.oregonstate.edu, 9 Feb 2021). We report trends in precipitation 

as the cumulative annual rainfall in our watershed, the number of days with zero 

precipitation, and the percent of total rainfall that is delivered in extreme events. 

Extreme events are defined as 24 hour periods starting at 00:00 where the total rainfall 

accumulation is above the 90th percentile of all days for the period of record (Kunkel et 

al. 2013). Terrestrial ecosystem metrics including leaf area index (Myneni et al. 2015), 

gross primary productivity, and net primary productivity (Running et al. 2015) are from 

MODIS and were summarized over the full watershed area as well as over the riparian 

area of our reach. Land cover data is from the National Land Cover Database (Homer et 

al. 2020). 

We downloaded daily discharge in New Hope Creek from 1983 - 2020 from the 

USGS gage station at Blands, NC (02097314), which is ~20 km downstream of our study 

reach. We looked for trends over time in this record in the hydrologic flashiness 

(measured by the Richards Baker Index, RBI (Baker et al. 2004)) calculated using the 

ContDataQC package in R v 3.6.3 as well as the median flow volume and 5th percentile 

of flows each year, a metric that captures shifting baseflow storage (Emanuel 2018). This 

station drains a 197 km watershed, of which our study watershed makes up only 40%. 

The Durham Wastewater treatment plant effluent enters the stream ~1km above this 

station, which alters the minimum baseflow in this reach (Carter et al., accepted). 
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3.2.2 Data Collection 

Sensor Deployment 

We collected continuous time series of stream dissolved oxygen concentrations, 

water temperatures, and water levels at six sites along an eight kilometer segment of 

New Hope Creek (Figure 7). At the most upstream (NHC_0) and most downstream 

(NHC_8.5) sites, we monitored all variables for three years, from January 2017 - March 

2020. At the four intermediate sites, we monitored these same data for one year, from 

March 2019 - March 2020. At each site we deployed sensors inside of 3’ PVC pipe with 

1’ holes drilled in the walls to allow water flow. These PVC pipes were anchored to fence 

posts in the thalweg at sites NHC_0 and NHC_5, and 1 m from the side of the stream at 

sites NHC_2.3 and NHC_6.9, which are deep pools with poorly defined thalwegs, 

attached to a bridge pier in the middle of the channel at site NHC_2.5, and anchored to 

a bedrock outcrop at site NHC_8.5. The sensors were placed at 25 cm below the surface 

during average baseflow. During the deployment periods, we visited the sensors 

biweekly to download the data, clean biofilms off the sensor and PVC housing with a 

brush and clear any debris around the deployment structures.  

For the duration of the sensor deployments, we collected dissolved oxygen and 

temperature readings at 15 minute intervals using optical sensors (HOBO U26, Onset). 

We calibrated the dissolved oxygen sensors in the lab prior to deployment. We used a 

100% saturation point by placing sensors in 20 L of water that had been bubbled with air 

using a ceramic aquaculture stone for one hour and then allowed to equilibrate for 10 
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minutes to avoid supersaturation before calibrating, and a 0% saturation point by 

placing the sensors in a 1 M sodium sulfite solution. At the end of the deployment 

period, we compared sensors in the same air saturated lab water to check for drift.  

Hydrology and Channel Morphology 

We collected water pressure data at 15 minute intervals from pressure 

transducers (HOBO U40L, Onset Corp. Bourne, MA, USA) deployed at each site and air 

pressure data from a barometric pressure logger (Solinst Ltd. Georgetown, ON, Canada) 

deployed at site NHC_8.5 for the duration of the study. To calculate water level, we 

corrected water pressure for variation in atmospheric pressure and then converted 

pressure to water depth above the sensor based on the temperature dependent density 

of water. At the upstream and downstream sites (NHC_0, NHC_8.5) we measured 

discharge by velocity profiling with an electromagnetic sensor (Marsh-McBirney Flo-

Mate, Frederick, MD, USA) at a range of flow conditions. We used these measurements 

to build level-discharge rating curves at site NHC_0 (n = 11) and NHC_8.5 (n = 13). At site 

NHC_8.5, water is pooled for a significant portion of the autumn, we estimate the 

stream to be at approximately zero flow at levels below 62 cm on our gauge, which 

corresponds to flow estimates ≤0.014 m3/s from our rating curve, which is within the 

plausible error range. Using these curves, we calculated continuous discharge at the 

most upstream and downstream sites based on stream level data. The flow at site 

NHC_0 exceeded the maximum point on the rating curve on 4% of days, and at site 
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NHC_8.5 on 6% of days. We did not attempt to make any calculations requiring reliable 

discharge estimates on any of these dates.  

For much of the year, water velocities in New Hope Creek are low and difficult to 

measure and dilution gaging is ineffective even when flow is moderate. In this study we 

chose to include large pool sites, which are representative of the creek’s overall 

geomorphology, but are not ideal for discharge rating. This introduces error into our 

rating curves, especially at the high and low ends, but overall the upstream gaging site 

(NHC_0) tended to overestimate flow while the lower (NHC_8.5) underestimated it. To 

correct for this, we adjusted the median upstream flow down to match the median flow 

at NHC_8.5, scaled proportional to watershed area. We estimated discharge at the four 

intermediate sites using a similar approach. At each time point, we linearly interpolated 

the upstream and downstream discharge based on accumulated upslope area with the 

assumption that all watershed surface area contributes equally to stream flow (Leach et 

al. 2017). We extracted the watershed area contributing to each sample site from the 

National Hydrography Dataset (see above). We then interpolated discharge as a linear 

function of watershed area between discharge at site NHC_0 and NHC_8.5 at each time 

point. This approach was corroborated by comparison of interpolated discharge with 

the measured level data at each site, confirming that the timing and relative magnitudes 

of storm flows were consistent.  

Upstream of sites NHC_0 and NHC_8.5, we surveyed channel morphology at 10 

locations, 100 m apart, spanning 1 km. For each of these 10 locations, we measured a 
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cross section of stream depths, stream wetted width, stream bank heights, and bank-full 

width following the StreamPULSE geomorphic survey protocol (streampulse.org). We 

used these channel cross sections to calculate average water depth in the reach 1 km 

upstream of sites NHC_0 and NHC_8.5 at a given flow condition. From these 

measurements, we developed a relationship between stream thalweg depth and 

average depth, and thalweg depth and cross sectional area. To build an average depth 

by discharge relationship, we measured stream wetted width and thalweg depth every 

50 m for the entire 8.5 km reach during a single day at high flow (3/9/2019) and at low 

flow (10/8/2019) conditions. We used these measurements of thalweg depth to 

approximate average stream depths at each point and aggregated them to get average 

depth in the 1 km reaches upstream of each of our sites. These paired measures (at 

least two per site) of average depth and discharge (calculated based on sensor data on 

the day of channel measurements) were used to calculate the site specific parameters 

for the empirical depth (D) and discharge (Q) relationship from (Leopold and Maddock 

1953): 

 𝐷 = 𝑐𝑄𝑓 (eq 3.1) 

where c is the depth at unit discharge and f is a unitless, stream specific coefficient.  

Water Chemistry  

During each bimonthly visit to the six study sites, we collected a water sample 

for laboratory analysis. We collected water from ~10 cm below the surface and filtered 

samples in the field through ashed GF/F filters into acid washed, field rinsed 60 ml HDPE 
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plastic bottles. We kept the samples in a cooler after collection until returning to the 

laboratory where they were stored in a freezer at -20 ℃ until analysis. We measured 

ammonium (NH4
+-N, phenate method, mdl = 5 ug N/L) and soluble reactive phosphorus 

(SRP, ascorbic acid method, mdl = 2.5 ug/L) on a Lachat QuikChem 8000 (Lachat 

Instruments, Milwaukee, WI, USA). We analyzed the water samples for nitrate (NO3-N, 

mdl =  5 ug N/L) on a Dionex ion chromatograph (ICS-2000) with a KOH eluent generator 

and an IonPac AS-18 analytical column (Dionex Corporation, Sunnyvale, CA, USA). We 

analyzed total dissolved nitrogen (TDN, mdl = 0.05 mg/L) and dissolved organic carbon 

(DOC, mdl = 0.25 mg/L) on a Shimadzu TOC-V total carbon analyzer that had a TNM-1 

nitrogen module (Shimadzu Scientific Instruments, Colombia, MD, USA). We set 

concentrations that were below detection to one half of the minimum detection limits. 

We measured water temperature, conductivity, pH, and dissolved oxygen and 

atmospheric pressure at the time of sample collection with a handheld meter (Yellow 

Springs Instruments, Columbus, OH, USA). 

3.2.3 Metabolism estimation 

We modeled metabolism based on the open channel diel oxygen method (Odum 

1956) using a hierarchical bayesian state space model to estimate daily rates of gross 

primary productivity (GPP), ecosystem respiration (ER), and diffusion with the 

atmosphere (D) based on the fundamental equation: 

 
𝑑𝑂2

𝑑𝑡
= 𝐺𝑃𝑃𝑡 + 𝐸𝑅𝑡 + 𝐷𝑡 (eq 3.2) 
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where GPP, ER, and D are volumetric rates (g O2/m3/d). We fit the metabolism model 

for each site using the streamMetabolizer package (Appling et al. 2018a) in R with 15-

minute dissolved oxygen, water temperature, discharge, and depth time series as the 

input data. We used a version of the bayesian state-space model that included process 

and observation error (Appling et al. 2018b). Inverse models like this are a useful 

method for estimating the gas exchange coefficient K600 in sites where measurement is 

difficult (Holtgrieve et al. 2016). To avoid the problem of equifinality, which arises when 

K600 is unconstrained, we used partial pooling of K600 x Q, which limits the variation 

allowed in the K600 estimate on days with similar discharge (see Appling 2018 a,b for 

more details). 

We ran this model with uninformed priors on GPP and ER and with a prior on the 

K600 x Q relationship spanning the range of observed discharges with the standard 

deviations set to 0.7 and means determined by empirically derived estimates of K600 for 

headwater streams (Raymond et al. 2012) based on average stream slope (S) and depth 

(D): 

 ln (𝐾600) = 4.77 + 0.55 ln(𝑆) − 0.52 ln(𝐷)  (eq 3.3) 

For model runs we left the standard deviation hyper-prior at the default value of 

0.24 to allow the data to maximally inform our estimates of K600 (see Appling 2018b). 

For each site, we examined the relationship between the daily estimates of K600 and 

ER. In general, correlation coefficients were less than 0.3 with the highest at 0.45, 

indicating that pooling K600 by discharge provided adequate estimates of K600.  
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After estimating metabolism, we discarded positive estimates of ER and negative 

estimates of GPP unless zero was within the 95% confidence interval of the estimate, in 

which case the estimates were set to zero. We discarded metabolism estimates for days 

when the flows exceeded the maximum value of our empirically based rating curve, or 

when flow changed by more than twofold over the course of the day, violating the 

model assumption of steady flow conditions. Additionally, we discarded estimates for 

which the parameter Rhat, a bayesian metric of convergence, was above 1.05 indicating 

a poor fit (Appling 2018b). We converted our metabolic estimates from g O2/m2/d into g 

C/m2/d assuming a respiration quotient of one mol CO2 per mol O2. 

3.2.4 Historical data description and treatment 

The historical data used in this study come from Hall 1970 and 1972 publications. 

These data include daily measurements of stream level and temperature over 27 

months, a rating curve used to convert level data into discharge, measurements and 

empirical calculations of stream gas exchange velocity, k, at different discharges, several 

measures of dissolved nitrogen and phosphorus, and 76 estimates of whole ecosystem 

productivity and respiration from three different sites. Many of these data, including 

metabolism estimates, were published in table format and could be used directly. In 

some cases (including daily temperature, daily level, and the rating curve) the data were 

only available in plotted figures. To use these data, we manually extracted values using 

Web Plot Digitizer (Rohatgi 2020). Except in a few cases, the raw dissolved oxygen data 
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used to calculate ecosystem productivity and respiration were not available. Because of 

this we were not able to recalculate metabolism estimates using updated statistical 

models.  

Our data do not map directly onto the time series from fifty years ago either in 

location or in sampling frequency and seasonal distribution. Methods for measuring 

dissolved oxygen have dramatically improved, allowing us to collect more spatially and 

temporally extensive data with an increased frequency of observation. The models used 

to estimate metabolism are more robust today and allow our mechanistic 

understanding of process to help handle noisy data. In both cases, the results rely on an 

accurate estimate of the gas exchange rate, for which the empirical equations and best 

measurement practices have improved. Due to these realities, we approach the 

comparison with humility and do not attempt to draw definitive conclusions.  

 

3.3 Results 

3.3.1 Ecosystem energetics: patterns and drivers 

Variation in our modern dataset 

We estimated daily stream gross primary productivity (GPP) and ecosystem 

respiration (ER) for ten site-years of data across our six study sites. After removing days 

with missing data (n = 647), high or inconsistent flow (n = 394), and poor model fits (n = 

94, 46), we estimated GPP for 2556 days and ER for 2592 days. Across all sites and 

dates, GPP ranged from 0 to 2.0 g C/m2/d with a mean of 0.35 g C/m2/d, and ER ranged 
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from 0 to -6.4 g C/m2/day with a mean of -1.2 g C/m2/d. New Hope Creek is a 

heterotrophic ecosystem with higher ER than GPP on over 90% of days and a mean ratio 

of productivity to respiration (P:R = GPP/ER) of 0.3 across all site dates. At an annual 

timescale, all reaches consumed more organic carbon than they produced; cumulative 

annual GPP was 125 (± 27 g C/m2/y), annual ER was -433 (± 131 g C/m2/y). Cumulative 

net ecosystem respiration (NER), defined as ER - GPP, ranged from -129 to -566 g C/m2/y 

across our ten site years in six stream segments with a mean of -308 g C/m2/y (Table 3).  

Metabolic rates are highly variable day to day in each stream segment in our 

study (within year CV ranges GPP: 0.66 - 0.99, ER: 0.49 - 0.82) annual rates of GPP and 

ER are fairly consistent over the course of three years at our long term sites NHC_8.5 

and NHC_0 (interannual CVs GPP: 0.26 and 0.22, ER: 0.30 and 0.15). Productivity is 

highest in the winter and spring, with 80% of sites reaching their 10-day peak in March 

or April. This peak can start as early as January and extends into the summer months at 

some sites. In late summer and fall, productivity dropped to near zero. Ecosystem 

respiration experiences large fluctuations throughout the year, most significant of which 

is an increase in respiration in the late summer to fall which is modest in some reaches 

but can be quite substantial in others. The largest ER peaks occur from September and 

October, a time period coincident with large inputs of terrestrial organic carbon from 

leaf fall and the lowest annual flows. In some site years, this respiration peak lasts 

several months and can reach up to five times higher than the mean annual respiration.  

A secondary respiration peak occurs at some sites in the spring, mirroring the GPP peaks  
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Figure 8. Daily metabolism estimates generated from across all six sites in 2019. Green (GPP) and Brown (ER) lines with the 95% CI 
shaded. Daily discharge is shown on a log scale by the black lines. Site are arranged from the most upstream (NHC_0) in the top left to 

the most downstream (NHC_8.5) in the bottom right. 
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Figure 9. Daily metabolism estimates generated from 2017 - 2019 at the top (NHC_0) and bottom (NHC_8.5) of the study reach. 
Green (GPP) and Brown (ER) lines with the 95% CI shaded. Daily discharge is shown on a log scale by the black lines. In each of the 

2018 site years, hurricane Florence is shown as a dotted line vertical line. 
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Table 3. Estimates of gross primary production (GPP), ecosystem respiration (ER) and net ecosystem production (NEP) across 
all site years at daily (g C/m2/d) and annual (g C/m2/y) timesteps. Peak dates are the beginning of the 10-day period of highest 

metabolism throughout the year. 

    GPP  ER  NEP 

 study 
year 

 

pct cov 

Daily Annual Daily Annual  

site days mean max cv cum peak mean max cv cum peak cum 

NHC_8.5 

2017 274 75% 0.21 0.96 1.06 79 2-Apr -1.87 -5.49 0.62 -645 6-Oct -566 

2018 199 55% 0.39 1.37 0.78 134 4-Feb -1.09 -3.09 0.41 -409 8-Apr -275 

2019 274 75% 0.29 1.28 0.96 103 21-Mar -1.12 -6.41 0.82 -387 29-Sep -284 

NHC_6.9 2019 252 68% 0.30 0.84 0.70 108 23-Jun -0.66 -1.58 0.49 -236 19-Nov -129 

NHC_5 2019 252 70% 0.36 1.50 0.74 128 25-Apr -0.72 -2.72 0.56 -268 6-Apr -141 

NHC_2.5 2019 293 76% 0.37 1.13 0.66 133 21-Mar -0.95 -2.97 0.62 -356 23-Nov -223 

NHC_2.3 2019 311 81% 0.32 2.03 0.99 119 21-Mar -1.34 -4.34 0.73 -478 30-Sep -359 

NHC_0 

2017 282 77% 0.31 1.62 1.11 111 9-Apr -1.35 -4.94 0.73 -459 10-Oct -348 

2018 221 61% 0.51 1.75 0.85 173 3-Feb -1.33 -3.10 0.39 -486 25-Apr -313 

2019 321 82% 0.46 1.42 0.76 160 21-Mar -1.62 -5.83 0.58 -602 14-Apr -441 

               
CB 1968-70 56 15% 0.31 1.18 0.71 98 8-Mar -0.50 -1.34 0.43 -166 2-Mar -68 

WB 1968-70 11 3% 0.35 0.59 0.39 NA NA -0.81 -1.26 0.33 NA NA NA 

BLK 1968-70 8 2% 0.23 0.48 0.60 NA NA -0.56 -0.86 0.41 NA NA NA 



 

73 

when present. High flows drive substantial variation in both GPP and ER within seasons 

(Figure 8,9).  

Across all six sites in 2019, cumulative GPP ranged from 103 to 160 g C/m2/y (CV 

= 0.17) while ER ranged from -235 to -602 g C/m2/y (CV = 0.35). Annual productivity was 

similar across all reaches without systematic longitudinal variation, while rates of 

ecosystem respiration tend to decrease downstream. The primary source of variation in 

annual ER across sites was due to differences in the magnitude of the fall respiration 

peak. At three of our six sites, (NHC_8.5, NHC_2.3, and NHC_0), we observed extended 

periods of high respiration beginning in late August and extending until the first large 

flood in mid-October. The three remaining sites (NHC_6.9, NHC_5, and NHC_2.5), have 

the lowest rates of net respiration due to the limited increases in respiration in the fall. 

The variability in energetics between reaches is of a similar scale to the 

variability between years in a single reach. At the two long term sites we estimated 

cumulative metabolism for three years and the ranges of GPP (NHC_8.5 = 106 ± 27 g 

C/m2/y, CV = 0.26; NHC_0 = 148 ± 33 g C/m2/y, CV = 0.22) and ER (NHC_8.5 =  -481 ± 

143, CV = 0.30, NHC_0 = -515 ± 76, CV = 0.15) are comparable to those in 2019. A 

distinct autumn respiration peak was observed in both 2017 and 2019, but not in 2018, 

a year with unusually high autumn flows resulting from Hurricane Florence in mid-

September (Figures 8, 9, 12). At both sites, this disturbance impacted the seasonal 

pattern in respiration and resulted in lower maximum daily rates in the autumn but did 

not result in a significantly lower cumulative annual respiration.  
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Variation in local controls and climate drivers across our modern dataset 

Local controls on metabolism vary along our 8.5 km study section. Based on 

surveys of channel characteristics in the reaches extending one km above each sample 

site in March 2019, the average stream depth ranged from 0.6 to 0.9 m, average stream 

width ranged from 10 - 18.5 m and stream slope ranged from 0.2% to 1%. Pool sites 

tended to be wider than runs, while average depth was similar upstream of most sites 

except for the NHC_2.3 site, where the pool extends the full km upstream and average 

water depth is 0.9 m. Mean annual temperature ranged from 15.9 to 17.3℃ across sites 

in 2019 with the most upstream site (NHC_0) the coldest and two of the pool sites 

(NHC_6.9, NHC_2.3) the warmest. Variation in mean annual temperature across years 

from 2017-2019 was lower than across sites in 2019, ranging from 15.4 to 16.4.  

Across the three years of this study, precipitation and stream discharge were the 

most variable drivers of metabolism. At our two long term sites, we captured both a 

drought year (2017) and a year of unusually high flows (2018). In 2017, cumulative 

precipitation was 1.1 m, with 70% of that delivered in extreme events and 226 days with 

zero precipitation. During the autumn, there was no measurable flow in New Hope 

Creek for a period of 3 weeks. By contrast, 2018 was the wettest year in the past 5 

decades with 1.8 m of precipitation, almost 85% of which was delivered during extreme 

events. While hurricane Florence is responsible for the bulk of this, frequent storms 

continued for the remainder of the autumn and winter; only 193 days did not have 

precipitation. The year of our cross site study, 2019, was a more typical year for 
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precipitation and water flow. Cumulative precipitation was 1.25 m, 75% from extreme 

events and 227 days with no rain. While 2019 was overall wetter than 2017, there was 

an extended dry period in the autumn, with less than 2 mm of precipitation falling in the 

watershed from the beginning of September until mid-October. The differences in 

precipitation translated into differences in stream discharge. Flow at the bottom of the 

reach in 2017 (median = 0.12 m3/s, 5th percentile ~ 0 m3/s) and 2019 (median = 0.26 

m3/s, 5th percentile = 0.02 m3/s) was less than one third of that in 2018 (median = 0.79 

m3/s, 5th percentile = 0.12 m3/s). Of the three years, calculation of stream flashiness 

using the Richards Baker Index (RBI) shows that the stream was flashiest during the 

driest year, with RBIs of 1.88, 1.65, and 1.57 in the three years 2017 - 2019. 

Stream flow and temperature vary significantly within each year. Daily average 

temperature ranged from 1.6 to 27 ℃ with an average of 16.1 ℃ over all days in this 

study. Peak temperatures occur in July and August and are not coincident with peak 

ecosystem respiration or primary production. Stream discharge within a year increases 

from extended low or no flow periods in October to ~0.4 m3/s base flow by January, 

remaining high throughout the spring and summer. Day to day variation in discharge is 

much greater than the seasonal trends, changing by several orders of magnitude over 

the course of individual storm events. Large storms are common in all seasons, often 

causing stream flow to overflow the banks adding organic debris and moving high loads 

of suspended sediments through the channel.  
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We measured major solute chemistry in New Hope Creek over 2019. Dissolved 

organic carbon (DOC) averaged 4.4 ± 1.7 mg/L (n = 96) with the lowest concentrations in 

the spring and summer, increasing through the autumn respiration peak to a maximum 

concentration of 8.9 mg/L in January and decreasing sharply at the beginning of the 

spring bloom. Total dissolved nitrogen (TDN) averaged 0.28 ± 0.14 mg/L (n = 182) with 

an average 0.22 ± 0.2 mg/L of nitrate (NO3-N, n = 182) and very little ammonium (NH4-N, 

6.6 ± 14 ug/L, n = 181). Both nitrate and TDN are at their lowest point during the 

autumn respiration peak, are higher and have more variable concentrations in the 

winter and decrease at the start of the spring bloom. We measured low concentrations 

of phosphorus (7.4 ± 2.5 ug/L, n = 181) with minimal relationship to seasonal patterns. 

By contrast, concentrations of dissolved oxygen (DO) were highly seasonal and closely 

linked with stream discharge. Annual mean DO percent saturation ranged from 69% (7.1 

mg/L) to 90% (9.1 mg/L) with more variation across years at NHC_8.5 than across sites 

in 2019. Daily mean DO ranged from 0% saturation (0 mg/L) to 108% saturation (14.6 

mg/L) with a mean of 81.6% saturation (8.3 mg/L). Seasonal temperature variation 

drove large changes in oxygen solubility, but the most significant oxygen depletion 

coincided with low flow and terrestrial litterfall in September to November. Some 

stream reaches experienced no hypoxia (DO ≤ 2 mg/L) while in others daily mean DO 

was hypoxic on up to 5.5% of days in a year. During the autumn respiration peak, 

hypoxia was widespread; in October, mean DO was below 2 mg/L for an average of 5 

days at all sites while some reaches experienced up to 12 days of hypoxia. 
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Drivers of energetic rates  

 Across sites, variation in metabolic rates was at least partially related to 

geomorphic variation. Respiration tends to decrease with higher stream bed slopes 

(slope = -80 ± 30, r2 = 0.55, p = 0.055, n = 6), and increase in deeper sections of the 

stream (slope = 1.5 ± 0.8, r2 = 0.43, p = 0.138, n = 6), but was not predicted by channel 

width. Productivity does not vary consistently with any of these channel characteristics. 

Across all site years, mean respiration increases with mean water temperature (slope = 

0.43 ± 0.17, r2 = .36, p = 0.039, n = 10) while productivity is not predicted by 

temperature. Neither mean discharge nor stream flashiness (RBI) predict mean GPP or 

ER at the annual timescale. 

 At monthly to seasonal timescales, both temperature and discharge are 

important drivers of metabolism. Warmer water predicts higher net ecosystem 

respiration (NER); this relationship is especially strong during the autumn leaf off period 

in October and November. At the two long term sites, temperature predicts autumn 

NER with slopes of 0.08 (r2 = 0.14, p = 4 x 10-5) and 0.14 (r2 = 0.42, p = 0) in 2017 and 

2019. In 2018 the slope is 0.03 (r2 = .16, p = 2 x 10-4), about the same as the slope of this 

relationship for the entire year in each of the three years 0.04 +/- 0.01 (Figure 10, 

Appendix B Figure 27).  

The autumn respiration peak coincides with the annual discharge minimum in 

October. At the two long term sites (NHC_8.5 and NHC_0), the log of discharge 
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negatively predicts NER in 2017 and 2019, both of which had a wide range in discharge 

over that time period. In 2018, mean daily discharge was 66% higher than in the other 

 

Figure 10 Daily estimates of net respiration (ER - GPP) at the downstream long term site 
(NHC) on our sampling reach. Each panel shows daily estimates from a single study year 
plotted against mean daily temperature (top), discharge (middle), and dissolved oxygen 
(DO) percent saturation (bottom). Points, regression lines, r-squared values, and p values 
are shown in red for estimates from the fall (Oct - Nov) and black for estimates from all 
days in the year. 



 

79 

years, and there is no correlation with NER (Figure 10). The relationship between 

discharge and NER is similar during the fall to what it is during the entire year. Across 

years during the fall respiration peak (Oct-Nov) discharge is a much stronger predictor 

(r2 = 0.68, p = 0) of NER than temperature is while within a single year, temperature 

explains most of the variation during this period (Figure 11). 

 Stream dissolved oxygen is a strong predictor of net ecosystem respiration. Low 

dissolved oxygen percent saturation significantly predicts higher NER for all 10 site years 

of data (slope = -1.4 to -4.2, r2 = 0.12 to 0.89, p ≤ 2 x 10-8). At the two long term sites, 

the relationship between DO % sat and NER behaves similarly to the relationship of NER 

to temperature and discharge; the correlation is stronger and more significant during 

the low flow years 2017 and 2019 (slope = -4.2 and -3.3, r2 = 0.86 and 0.58, p = 0) than it 

is during the 2018 high flow year (slope = -2.0, r2 = 0.27, p = 0). This pattern is similar 

within the autumn respiration peak (Oct - Nov) to what it is throughout the entire year 

(Figure 10). Among other solutes, ecosystem respiration is related to concentrations of 

dissolved organic carbon (slope = 0.15, r2 = 0.06, p = 0.02) and nitrate (slope = -2.2, r2 = 

0.04, p = 0.04), but only weakly. 
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Figure 11. Daily net respiration estimates (ER - GPP) from days in the autumn (Oct to 
Nov) at downstream site (NHC) across all three years.  a) Autumn net respiration is 

positively correlated with temperature within a year but not across years. b) Autumn 
respiration is negatively correlated with discharge across years with no strong 

relationship within years. 

 

3.3.2 New Hope Creek change over time 

Changes in the Watershed over fifty years 

Since 1970, mean daily air temperature has increased by 2.5 ℃ on average while 

daily minimum air temperatures have warmed somewhat more, by ~ 3 ℃ (Figure 12). 

Over this same period, precipitation has shifted so that more rain is delivered in short 

intense storms even as total annual rainfall has not changed. Since 1979 (the beginning 

of the available daily data record), the average number of days per year with no rainfall 

has increased from 180 to 220 days and the percent of total rain that is delivered in 

extreme events has gone from 65% to 75% (Figure 12). Consistent with no change in 
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cumulative precipitation in the watershed, we observed no shift in total discharge over 

time. The water flow in New Hope Creek, measured at the USGS station (02097314) 

near the outlet into Jordan Lake reservoir, has not changed significantly since the 1980s. 

Total flow volume as well as the 5th percentile of annual flow remained constant over 

the period of record and flashiness, a metric of how rapidly and frequently large flow 

changes occur throughout a year calculated with the Richards Baker Index, has also 

been invariant.  

Energy and nutrient inputs into New Hope Creek appear to be constant over 

time. There is no trend in terrestrial NPP in the riparian corridor of our study section 

between 1985 and 2020. Similarly, the summer leaf area index (LAI) in the riparian 

corridor has not changed systematically since 2000. Leaf-on dates in the spring, 

determined as the time point when 50% of summertime LAI is reached, vary from April 

1st to 25th and leaf off dates vary from October 10th to 23rd, also showing no trend 

over time during the past two decades (Figure 12).  

In Hall 1972, the watershed was described as almost entirely forested, with an 

occasional farm. In 2016, records from the national land cover database show that the 

forested portion had declined to 78% (42% deciduous, 16% evergreen, 20% mixed 

canopy) with the remaining area composed of natural or lightly modified grassland and 

shrubland (10%), agricultural land (9%) and developed land (2%). Since 1992, there has 

been some conversion of forest into grass and shrub land, but little else has changed. 

Our study reach falls entirely within the Duke Forest (Figure 7) where the surrounding  
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Figure 12. Historical trends in climate, hydrology, and land cover around New 
Hope Creek (NHC). Lines show data with annual values and points show lower frequency 
data. Trend lines and slopes are included on all variables with significant temporal trends 
over the period of record. A) Regional air temperature averaged by year (daily means and 

minimums). B) Precipitation within the NHC watershed with cumulative annual rainfall, 
percent of rain delivered in extreme events (90th percentile days, including the full 

record), and the number of days per year with no precipitation. C) Discharge (cumulative 
annual and 5th quantile by year) at the USGS gaging station (02085000) on the Eno River, 
which is adjacent to the study watershed. D) Land cover within the NHC watershed from 

the National Land Cover Database including Forested, Agriculture, and Developed. E) 
Terrestrial ecosystem net primary productivity (NPP) and the dates of leaf-on and leaf-off 

for the riparian area along our study reach. 
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area is still fully forested with agriculture and development occurring farther upstream 

in the watershed. 

Changes in the river over fifty years 

Mean daily stream temperature is substantially higher today than it was in 1969. 

Compared to the mean daily temperature range measured in this study (1.6 - 27 ℃), the 

minimum water temperature was lower (0 ℃) and the maximum was not as high 

(25.4℃) with an increase of 3.4 ℃ in the mean annual temperature. This shift is 

particularly dramatic in the winter; the water is on average 5 degrees warmer in Dec, 

Jan and Feb. In the summer and fall, the creek now spends 34% of the days in July and 

August at warmer temperatures than the hottest day measured from 1968 - 1970 

(Figure 13). Additionally, minimum air temperatures have increased disproportionately 

over these decades, resulting in smaller daily temperature swings - a trend that likely 

extends to the stream. Even at the same daily average temp, the minimum is likely 

higher than it was in 1970.  

The total volume of water flowing in New Hope Creek is not different than it was fifty 

years ago. As we observe today, Hall reported zero streamflow in the autumns of 1968 

and 1969 with frequent storm flows throughout the year that increased discharge by 

several orders of magnitude. Both years in the historical dataset experienced autumn 

droughts; conditions in 1969 were similar to what we observed in 2017 with cumulative 

precipitation of 1.1 m and a Palmer Drought Severity Index (PDSI) of -1 for October in 
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November. The drought in 1968 was even more severe, cumulative precipitation was 

0.9 m and the autumn PDSI was -1.5 (NOAA). We do not have daily precipitation records 

from this time period and cannot compare the proportion of zero precipitation days or 

extreme events, however trends from 1979 - 2019 suggest that the precipitation would 

have been less extreme than it is today. This is reflected in the flashiness of the 

streamflow. The Richards Baker Index for the two years of Hall’s daily discharge 

measurements was 0.65 and 0.53 in 1968 and 1969 compared to the RBI of 1.7 ± 0.16 

today (Figure 13). 

Concentrations stream nutrients and dissolved organic matter are about the 

same today as they were fifty years ago. From 1968 - 1970, total nitrogen was on 

average 0.74 ± 1.3 mg/L, total phosphorus 0.06 ± 0.06 mg/L, nitrate (NO3-N) 0.02 ± 0.02 

mg/L, and ammonia (NH3-N) 0.07 ± 0.06 mg/L. This represents slightly higher overall 

nitrogen and phosphorus with somewhat lower nitrate but higher ammonium 

concentrations than we observe today. All these concentrations are relatively low and 

indicative of limited fertilizer or wastewater inputs. The only significant change in water 

chemistry that we have documented is the occurrence of widespread hypoxia. Hall 

notes occasional measurements of ~1 mg/L downstream of the Durham wastewater 

treatment plant ~ 15 km downstream from our study reach. Today there is persistent 

hypoxia in several of the downstream reaches (Carter et al.) and we frequently 

measured low oxygen throughout the study reach. While oxygen solubility has 

decreased due to lower capacity of warm water to hold dissolved oxygen, the percent 
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saturation values today are lower than those reported in Hall 1972, indicating that this 

decrease is not explained by temperature alone. 

 

 

Figure 13. Daily mean water temperature and discharge in New Hope Creek measured in 
Hall 1972 (red) and in this study (black). The lines show data from study years 1969 and 
2019 respectively, and the shaded bands show the full range of values measured from 
1968-1970 and 2017-2019 respectively. The Richards Baker Index of stream flashiness 

was 0.53 in 1969 and 1.57 In 2019. 
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Changes in River Ecosystem Energetics 

In Hall 1972 a total of 76 daily estimates of metabolism were made in New Hope 

Creek which span two years and three different sites. Across all sites and dates, GPP 

ranged from 0.79 to 1.2 g C/m2/d with a mean of 0.31 g C/m2/d, and ER ranged from -

0.15 to -1.3 g C/m2/day with a mean of -0.55 g C/m2/d excluding one anomalously high 

measurement reported during a storm (GPP = 3.3, ER = - 5.0 g C/m2/d). Like today, New 

Hope Creek was heterotrophic with a mean P:R ratio (GPP/ER) of ~1:2 across all site 

dates. One site in this study (the Concrete Bridge, equivalent to today’s site NHC_5) was 

sampled significantly more than the other two, representing 60 of the total estimates. 

This is the only site with sufficient seasonal coverage to report annual rates, and Hall 

combines the data from both years to explore seasonal rates and patterns. Using this 

approach, cumulative GPP was 265 g C/m2/y and cumulative ER was -452 g C/m2/y 

resulting in a cumulative net ecosystem respiration (NER) of -187 g C/m2/y at the 

Concrete Bridge. Productivity and respiration are highly seasonal with both GPP and ER 

peaking in March before forest canopy leaf-on. A secondary peak in ER occurs in 

October during autumn leaf off, but it is smaller in magnitude than the spring ER peak.  

To compare the historical metabolism estimates to what we observe in New 

Hope Creek today, we restricted the analysis to the co-located sites, Concrete Bridge 

and NHC_5. The distribution of sampling days in the historical dataset favors spring and 

early summer days, with the fewest estimates in late fall and winter (Figure 14). To 

account for the differences in seasonal representation, we estimated mean daily 
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metabolic rates by bootstrapping a distribution sampling each month proportionally. 

Through this method, we estimated seasonally representative means and 95% 

confidence intervals for metabolism in 1969 (GPP = 0.27 ± 0.03, ER = 0.44 ± 0.04 g 

C/m2/d) and in 2019 (GPP = 0.40 ± 0.02, ER = 0.75 ± 0.04 g C/m2/d) at site NHC_5.  

 

Figure 14. Comparison of metabolism estimates at the NHC_5 site from 1968 - 70 (Hall 
1972, red) and from 2019 (this study, grey). A) Bootstrapped annual means and 95% 

confidence intervals of daily metabolism rates. B) Distribution of sampling days 
throughout the year for the two datasets. C) Monthly means and standard deviations of 

daily metabolism rates in both datasets. 
 

Since 1969, the timing of peak metabolic activity has shifted later in the year and 

the magnitude has increased. The largest magnitude of change in energetics is the 

increase in respiration from November through January when ER has more than 

quadrupled from -0.24 g C/m2/d in 1969 to -1.0 g C/m2/d in 2019. This is a shift from the 
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historical respiration peak in October, when the magnitude of ER is similar across the 

datasets, to a later, larger autumn respiration peak. During this October to January  

peak, GPP has remained about the same, resulting in a shift to a more heterotrophic 

autumn and winter. The spring productivity bloom has become longer and has shifted to 

later in the year; March GPP, the peak month in 1969 has not changed and today, GPP 

peaks in April and May when it is now 0.41 g C/m2/d higher than it was in 1969. The 

higher productivity continues into the summer with rates increased from 0.22 to 0.45 g 

C/m2/d in June and July. At the beginning of the productivity peak in March, respiration 

is -0.54 g C/m2/d less in 2019 than it was in 1969, but it has increased during the latter 

part of the bloom, by  -0.46 g C/m2/d in April and May and by -0.24 g C/m2/y in June and 

July. The annual pattern in the productivity to respiration ratio (P:R) shows a peak in 

March and a valley in October and November in both the historical and modern data, 

however the magnitude of these peaks is higher now than it was in 1969 (Figure 15). 

The net result of this is that New Hope Creek has a longer productivity window during 

which the stream is more autotrophic than it was in 1969 but has experienced a net 

shift to more heterotrophy on an annual timescale because of the much larger increase 

in the autumn respiration peak.  

 The magnitude of change we observe between the historical data in New Hope 

Creek and today’s measurements in the same location is similar to the differences we 

observe between sites and between years (Figure 15). Metabolism at one site across 

three years differed by up to163 g C/m2/y for GPP and 683 g C/m2/y for ER which is  
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Figure 15. Comparison of annual time series data averaged by month. Right: Across sites - 
all sites in 2019, Middle: Across years - upstream and downstream sites from 2017-2019, 
Across decades – Concrete Bridge (CB) in 1969 and 2019. Red lines show the CB site, grey 

show all other sites. Solid lines show 2019 data, dashed are other years. A) Metabolism 
estimates (GPP > 0, ER < 0), B) Productivity to respiration ratio on a log10 scale, C) Water 

temperature, D) Flow duration curves; the exceedance frequency represents the 
percentage of daily measurements that are at or above a given discharge value. 
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greater than the difference between the Concrete Bridge station today and 50 years ago 

(72 g C/m2/y for GPP and 264 g C/m2/y for ER) Similarly, metabolism across six different 

sites in 2019 showed larger variation (147 g C/m2/y for GPP and 917 g C/m2/y for ER) 

than across fifty years at site NHC_5. Due to the relative sizes of these uncertainties, we 

cannot conclude that the metabolism at the NHC_5 has changed significantly since 

1969. However, the patterns and directions of change are consistent with the drivers of 

metabolism we observe operating in New Hope Creek today. Site NHC_5 has nearly the 

lowest metabolic rate observed across all sites today and that value was even lower in 

1969. Additionally, the large variation we observe between years appears to be tied to 

fluctuations in annual discharge, with low flow years leading to the highest metabolic 

rates. The years of the Hall study had lower flows than any of the three years of this 

study, yet the rates estimated then are lower than what we observe today.    

 

3.4 Discussion 

3.4.1 Ecosystem Energetics 

New Hope Creek (NHC) is a heterotrophic ecosystem with highly seasonal rates 

of carbon and energy cycling. Both gross primary productivity (GPP) and ecosystem 

respiration (ER) have seasonal dynamics that are linked to hydrology and forest 

phenology. Productivity rises throughout the late winter and early spring as daylength 

and temperature increase and declines as the surrounding deciduous forest canopy 
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closes in late Spring. Respiration is more temporally and spatially stochastic but often 

has a distinct peak initiated by autumn litterfall that is enhanced and extended in years 

when low flows and warm temperatures continue into October and November. The 

whole ecosystem rates of carbon cycling vary significantly at both daily and annual 

timescales, as well as between river segments over several kilometers. Warmer water 

temperatures and more lentic, or low flow, conditions push the system toward more 

rapid carbon cycling and increased heterotrophy.  

Comparing our modern era measurements to those made fifty years ago (Hall 

1972), we find that New Hope Creek is much warmer and appears to cycle carbon and 

energy more rapidly. While acknowledging the constraints inherent to such a 

comparison of two widely separated dates, the clear modern connection between water 

temperature and ER at daily and seasonal time steps gives us considerable confidence in 

our conclusion regarding increased respiration. It seems very likely that organic matter 

inputs are more rapidly and thoroughly consumed In New Hope Creek now than in the 

past. We speculate that the autumn litter subsidies that fuel this river food web are now 

more likely to be exported as CO2 during the winter than converted into secondary 

production in the spring. This may in part explain our observation of higher and more 

extended periods of algal production in our modern dataset, as reduced organic matter 

standing stocks and associated microbial biomass may release stream algae from 

competition for limiting nutrients during this high light period.    
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Drivers and implications of ecosystem energetics 

Energetic inputs are the primary seasonal drivers of metabolic rates in New Hope 

Creek. Primary productivity is light limited, driven by the phenology of the surrounding 

forest canopy. High light availability and warming water drive a productivity pulse in 

March that ends with canopy closure. The lowest productivity is in the warmest part of 

the year, which is the peak timing for terrestrial productivity and therefore the densest 

canopy and lowest light availability at the stream channel (Roberts et al. 2007; Savoy et 

al. 2019). Despite increasing light availability as canopy opens in the autumn, 

productivity remains low, possibly due to competition for nutrients with heterotrophic 

bacteria. Nitrate concentrations are low throughout the autumn due to high biological 

demand and uptake (Covino et al. 2018). 

 Terrestrial organic matter inputs control the timing of peak ecosystem 

respiration while water temperature and hydrology explain much of the variation in 

rates. Higher temperatures are linked with more heterotrophy (Yvon-Durocher et al. 

2010; Demars et al. 2016). In October and November, net ecosystem respiration (NER = 

ER - GPP) increases with warmer water across all sites and during each year of our study. 

Peak respiration does not occur when water temperatures are highest but instead 

coincides with the large inputs of terrestrial organic matter and the lowest flows that 

occur each autumn. Respiration peaks are initiated by terrestrial litterfall and are often 

reduced or ended by storm flows. This suggests that organic matter stocks are a primary 

driver of annual ecosystem respiration and the timing and duration of peak respiration. 
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It is only when organic matter stocks are high that we see that rates of ER are strongly 

responsive to variation in temperature (Yvon-Durocher et al. 2012).  

Floods reduce rates of ecosystem respiration at all times of the year. Storms lead 

to the scouring of primary producers and a decrease in light availability due to 

suspended sediments (Uehlinger 2000; Roberts et al. 2007; Blaszczak et al. 2019), while 

periods of low flow lead can lead to higher organic matter storage and increased 

heterotrophy (Acuña et al. 2004; Jankowski and Schindler 2019). In New Hope Creek the 

duration of autumn low flows is a primary determinant of the magnitude of peak annual 

ecosystem respiration. In October, allochthonous organic matter sits in slow moving 

pools where it is quickly consumed by stream heterotrophs, up until the first large flood 

in late autumn or winter. Long water residence times allow for more depletion of 

dissolved substrates and drive higher ecosystem respiration (Casas-Ruiz et al. 2017; 

Gomez-Gener et al. 2020). At storm event timescales, the reduction of metabolism due 

to disturbance of the bed and loading of suspended sediments has been well 

documented (Blaszczak et al. 2019), and we frequently observe these disturbances in 

New Hope Creek. At both of these timescales, the influence of hydrology takes 

precedence over the influence of water temperature (Junker et al. 2020). Thus, it 

appears that temperature and discharge operate as the primary controls on autumn 

respiration at different timescales; discharge predicts respiration across years while 

temperature predicts variability within a single year.  
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Metabolic cycling does not just involve transfers of carbon between organic and 

inorganic pools, but also creates an oxygen deficit in aquatic ecosystems. Hypoxia has 

been observed in rivers across the globe (Blaszczak et al. in review; Jenny et al. 2016) 

and is often linked to high heterotrophic demand (Garvey et al. 2007; Arroita et al. 

2019). In New Hope Creek, respiration drives oxygen depletion at daily and annual 

timescales. Seasonally, oxygen solubility changes a function of water temperature, but 

the depletion of oxygen below the solubility limit is correlated with net ecosystem 

respiration throughout the year.  During the autumn when water flow is minimal, 

atmospheric oxygen exchange is low (Hall and Ulseth 2020). In some pools, the water 

becomes thermally stratified, further limiting the exchange of oxygen to the stream 

sediments where it is consumed. This leads to extensive hypoxia (Carter et al. accepted) 

and may limit aerobic respiration and result in activation of anaerobic pathways 

(Megonigal et al. 2003) releasing carbon to the atmosphere not only as carbon dioxide 

but also as methane (Stanley et al. 2016). 

Nitrogen may limit decomposition in this river, but it does not appear to limit 

productivity. Nitrate concentrations are at their lowest during peak heterotrophy. 

Terrestrial organic matter has higher C:N than most microbes, and large subsidies in the 

autumn drive high demand for nitrate by aerobic heterotrophs. Simultaneously, oxygen 

depletion creates a competing demand for nitrate as a terminal electron acceptor in 

anaerobic metabolic pathways (Megonigal et al. 2003; Rosamond et al. 2012). In the 

spring, autotrophic productivity also drives a decline in nitrate concentrations, but they 
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remain measurable throughout the spring bloom indicating they are not limiting. In New 

Hope Creek, autumn is the only time of year when nitrate demand exceeds the supply 

(Covino et al. 2018). 

Dissolved organic carbon (DOC) is derived primarily from terrestrial subsidies and 

its delivery is controlled by hydrology and forest phenology. A seasonal peak in DOC 

coincides with autumn litterfall when a substantial amount of this carbon is likely 

released to the atmosphere through respiration. However, the bulk of DOC delivery is 

during large pulses from winter and spring storms (Zimmer and McGlynn 2018). As a 

result, most DOC is moving through the system at times when organisms are unable to 

take advantage of it due to high flows (Raymond et al. 2016). Both the timing of delivery 

and the physical and chemical conditions in the stream are important determinants of 

when carbon is metabolized vs transported downstream. 

3.4.2 Half a century of change 

There are good reasons to expect significant shifts in the metabolic regime of 

New Hope Creek between the 1960s and the present day. The southeastern United 

States has seen warming temperatures since the mid 1900’s, with an overall increase in 

average daily temperatures, longer, more intense heat waves (Habeeb et al. 2015), and 

an intensification of the hydrologic cycle, with greater frequency and severity of both 

extreme rainfall and droughts (Terando et al. 2018). The watershed of New Hope Creek 

(NHC) is mostly protected forest and has not been impacted by the extensive 
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development in the rest of the Raleigh-Durham area, however it is still subject to these 

regional climatic trends.  

New Hope Creek today is hotter and flashier than it was fifty years ago, but the 

energy inputs controlled by the surrounding forest canopy appear to have changed little 

over the last five decades. Autumn hurricanes, like Florence which dropped 180 mm 

over the course of three days on the NHC watershed in 2018, are becoming more 

common and are on average carrying more water. Given the stream’s responses to 

climate drivers in our modern dataset, we expect that these shifts would have dramatic 

impacts on stream energetics. Often, ecosystem stressors from climate change co-occur 

with local anthropogenic stressors from land use changes, contaminant loading, and 

direct modification of streams. New Hope Creek, the site of the earliest measurements 

of annual stream energetics, provides a unique opportunity to observe the impact of 

changing temperature and hydrology on ecosystem energetics in the absence of 

significant watershed land cover change.  

Change in Stream Energetics 

Energetic cycling in New Hope Creek today appears to be faster than it was fifty 

years ago. Gross primary productivity (GPP) has increased through the late spring and 

summer and ecosystem respiration (ER) has increased substantially in the winter 

resulting in a stream that is overall more heterotrophic and cycles carbon more quickly. 

Seasonally, there has been a shift from the spring productivity window as the time of 
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peak metabolic activity to the fall respiration window. Because of this, the shift toward 

heterotrophy is not constant throughout the year, rather the bulk of carbon cycling has 

shifted away from times dominated by primary producers toward times when 

allochthonous inputs fuel stream energetics. The autumn respiration window now 

coincides with warmer water temperatures, allowing for higher rates of carbon 

consumption extending into the winter. In 2019, the respiration peak begins in October 

and continues through January, reaching a maximum in November. The respiration 

during these months today is four times as high as it was in 1969, which was also a 

significant drought year.  

As winter and spring water temperatures increase, primary producers may be 

more active earlier in the year. Today, we observe higher GPP in December and January, 

with no change in February and March. While warmer springs do allow for higher rates 

of productivity, temperature increases lead to higher metabolic demand by autotrophs 

as well as disproportionately favoring heterotrophic microbes, which are more sensitive 

to lower temperatures (Yvon-Durocher et al. 2010; Demars et al. 2016; Song et al. 

2018). The winter temperatures in NHC have increased the most of any time of year and 

consistent with this, we observe a substantial increase in respiration in December and 

January. The net effect of this is an increase in carbon cycling rates in the winter that co-

occurs with a decrease in the P/R ratio. High respiration throughout the autumn and 

winter has the potential to deplete organic matter stocks, releasing more carbon as CO2 

and reducing the amount available to secondary consumers.  
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Throughout the late spring and summer, productivity is enhanced today 

compared to in 1969. Higher productivity extending well into the year after the canopy 

has leafed out could be an indication of increased light or nutrient availability. Older, 

more mature forest canopies may allow for more light to pass through. While we do not 

observe a shift in terrestrial NPP or LAI in the riparian zone based on satellite 

measurements, it is possible that this transition occurred before the beginning of the 

satellite record in 1985, or that even a small increase in light is enough to stimulate 

productivity. Alternatively, there may be greater nutrient availability for primary 

producers due to the decrease in organic carbon stocks after the autumn and winter 

respiration pulse. If most of the organic matter is consumed late in the year, little is left 

to support heterotrophic activity in the spring and summer, potentially freeing algae 

from competition as well as increasing nutrient availability in early spring from 

decomposition. We see a drop in respiration in March, suggesting this might be the 

case. For the remainder of the productivity peak, we also observe elevated ER, but to a 

lesser degree. This could be a reflection of the higher metabolic demand by autotrophs 

due to warm temperatures as the net shift during this time period is still toward 

autotrophy (Hood et al. 2018).  

These trends have important implications for ecosystem carbon cycling. The 

annual rates and magnitudes of organic carbon cycling have increased, and the timing 

has shifted away from the spring into a more distributed spring to summer productivity 

peak and to a much larger fall to winter respiration peak. This could lead to a faster 
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processing of fall inputs of organic carbon, depleting the stocks available to consumers 

over winter and set the system up for oxygen depletion. Indeed, we observe extensive 

hypoxia in NHC today, which was not observed in Hall 1972. During a hotter summer 

and fall, even respiration rates that are the same as they were fifty years ago will be 

more likely to lead to depleted oxygen due to its decreased solubility in warm water.  

While this change is substantial, a shift of this magnitude is not definitive when 

compared to the interannual and spatial variability that we observe today. The 

magnitude of change we observe at one site over 50 years is not greater than what we 

observe across sites and years in the modern dataset. Because of this, we cannot 

conclude anything with confidence, but the shift toward heterotrophy and the patterns 

we observe are consistent with our predictions for a hotter, flashier stream. However, 

the Concrete Bridge site from the 1972 study (NHC_5) has nearly the lowest overall 

metabolic rates today, so we would anticipate the shift in metabolism would be larger at 

sites with higher rates. Additionally, results from our interannual data suggest that 

drought years tend to drive more heterotrophy and the years of the Hall study were 

drier and saw longer periods of no flow than we captured in 2019 yet they had much 

less respiration.  

Because we do not have a time series of data connecting the two studies, we can 

only speculate as to the drivers and the pathway of the observed shift in energetics. 

Continuous temperature and precipitation records from the watershed map well onto 

the endpoint measurements of stream temperature and hydrology, allowing us to 
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reasonably infer that stream temperature is linked to air temperature and stream 

discharge is linked to precipitation during the intervening five decades. Based on 

previous research, we would expect a warmer stream to have increased metabolic 

rates, especially respiration (Yvon-Durocher et al. 2010). While this prediction is born 

out in the New Hope Creek metabolism then and now, we do not know what pathway 

the metabolic rates have taken between these two points and so cannot confidently 

attribute the change to specific drivers or predict how the stream will respond to 

continued change. This is why long-term, continuous time series of ecosystem 

energetics are essential for understanding how they will respond to climate change. 

Nonetheless, no such time series yet exist at this scale. In fact, Hall’s (1972) New Hope 

Creek metabolism study is the first measurement capturing annual stream energetics, 

making this comparison the only possible examination of a  half century change. 

 

3.5 Implications 

Like most rivers, New Hope Creek is an energetically dynamic system. Rates of 

productivity and ecosystem respiration vary between river segments as a function of 

their channel geomorphology. Within any river segment, we see substantial interannual 

variation in both the magnitude and the timing of GPP and ER in response to differences 

in annual thermal and flow regimes (sensu Poff et al. 1997; Olden and Naiman 2010), 

The variation in metabolic rates across sites or across years in the same site is as large as 
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the average annual rates. This amount of spatiotemporal variability is characteristic of 

stream ecosystems but sets them apart from most other ecosystem types. Establishing 

long-term trends in such dynamic systems will require much more sustained effort. 

Despite this, long term studies of stream ecosystem energetics are quite rare. We do 

not need to be intimidated by this extreme variability, instead we ought to be 

capitalizing on it in building mechanistic models that will allow us to forecast energetic 

regime change in rivers based on measured and predicted change in the hydrologic and 

thermal regimes that act as primary drivers. 

Rising temperatures and altered flow regimes are changing the energetics of 

rivers in important ways that we are just beginning to understand. Warmer water and 

less predictable flows, both at daily and annual timescales, are well understood 

consequences of anthropogenic climate change. Warmer waters increase net ecosystem 

respiration resulting in faster carbon processing and more heterotrophy. The effects of 

rising temperatures on river ecosystem respiration are contingent upon organic matter 

inputs and storage, each of which are strongly constrained by the flow regime (Acuña et 

al. 2004; Jankowski and Schindler 2019; Junker et al. 2020). Organic matter in river 

ecosystems today should have a shorter residence time either because it will be 

respired more rapidly in situ or exported more effectively by more frequent or more 

severe floods. This effectively reduces the amount of energy available to consumers and 

alters annual patterns of energy availability. These shifts in ecosystem phenology and 

the associated increases in temperatures are likely to be particularly problematic for 
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long-lived consumers with limited dispersal ability (Barneche et al. 2021; Rüegg et al. 

2021). In areas of river networks where organic matter collects, higher respiration 

paired with warmer waters will increase the extent and severity of hypoxia and anoxia. 

In tandem, the warmer and flashier rivers of the anthropocene are likely to be harder 

places for freshwater animals to live.   
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4. Patterns and drivers of dissolved greenhouse gas 
concentrations and fluxes along a low gradient stream. 

 

Alice M Carter, Amanda DelVecchia, Emily Bernhardt 

4.1 Introduction 

A significant fraction of the carbon fixed in terrestrial ecosystems is exported to 

receiving streams as dissolved carbon dioxide (CO2) and methane (CH4), dissolved 

organic matter, and particulate organic matter. In most rivers these terrestrial carbon 

subsidies exceed the inputs of carbon from aquatic photosynthesis (Webster and Meyer 

1997), and are the dominant source of energy fueling aquatic ecosystem metabolism 

(Roberts et al. 2007). Rivers represent important landscape control points (sensu 

Bernhardt et al. 2017) by both efficiently transporting and degassing terrestrially 

derived CO2 and CH4 and by actively mineralizing terrestrial organic matter and respiring 

it as CO2 and CH4. Instream autotrophic activity represents not only an important 

additional input to river carbon cycles, but also has important implications for the 

availability of oxygen, labile carbon and inorganic nutrient availability that can control 

the rate organic matter decomposition. We increasingly recognize that gaseous C 

emissions from freshwater ecosystems are an important component of regional and 

global carbon cycle that considerably offset estimates of terrestrial carbon 

sequestration (Cole et al. 2007; Battin et al. 2009; Holgerson and Raymond 2016),  that 

greenhouse gas emissions from streams represent a significant contribution to 
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atmospheric forcing (Raymond et al. 2013; Quick et al. 2019); and that small headwater 

streams are the most important locations for GHG release in river networks (Stanley et 

al. 2016; Li et al. 2021). 

In order to predict how river greenhouse gas (GHG) emissions are likely to 

change in response to climate and land use change forcing, we must be able to 

distinguish between GHG emissions from rivers that arise from groundwater exchange 

or that are derived from the mineralization of organic matter that is transported to or 

produced within rivers. We can expect each of these GHG sources to respond differently 

to rising temperatures, altered hydrology and changes in land cover. Attempts to 

distinguish amongst these sources have shown that in many streams venting of 

supersaturated groundwater represents the largest source of GHG emissions (Jones and 

Mulholland 1998; Duvert et al. 2018). It has been widely assumed that instream 

production of greenhouse gasses is likely to be important only in large rivers (Vannote et 

al. 1980; Cole and Caraco 2001; Hotchkiss et al. 2015), but several recent studies have 

shown that mineralization of organic carbon can be a primary source of river GHG fluxes 

in some headwater streams as well (Crawford et al. 2013; Lupon et al. 2019; Rocher-Ros 

et al. 2020). The difference between these two pathways of gas release in small streams 

has important consequences for biogeochemical cycling and stream organisms. 

We expect that a stream dominated by instream controls on gas dynamics will 

respond differently to changing climate than one where they are primarily controlled by 

catchment processes. Changes in groundwater recharge are expected as a result of 
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changing precipitation patterns and higher evapotranspiration in terrestrial ecosystems. 

This may drive decreased groundwater delivery at baseflow or alter the concentration of 

dissolved gasses in soil flow paths which would be of central importance to streams 

where emissions are primarily from terrestrial sources. Lower base flows and flashier 

hydrology will also have consequences for the transport and storage of terrestrial 

organic matter in stream ecosystems (Acuña et al. 2004) which would alter the rates of 

in stream processing, possibly driving high interannual variability (Junker et al. 2020). 

Warming temperatures may drive higher rates of in stream carbon processing (Yvon-

Durocher et al. 2010) and the production of CO2 and CH4 (Yvon-Durocher et al. 2014; 

Demars et al. 2016), pushing the carbon balance in streams toward faster mineralization 

and release and less storage and transport. Additionally, warmer water will reduce the 

solubility of dissolved gasses, leading to faster degassing and causing some ecosystems 

to flip from being a net GHG sink to a source.  

We measured oxygen and greenhouse gas concentrations along an eight 

kilometer segment of New Hope Creek in the North Carolina Piedmont. This site is a 

heterotrophic, low-gradient stream with a forested catchment. Rates of instream gross 

primary productivity (GPP) are highest from late winter until the canopy closes in April 

while rates of ecosystem respiration (ER) peak following litterfall in October (Hall 1972), 

Chapter 3). To capture both periods of peak instream metabolic activity our study 

extends from the end of autumn through the productivity peak in the following spring. 

Over the course of these three seasons, we measured dissolved oxygen concentrations 
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continuously and calculated daily rates of stream GPP and ER at six sites for each date 

on which we collected gas concentration and gas flux measurements. Our goals were to: 

1) characterize the patterns and magnitudes of greenhouse gas concentrations and 

fluxes, 2) determine the drivers that best predict gas dynamics, and 3) describe the role 

of in stream processing in generating and consuming GHGs in New Hope Creek through 

space and time.  

 

4.2 Methods 

4.2.1 Site Description 

The New Hope Creek watershed is located in the North Carolina Piedmont within 

Durham and Orange Counties, NC at 36 N, -79 E. In the 8.5 km stream section 

considered in this study, New Hope Creek is a 3rd order stream and flows through a fully 

forested section of the Duke Forest (Figure 16). The study watershed (delineated to the 

outlet of our study reach, see below) is 81 km2 with 90% forest cover, 9% agricultural 

land and 1.3% developed land based on 2016 NLCD data (Chapter 3). The study reach 

has an average depth of 0.4 m and width of 14.4 m measured in March and an average 

bed slope of 0.52%. Along this section, New Hope Creek is in the Triassic basin and the 

stream alternates between long deep pools and short bedrock outcrops that create 

riffles. Even during periods of steady flow, there is no measurable water velocity in the 

large pools and water residence times last from hours up to more than a day. 
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Seasonally, discharge varies several orders of magnitude with high flow storm peaks 

throughout the winter and spring and often extended dry falls that lead to extremely 

low flow and often periods of no flow in October and the creek becomes a series of 

disconnected pools. During our study from Nov 2019 - Mar 2020 there was constant 

stream flow with a median of 0.6 m3/s, however this period followed a dry fall with 

several weeks of no flow. 

 

Figure 16. Map of the New Hope Creek watershed with study sites labeled as red points. 
The study reach spans 8.5 km and is contained entirely within the Duke Forest 

Our six monitoring sites span an 8.5 km reach starting at the most upstream site 

at 0 km (NHC_0) to the outlet of our reach at the downstream point NHC_8.5. All sites 

are named based on their distance in km from the top to the bottom of the reach. Two 

of the sites are in long deep pools: NHC_2.3 (2330 m), and NHC_6.9 (6880m). Three 

sites are in shorter pools that often transition to runs: NHC_0 (0 m), NHC_5 (5000 m), 

and NHC_8.5 (8450 m). One site is in a run downstream of a riffle: NHC_2.5 (2500 m), 
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Figure 16. We measured the distance to each of these sites starting at 8.5 km and 

walking up the stream channel with a hip chain (Forestry Supply) counting distance in 

meters. We measured the latitude and longitude of each site using a handheld GPS and 

paired them with reaches in the National Hydrography Dataset (NHD) (USGS 2019) using 

the nhdplusTools package (Blodgett 2019) in R (R core team, v. 3.6.3). Once our 

monitoring locations were paired with the NHD, we downloaded the contributing 

watershed area for each site. 

4.2.2 Data Collection 

Sensor deployment 

At each of our monitoring locations, we collected continuous measurements of 

dissolved oxygen concentrations and temperature (Onset HOBO U26, Bourne, MA, USA), 

and water pressure (Onset HOBO U20L) at 15-minute intervals from November 2019 -  

March 2020. We deployed sensors attached to a fence post at all sites except for 

NHC_8.5, which was mounted directly to bedrock, in the thalweg of the stream or one 

meter from the side of the stream in deep pool sites (NHC_6.9, and NHC_2.3). The 

sensors were mounted inside of a 3’ PVC pipe with many 1’ holes drilled to allow for 

complete water flow. These PVC cages were placed so that the sensors were measuring 

at ~25 cm below the surface during average baseflow. We calibrated the dissolved 

oxygen sensors in the lab prior to deployment by placing them in 100% air saturated 

water as the 100% saturation point. To do this, bubbled a bucket of water with ~20 L of 

room temperature water with air forced through a ceramic aquaculture stone for one 
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hour then allowed the bucket to equilibrate for 10 minutes to avoid measuring 

supersaturated water. For a 0% saturation point, we placed the sensors in a 1M sodium 

sulfite solution until they equilibrated. We deployed dissolved oxygen sensors with 

copper antibiofouling caps. During the deployment period, we visited the sensors at 

least biweekly to clear debris and clean biofilms from the sensor and PVC housing with a 

brush and to download data.  

Hydrology and Channel Morphology 

We modeled discharge at the upstream (NHC_0) and downstream (NHC_8.5) 

monitoring sites based on continuous water level data collected by pressure 

transducers. Over a range of flow conditions, we measured stream discharge by velocity 

profiling with an electromagnetic sensor (Marsh-McBirney Flo-Mate, Frederick, MD, 

USA) and built site specific level-discharge rating curves based on measurements at 

NHC_0 (n = 11) and NHC_8.5 (n = 13). We found that our rating curve at NHC_0 over 

estimated discharge on average and corrected it by adjusting the median discharge to 

match the median discharge at NHC_8.5 scaled by watershed area (see Chapter 3 for a 

more detailed discussion of this). To estimate discharge at the intervening sites, we 

assumed that flow accumulation was proportional to accumulated upslope area (Leach 

et al. 2017) and calculated discharge by interpolating the continuous measurements 

from sites NHC_0 and NHC_8.5 based on the contributing watershed area at each point 
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extracted from the National Hydrography Dataset.  Flow did not exceed the maximum 

points on our discharge rating curves for any of our sampling dates.  

We conducted channel morphology surveys in the 1km reaches upstream of 

NHC_0 and NHC_8.5 by measuring cross-sections of depth, channel width, and stream 

bank heights every 100 m for a total of 10 locations at each site. We followed the 

streamPULSE geomorphic survey protocol (streampulse.org) to collect these 

measurements. From these 20 cross sections, we developed a linear relationship 

between thalweg depth and average channel depth. We conducted two separate 

surveys of the entire 8.5 km study reach measuring channel width and thalweg depth 

every 50 m at high flow (9 Mar 2019) and at low flow (8 Oct 2019). We converted 

thalweg depths to average depth according to our empirical relationship and used this 

data to calculate average depth in the 1 km reach above each sensor site at two 

separate time points. We paired these depth measurements with discharge estimates 

calculated for each site on the respective days and used this pair of points to calculate 

site specific parameters for this empirical depth (D) by discharge (Q) relationship 

(Leopold and Maddock 1953):  

 𝐷 = 𝑐𝑄𝑓 (eq 4.1) 

where c is the average depth at unit discharge and f is a unitless coefficient. 

 We calculated water mean residence times (MRTw) in the 1 km reaches 

upstream of each site using the estimated discharge (Q) and the average widths (W) and 

depths (D) derived from channel surveys according to:  
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 𝑀𝑅𝑇𝑤 = (𝐷 × 𝑊 × 1000 𝑚) 𝑄⁄  (eq 4.2) 

At each sensor location, we calculated stream bed slope from a 30 m resolution 

LiDAR map of the study watershed available through the North Carolina State University 

Libraries (https://www.lib.ncsu.edu/gis/elevation). We extracted stream slopes from 

the LiDAR images with the continuous_stream_slope function in the whiteboxTools 

package (Lindsay 2014) in R (v 3.6.3).  

Water Chemistry analyses 

We measured dissolved ions, dissolved organic carbon, and dissolved gas 

concentrations on eleven different dates from 11 Nov 2019 - 21 Mar 2020 at intervals 

ranging from 1-3 weeks. At each sample date, we collected a water sample for 

laboratory analyses from all six monitoring locations. We measured water temperature, 

conductivity, pH, and dissolved oxygen and atmospheric pressure at the time of sample 

collection with a handheld meter (Yellow Springs Instruments, Columbus, OH, USA). We 

collected water from ~ 15 cm below the surface and filtered it through ashed 25 mm 

GF/F filters into acid washed HDPE 60 ml bottles. We kept water samples on ice until 

they could be frozen at -20 C until analysis. We analyzed the water samples for nitrate 

(NO3-N) on a Dionex ion chromatograph (ICS-2000) with a KOH eluent generator and an 

IonPac AS-18 analytical column (Dionex Corporation, Sunnyvale, CA, USA). The minimum 

detection limit (mdl) for NO3
- was 5 ug N/L. We measured ammonium (NH4

+-N, phenate 

method, mdl = 5 ug N/L) and soluble reactive phosphorus (SRP, ascorbic acid method, 
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mdl = 2.5 ug/L) on a Lachat QuikChem 8000 (Lachat Instruments, Milwaukee, WI, USA). 

We analyzed total dissolved nitrogen (TDN, mdl = 0.05 mg/L) and dissolved organic 

carbon (DOC, mdl = 0.25 mg/L) on a Shimadzu TOC-V total carbon analyzer that had a 

TNM-1 nitrogen module (Shimadzu Scientific Instruments, Colombia, MD, USA). We set 

concentrations that were below detection to one half of the minimum detection limits. 

4.2.3 Gas Sampling and Calculations 

Dissolved Gas  

We collected dissolved gas samples in duplicate alongside each water sample 

and used laboratory headspace equilibration to obtain a gas sample for analysis 

(adapted from (Hudson 2004).  We used pre-weighed, 60-ml crimp-capped glass serum 

vials that were evacuated in the laboratory no more than 24 hrs in advance of sampling. 

In the field, we collected a water sample by placing the evacuated vial 5-10 cm below 

the surface of the water, inserting a 20 gauge needle and allowing the vial to fill to ~40 

ml before removing the needle below the water surface. On multiple sample days, we 

also collected atmospheric samples in evacuated 9 ml glass serum vials at the sample 

sites. We kept samples on ice until returning to the laboratory where we immediately 

equilibrated them. We determined the volume of each sample by weight with a Mettler 

Toledo PB precision balance (0.01 g). To equilibrate samples, we added N2 gas with a 

glass syringe to the evacuated headspace until vials were over pressurized by 15 ml. We 

then placed the vials on a shaker table for two minutes to allow the dissolved gasses to 

equilibrate with the nitrogen headspace. After shaking, we transferred 10 ml of 
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headspace from each sample into an evacuated 9-ml glass serum vial using a glass 

syringe. We then immediately uncapped the samples and measured water temperature 

and lab air pressure for equilibration calculations. On the day of equilibration, we 

prepared a 5 point standard curve in triplicate in evacuated 9 ml serum vials that we 

stored with the samples until analysis, always within two weeks of sample collection.  

We analyzed gas samples for carbon dioxide (CO2), methane (CH4) and nitrous 

oxide (N2O) in the extracted headspace within two weeks of collection. We conducted 

our analyses with a Shimadzu 17A gas chromatograph equipped with an electron 

capture detector (ECD) and a flame ionization detector (FID, Shimadzu Scientific 

Instruments, Colombia, MD). To allow for determination of multiple gas concentration 

from the same sample, we attached sixport valves and a methanizer. Duplicate samples 

were injected with a Tekmar 7050 Headspace Autosampler and run with ultra-high 

purity N2 as the carrier gas and a P5 mixture as the make-up gas for the ECD. Medical 

grade breathing air was plumbed through a Nafion tube to remove water vapor from 

the sample stream. We used a five point standard curve of known concentrations 

(certified primary standards, Airgas, Morrisville, NC, USA) to convert peak areas of 

samples into gas concentrations.  

We calculated the dissolved gas concentration in the water sample based on the 

headspace concentration (see below for analysis) following Hudson 2004. First we 

calculated the aqueous concentration of the gas that was partitioned into the 

headspace during equilibration (CAH).  
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 𝐶𝐴𝐻 =  𝑉ℎ
𝑉𝑤

 ×  𝐶𝑔 × 𝜌𝑔 (eq 4.3) 

where Vh is the volume of N2 in the headspace and Vw is the volume of water, Cg is the 

measured gas concentration in ml/ml and ⍴g is the density of the gas (mg/L). We then 

calculated the concentration of gas still in the aqueous phase after equilibration (CA) 

using gas specific Henry’s Law constants (H, atm/mol fraction):  

 𝐶𝐴 =
𝑝𝑔

𝐻
 ×  

𝑛𝑤

𝑉𝑤
 ×  𝑀𝑊𝑔 (eq 4.4) 

where pg is the partial pressure of the gas at lab atmospheric pressure, nw/Vw is the 

molar concentration of water (55.5 mol/L) and MWg is the molecular weight of the gas 

(mg/L). The total concentration of gas in the water sample (C, mg/L) is: 

 𝐶 = 𝐶𝐴𝐻 +  𝐶𝐴 (eq 4.5) 

Gas Fluxes  

We estimated gas fluxes to the atmosphere (F, mg/m2/d) for each sample using: 

 𝐹 = (𝐶 − 𝐶𝑠𝑎𝑡) ×  𝑘𝑔 (eq 4.6) 

where C (mg/L) is the dissolved gas concentration in the water, Csat (mg/L) is the 

saturation concentration of the gas at equilibrium with the atmosphere (calculated 

using Henry’s law), and kg (m d-1) is the gas exchange coefficient for a specific gas 

(Raymond et al. 2012). The geomorphology in New Hope Creek is dominated by long 

deep pools where average water velocities are low, even during moderate flow when 

water volume is high (~0.1 m/s at 1 m3/s) resulting in low gas exchange velocities and 

long turnover distances for dissolved gasses (3v/k ~ 5 km, (Chapra and Di Toro 1991). 
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Because of this, open channel methods for measuring gas exchange with a tracer gas 

(Hall and Madinger 2018) do not produce reliable results. We therefore estimated gas 

exchange coefficients using inverse modeling based on dissolved oxygen time series 

informed by the daily discharge in the stream as well as an empirically derived estimate 

of k (Raymond et al. 2012; Hall and Ulseth 2020) (see below, in Metabolism, for details). 

We converted our model derived estimates of k600 (m d-1), which is the gas exchange 

coefficient normalized to a Schmidt number of 600, to gas specific values (kg, m d-1) 

according to:  

 𝑘𝑔 = (
𝑆𝑐𝑔

600
)

(−1
2⁄ )

𝑘600⁄  (eq 4.7) 

Using the gas specific schmidt numbers (Scg) calculated at the sample water 

temperature according to the coefficients in Raymond 2012.  

We used the calculated K values for each gas along with average velocity (v) to 

estimate the turnover 95% length of the gas as ~3v/K (Chapra and Di Toro 1991). These 

estimates were almost always greater than our 1 km “footprints” upstream of each 

sensor site. 

Metabolism 

We modeled metabolism based on the single station diel O2 method using the 

hierarchical bayesian state space model StreamMetabolizer (Appling et al. 2018b; a) in R 

(v. 3.6.3). This model estimates daily rates of gross primary productivity (GPP), 
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ecosystem respiration (ER) and the gas exchange coefficient K600 based on changes in 

oxygen concentration over time according to:  

 
𝑑𝑂2

𝑑𝑡
= 𝐺𝑃𝑃𝑡 + 𝐸𝑅𝑡 + 𝑘𝑂2

× (𝐷𝑂𝑖 − 𝐷𝑂𝑠𝑎𝑡,𝑖) (eq 4.8) 

where kO2 (m d-1) is the oxygen specific gas exchange coefficient related to K600 by the 

schmidt number for O2 (Eq 4.7), DOi and DOsat,i are the instantaneous concentration of 

dissolved oxygen and the concentration at saturation in the stream, and GPPt, ERt are 

daily, volumetric rates (g O2/m3/d). We used a model with both observation and process 

error and with partial pooling of K600, which restricts the amount of variation allowed 

in the K600 by discharge relationship to reduce equifinality in model solutions (Appling 

et al. 2018b). We ran the model with uninformative priors on GPP and ER and with a 

weak prior on K600 with a mean calculated based on empirical relationships for 

headwater streams (Raymond et al. 2012) and a standard deviation of 0.7 at each node 

in the K-Q relationship (for more details on model fitting of our data, see Chapter 3). 

After estimating metabolism, we removed model estimates for which the Rhat, a metric 

of parameter convergence, was above 1.05 or for which ER was greater than zero or 

GPP less than zero with a 95% CI that did not contain zero.  

4.2.4 Statistical analyses and calculations 

Linear Models 

For each dissolved gas (CO2, CH4, N2O, and O2) we used backwards variable 

elimination in multiple linear regression to determine a best fit model for predicting gas 
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concentrations and gas flux rates. In all base models, we included as predictor variables: 

physical drivers (water temperature, discharge, average depth, and stream bed slope), 

stream metabolism (GPP, ER), and water chemistry (concentration of NO3
-, DOC, O2). For 

CO2, CH4, and N2O models we also included oxygen as a predictor and for O2 and N2O 

models we also included nitrate. In all base models, we included site as a categorical 

factor to account for unmeasured variation between sample locations. We included one 

interaction term in our base models between discharge and depth because the impact 

of discharge on both many processes such as groundwater exchange and gas exchange 

would be dependent on the depth of the channel in different locations. Inclusion of this 

interaction also enabled us to consider potential effects of water residence time, 

generally calculated from discharge and depth.  

Before fitting models, we transformed and scaled all driver and response 

variables to have a mean of 0 and a standard deviation of 1, so coefficient estimates 

reflect their relative effects on the response variable and do not have meaningful units. 

This required a log transformation of discharge and linear scaling for all other variables. 

We fit models using the lm function in R (v 3.6.3) and selected the subset of predictor 

variables for each final model through manual stepwise elimination of predictors 

primarily to minimize the Akaike information criterion corrected for small sample sizes 

(AICc) value (Hurvich and Tsai 1989), and where possible to maximize the predicted 

residual sum of squares (pred-R2) values. In cases where removing a predictor did not 

notably change the model fit (a change in AIC of < 2 a change in pred-R2 of < 0.02), we 
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chose to remove that predictor in favor of a more parsimonious model. We checked for 

collinearity of predictors with the variance inflation factor (vif) and did not consider 

models with a vif > 5 for any predictor (Beier et al. 2001). We present the final models 

including AICc and R2 values, as well as estimates, t values, and p-values for each 

predictor variable in the results. The predictor covariance matrix is included in the 

supplementary information (Appendix C, Table 9).  

Contribution of metabolism to gas flux 

We calculated the fraction of O2 and CO2 flux that can be explained by aerobic 

metabolism by first calculating the rate of gas production or consumption due to net 

ecosystem metabolism (NEP = GPP - ER). We converted oxygen based metabolism 

estimates to units of CO2 using a respiratory quotient (RQ) of 0.8 measured as moles of 

CO2 produced per mole of O2 consumed. We used the reciprocal of this (1.25) as the 

photosynthetic quotient (PQ). We calculated the fraction of instream contribution as 

NEPg/Fg (the gas specific NEP rate divided by the gas flux rate). If this fraction was larger 

than one, we considered that to be 100% contribution. If this fraction was negative (ie 

gas flux to the atmosphere and gas consumption by NEP) we considered that to be 0% 

contribution.  

Gas departure from atmospheric equilibrium 

For oxygen, carbon dioxide and methane, we calculated the gas departure from 

atmospheric equilibrium for each sample. This is the amount of dissolved gas in excess 



 

119 

of the saturation concentration, or the saturation deficit if the gas is undersaturated. 

We calculated gas specific saturation concentrations based on temperature and the 

atmospheric partial pressure using Henry’s Law. The gas departure represents a source 

(e.g. groundwater, production) or a sink (e.g. consumption, oxidation) of the gas other 

than exchange with the atmosphere (Vachon et al. 2020). We present the molar ratios 

of CO2:O2 departures and CH4:CO2 departures and discuss various biogeochemical 

processes in the context of these ratios.   

 

4.3 Results 

4.3.1 Gas concentrations and fluxes 

We measured dissolved gas concentrations at six sites on dates spanning 

November to March for a total of 58 sample points. The concentration of oxygen (O2) 

ranged from 6.8 to 12.4 mg/L with a mean of 10.5 mg/L, carbon dioxide (CO2) ranged 

from 0.2 to 7.1 mg/L with a mean of 2.3 mg/L, methane (CH4) ranged from 0.7 to 20.5 

ug/L with a mean of 4.3 ug/L, and nitrous oxide (N2O) ranged from 0 to 0.86 ug/L with a 

mean of 0.48 ug/L. On average, oxygen was undersaturated and was dissolving from the 

atmosphere with flux rates ranging from -7.7 to 1.2 g/m2/d. The stream was 

supersaturated with CO2 most of the time and always supersaturated with CH4 while 

N2O was undersaturated about half of the time and the stream was a net sink from the 

atmosphere. Carbon dioxide fluxes ranged from -0.61 to 7.9 g/m2/d, methane fluxes 
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Figure 17.  Longitudinal patterns in greenhouse gases. (a) Gas concentrations and 
(b) gas flux rates at each of the six study sites with box plots showing the distributions 

across all sample dates (n = 11). Study sites are labeled with their distance downstream 
starting at 0 m at the most upstream site. 

 
from 0.39 to 26 mg/m2/d, and nitrous oxide fluxes from -1.3 to 0.71 mg/m2/d (Figure 

17). The range in gas concentrations and fluxes at any one site across all sampling dates 

was on average greater than the range across all sites sampled on a single day. While 

there were some consistent patterns of increasing or decreasing concentrations 

between sites, when averaged across sample dates only CH4 concentration was 

significantly different across sites (F = 4.6, df = 48, p = 0.002). For gas flux rates, both CH4 
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(F = 3.8, df = 48, p = 0.006) and N2O (F = 2.5, df = 48, p = 0.045) fluxes were significantly 

different across sites (Figure 17).  

There was more variation in gas concentrations over time than over space 

(Figure 18). From November to March, each dissolved gas shows a different pattern. 

Dissolved oxygen was low in November (8.8 ± 1.4 mg/L) and increased throughout the 

winter, peaking in late January (11.8 ± 0.4 mg/L). It then decreased through the spring 

back to a minimum of 9.2 ± 0.4 mg/L by the end of March. Carbon dioxide starts at its 

highest point at the beginning of November (5.2 ± 1.2 mg/L) and decreased through 

mid-December when it levels off at a mean of 2.5 ± 07 mg/L  through the winter before 

beginning to decrease again starting in mid-February through March reaching a 

minimum of 0.6 ± 0.4 mg/L. Methane also starts at its highest point in November (11.1 ± 

6.4 ug/L) and decreases until early December. It levels off through the winter at a mean 

of 2.9 ± 1.8 ug/L, then in mid-February it begins to rise again reaching 7.5 ± 2 ug/L by the 

end of March. Nitrous oxide is more variable than the other gasses; concentration is at 

its minimum in mid-November (0.07 ± 0.06 ug/L), its maximum in late January (0.78 ± 

0.05 ug/L) and is the most variable in early December (0.41 ± 0.27 ug/L) but shows no 

consistent temporal trends (Figure 18).  

Gas flux rates show similar patterns to their concentrations. All rates are with 

respect to gas moving out of the stream. Oxygen flux was lowest in early November (-

4.1 ± 2.4 g/m2/d) and increased steadily to reach above zero on one sample date in 

March (0.56 ± 0.38 g/m2/d). Carbon dioxide flux was high in November (5.5 ± 2 g/m2/d) 
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and decreased to its lowest point in mid-March (-0.12 ± 0,3 g/m2/d). Methane fluxes 

also began high in November (16 ± 9 mg/m2/d) and decreased through the winter to a 

late February minimum (3 ± 2.2 mg/m2/d) then increased up to 7.9 ± 7.4 mg/m2/d 

through March. Nitrous oxide was being absorbed by the stream from November to 

mid-January with a minimum flux of -1 ± 0.2 in November and was degassing from the 

stream for the remainder of the spring, starting at 0.27 ± 0.04 mg/m2/d in late January 

and decreasing to near equilibrium (0.03 ± 0.06 mg/m2/d) by March.  

4.3.2 Site Characteristics 

The local geomorphology varied along our study reach. Stream bed slope ranged 

from 0.22% to 0.44% across our sites with the flattest reaches found at the two most 

upstream sites. Average stream depth in the one kilometer reach upstream of each site 

co-varied with discharge but also spanned a range across sites with two sites, NHC_2.3 

and NHC_2.5, significantly deeper on average (0.56 ± 0.1 m) than the remaining four 

(0.38 ± 0.1 m). Stream discharge increased by ~ 2-3 times over this 8.5 km reach during 

winter and spring base flow, occasionally decreasing downstream after periods of no 

precipitation. Most of the variation in discharge is seasonal rather than spatial; mean 

daily discharge at the bottom of the reach increased from 0.57 ± 0.2 m3/s in mid-

November to 0.95 ± 0.6 m3/s (excluding 3 storms) from 24 Nov - 15 Feb with three 

substantial storms on 4 Jan (5.9 m3/s), 25 Jan (38 m3/s), and 6 Feb (~350 m3/s, well 

above our rating curve). By late February, discharge dropped to its lowest point during 
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Figure 18. Time series of predictors and gas concentrations from 11 Nov 2019 to 
21 Mar 2020 across all six sampling sites in New Hope Creek. Mean daily gross primary 

productivity (GPP) and ecosystem respiration (ER) shown with the 95% CI of rates across 
sites on each day (top). Gas concentrations with samples from all sites shown as discrete 

points and the interquartile range shaded grey to show changes with time (middle). 
Mean daily water temperature from all sites and discharge (Q) at the outlet of the study 

reach (bottom). 
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this study and remained low through March (0.13 ± 0.05 m3/s). The mean discharge on 

each of our sample dates spanned only part of this full range, from 0.1 - 1.3 m3/s. The 

final physical driver, mean daily water temperature, was low (7.5 ± 1.6 °C) in November 

and December, in January it varied widely at the weekly time scale with weather 

patterns (range: 2.5 - 14 °C), in February and early March it was on average higher (9.4 ± 

2 °C) and it increased above 15 °C by the middle of March. On our sample dates, mean 

water temperature ranged from 5.6 to 19 °C (Figure 18).  

4.3.3 Stream metabolism and water chemistry 

There was more seasonal than spatial variation in stream metabolic rates (Figure 

18). Our sampling spans from the end of the autumn respiration peak until the middle of 

the spring productivity window. Gross primary productivity (GPP) ranged from 0 to 2.8 g 

O2/m2/d on sample dates with significantly lower rates at NHC_5 and NHC_6.9 (0.36 ± 

0.16 g O2/m2/d) and the highest variability at sites NHC_0 and NHC_8.5 (1.04 ± 0.89 g 

O2/m2/d). From November until mid-February GPP was 0.46 ± 0.28 g O2/m2/d and on 

the final three sample dates, 27 Feb - 21 Mar, GPP increased to 1.51 ± 0.67 g O2/m2/d. 

Ecosystem respiration (ER) ranged from -0.05 to -8.5 g O2/m2/d on all sample dates, 

generally decreasing in magnitude from upstream (-3.5 ± 2.3 g O2/m2/d) to downstream 

(-1.7 ± 1.6 g O2/m2/d). Temporally, ER experiences an even greater decline from the 

November sample dates (-4.5 ± 1.9 g O2/m2/d) to the early spring dates (29 Jan to 11 

Mar, -1.2 ± 0.8 g O2/m2/d), with a slight increase on the final date during the peak of the 
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spring productivity (21 Mar, -2.9 ± 1.5 g O2/m2/d). Dissolved oxygen concentrations 

covaried with both ER and GPP, but we chose to include it in our models as it also could 

also directly determine the types of metabolic pathways which were active, and was not 

prohibitively correlated with ER and GPP.  Dissolved oxygen was almost always below 

saturation and in general increased moving downstream from NHC_0 (9.7 ± 1.3 mg/L, n 

= 8) to NHC_6.9 and NHC_8.5 (11 ± 0.8 mg/L, n = 17). As with metabolism, oxygen had 

more seasonal than spatial variation.  

Dissolved organic carbon (DOC) and nitrate (NO3
-) are frequently demonstrated 

to be important controls on dissolved gas concentrations because they are substrates 

for respiration, methanogenesis (Stanley et al. 2016), and denitrification (Beaulieu et al. 

2008). Across sample dates and sites, DOC ranged from 2.2 - 8.9 mg/L and nitrate 

ranged from 0 - 0.85 mg N/L. Neither substrate was significantly different across sites, 

but DOC was generally lower at NHC_0 (3.55 ± 1.7 mg C/L) compared to the mean 

across the five downstream sites  (4.7 ± 1.7 mg C/L), and NO3
- was generally  higher at 

NHC_0 (0.17 ± 0.11 mg N/L) compared to the other sites (0.15 ± 0.18 mg N/L). While 

consistent on any given day, concentrations of DOC are quite variable between each 

sampling date, in November, DOC is at the middle of its range (4.1 ± 0.86 mg C/l, n = 15), 

concentration peaks on 5 Jan (8.7 ± 0.1 mg C/l, n = 4), varies widely through late January 

and February (4.8 ± 1.4 mg C/L, n = 18) and reaches its minimum during March (2.6 ± 

0.34 mg C/L, n = 11). There is a strong positive correlation between DOC and discharge 

(Appendix C, Table 9), which may have influenced its impact as a predictor. Nitrate has a 
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similar seasonal pattern to DOC. Concentrations start low in November (0.04 ± 0.04 mg 

N/L, n = 15), have a large spike on 3 Dec (0.41 ± 0.33 mg N/L, n = 6), increase to their 

seasonal maximum in January (0.30  ± 0.03 mg N/L, n = 10) then decrease coincident 

with spring productivity in March (0.03  ± 0.03 mg N/L, n = 11). We excluded the two 

samples that drove the 3 Dec spike from our models (NHC_2.5 = 0.81, NHC_2.3 = 0.85 

mg N/L) to allow the lower range samples (0.13 ± 0.11 mg N/L, n = 56) to serve as more 

robust predictors.  

4.3.4 Multiple linear regression 

Best-fit models yielded adjusted R2 values that ranged from 0.73 to 0.94 across 

models of O2, CO2, and CH4 concentration and flux, with lower values of 0.40 and 0.41 

for N2O concentration and flux, respectively. Similarly, predicted residual sums of 

squares (predictive R2) values ranged from 0.68 to 0.94 across all O2, CO2, and CH4 

models with values of  0.36 and 0.31 for N2O concentration and flux (Table 4). 

Independent variables tended to be somewhat correlated (Appendix C, Table 9) so only 

models with vif <  5 were considered. 

Site was a significant predictor of CH4 concentration but did not predict other gas 

concentrations. For gas fluxes, site was selected as a predictor for CO2 and CH4, and 

while it is also significant for N2O fluxes, it was not part of the best fitting model (Table 

5). Site is also a significant predictor of the gas exchange coefficient (F = 3.83, df = 52, p 

= 0.005), which reflects the local channel geomorphologies of the sites and likely 
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explains much of the connection between gas flux rates and site. Stream channel 

geomorphic characteristics in general were not strong predictors of gas dynamics. 

Average water depth positively predicted CO2 concentration and steeper stream bed 

slope predicted higher O2 concentration, but neither predictor was chosen in other 

concentration models. For gas fluxes, water depth positively predicted CO2 flux rate and 

slope was not important for any gas. Stream discharge and temperature predicted gas 

concentrations but were not important predictors of gas fluxes. At high discharge there 

tended to be lower CH4 and N2O concentrations. Warmer water temperature predicted 

lower concentrations of O2 CO2, and CH4 (Tables 4,5). 

 

 
Table 4. Description of final models after backwards stepwise elimination. 

Model  AICc ∆AICc R2 adj R2 pred  Model Predictors 

O2 conc 91.97 -16.49 0.726 0.698  Temp + Slope + GPP + ER 

 flux rate 3.90 -16.13 0.941 0.937  GPP + ER + NO3 

CO2 conc 52.83 -15.36 0.871 0.851  Depth + Temp + GPP + O2 + DOC 

 flux rate 62.94 -11.12 0.858 0.825  Depth + GPP + ER + site 

CH4 conc 86.78 -6.69 0.788 0.709 
 log(Discharge) + Temp + GPP + O2 + 
site 

 flux rate 93.30 -1.07 0.735 0.683  ER  + site 

N2O conc 128.22 -28.65 0.400 0.362  log(Discharge) + NO3 

 flux rate 130.32 -26.04 0.408 0.311  ER + DO + NO3 + DOC 
AICc: AIC adjusted for small sample size, ∆AICc: change in AICc from base model, R2-adj; adjusted R2 
value, R2-pred; predictive residual sum of squares 
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Table 5. Top four predictors for each GHG linear model 

Model Predictor 1 Predictor 2 Predictor 3 Predictor 4 

O2 conc ER (-0.71, p ≈ 0) Temp (-0.70, p ≈ 0)  GPP (0.33, p ≈ 0) 
Slope (0.18, p = 
0.02) 

 flux  ER (-0.84, p≈ 0) GPP (0.33, p ≈ 0) 
NO3 (-0.05, p = 
0.16) 

 

CO2 conc O2 (-0.84, p ≈ 0) Temp (-0.54, p ≈ 0) DOC (-0.21, p ≈ 0) Depth (0.20, p ≈ 0) 

 flux  ER (0.66, p ≈ 0) GPP (-0.41, p ≈ 0) Site (p = 0.0105) 
Depth (0.35, p = 
0.0007) 

CH4 conc O2 (-0.72, p ≈ 0) log(Q) (-0.45, p ≈ 0) Site (p = 0.0015) Temp (-0.26, p ≈ 0) 

 flux  ER (0.78, p ≈ 0) Site (p ≈ 0)   

N2O conc NO3 (0.64, p ≈ 0) log(Q) (-0.49, p ≈ 0)   

 flux  
NO3 (0.57, p = 
0.0002) 

ER (-0.56, p = 
0.0002) 

DOC (-0.51, p = 
0.0002) 

O2 (-0.47, p = 0.003) 

Predictors are shown with the estimate (for scaled predictors, all ranges between (-1, 1) and p-value 

 

Metabolism was a strong predictor in almost all models (Table 5). Gross primary 

productivity (GPP) positively predicted O2 concentrations and negatively predicted both 

CO2 and CH4 concentrations. Ecosystem respiration (ER) negatively predicted O2 

concentration. This strong correlation between ER and O2 (0.6) resulted in collinearity 

issues (vif > 5) in models for CO2 and CH4 concentration when both were included as 

predictor variables. So, although ER predicted concentrations of both gasses, we did not 

include it as a predictor and simply included the O2 value instead. In these models, O2 

negatively predicted CO2 and CH4 concentrations. In the models for gas flux, ER was an 

overall better predictor than O2, so in this case we included ER and not O2 in our models, 

with the exception of N2O flux, which includes both but did not result in an inflation of 
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variance (vif < 5). Higher GPP predicted more O2 flux and less CO2 flux. ER positively 

predicted CO2 flux and CH4 flux and negatively predicted O2 flux and N2O flux. Although 

it is negatively correlated with ER, higher O2 also predicted less N2O flux. 

The two substrates included in our models, nitrate and dissolved organic carbon, 

did not account for much variability in any dissolved gasses with the exception of N2O. 

Nitrate positively predicts N2O concentration and flux. Increased nitrate also predicts 

lower O2 flux, but the effect is small and was not selected in the model for O2 

concentration. Dissolved organic carbon did not significantly predict anything except for 

CO2 concentration and N2O flux, and in both cases, more DOC predicts less gas in the 

models. This result is contrary to our expectations and may be due to covariation (0.8) 

of DOC with discharge.  

While most of the variation in gas concentrations and fluxes was temporal rather 

than spatial, we did not include date as a predictor in our model. Several of our 

predictor variables exhibit strong temporal trends (Figure 18, see above descriptions) 

that we believe capture the important patterns. This choice was so that patterns in gas 

concentrations and fluxes were attributed to drivers with probable mechanistic 

explanations rather than optimizing predictive power of the models.    

4.3.5 Ratios of gas saturations 

In stream production of carbon dioxide by aerobic respiration (ER) contributed 

substantially to the total flux (Figure 19). We calculated rates of CO2 production from 
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net ecosystem production (NEP) and this accounted for an average  57% of the total CO2 

flux. During the autumn, NEP was often responsible for 100% of the CO2 flux, sometimes 

exceeding it by up to 75% in which case more CO2 was generated than was released and 

it accumulated in the stream. During net autotrophic periods in the spring, CO2 was 

often undersaturated and the stream was absorbing CO2. One spring sample taken at 

NHC_0 was producing CO2 via metabolism (0.55 g/m2/d) while also absorbing it from the  

 

Figure 19. The contribution of net ecosystem production (NEP) to the flux of CO2. Grey 
bars represent the total average flux at each site (top) or across sites on each sampling 

date (middle) and green bars represent the contribution of NEP to that flux. Discharge is 
plotted at the bottom.  

 

atmosphere (0.39 g/m2/d). The mid-February sample date was on the falling limb of a 

large storm and represented the smallest average contribution of instream metabolism 
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to CO2 flux across all sites (27%, figure 19). Because the autumn is both the time period 

with the highest CO2 flux and the highest fraction of instream production, even a greater 

proportion of the cumulative CO2 flux can be attributed to NEP. Of a total of 158 g 

CO2/m2 we measured on 11 sample days (this is not counting negative fluxes), 115 

g/m2, or 73%, was generated by net ecosystem metabolism. 

 Instream respiration predicts lower nitrous oxide, during the peak of autumn 

respiration, New Hope Creek is a sink of N2O. This time period coincides with the lowest 

NO3
- concentrations. As NO3

- increases through the winter, N2O flux also increases and 

NHC flips from being a sink to a source in January (Appendix C, Figure 29)  

 The role of aerobic metabolism in shaping gas dynamics is reflected in the 

relationship between the molar departures of O2 and CO2 from atmospheric equilibrium 

(Figure 20a). Atmospheric exchange will tend to push both gasses toward zero 

departure, and aerobic metabolism will result in a negative relationship passing through 

the origin (Vachon et al. 2020). Across our samples, CO2 and O2 departures are 

negatively correlated (Figure 20) and span a gradient from high O2 and low CO2 when 

the stream was autotrophic (NEP ~ 0.5 g O2/m2/d) to low O2 and high CO2 when the 

stream was heterotrophic (NEP ~ -8 g O2/m2/d ).The slope is a 1:1 line of oxygen 

depletion and carbon dioxide production which is higher than a typical respiratory 

quotient (RQ, moles CO2 produced per mole O2 consumed) for heterotrophic systems. 

We show the literature based RQ of 0.8 (del Giorgio and Peters 1994) that we used to 

calculate the above contributions of NEP to CO2 flux in Figure 20. Indeed, if we calculate 
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the moles of CO2 consumed by NEP as the slope of a regression line between NEP and 

the CO2 departure (dCO2/dNEP, r2 = 0.548, p < 0.0001) and divide this by the similarly 

derived dO2/dNEP (r2 = 0.742, p ~ 0), we arrive at a respiratory quotient of 0.77, 

supporting this assumption. Both the flatter slope of this line and the positive intercept 

suggest there are additional inputs of CO2 from other sources. 

 

Figure 20. Left: Dissolved CO2 and O2 in excess of the stream water saturation 
value for each gas sample. The dashed black line shows a respiratory quotient (RQ) of 0.8 
moles CO2 produced per mole O2 consumed and the grey line shows our data have a 
molar ratio of ~1. The points are colored by net ecosystem respiration (GPP-ER) so that 
orange points show high respiration and green points show primary productivity. Right: 
Dissolved CH4 in excess of stream saturation plotted against excess CO2.The data have a 
wide spread around a molar ratio of 0.005 with purple indicating that samples with low 
discharge tend to be enriched in CH4 while yellow points show high discharge samples 
which are CH4 depleted relative to CO2. 

Methane concentrations vary with carbon dioxide concentration with an average 

molar departure ratio of 0.0047 (range: 0.0012 - 0.0698).The variance around this 

relationship is much higher than it is for O2 and CO2 and much of the spread around the 
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line is related to stream discharge (Figure 20b). In general, samples taken at low 

discharge are enriched in CH4 relative to CO2 while those taken at high discharge are 

depleted. Much of this variation is seasonal; autumn and winter CH4:CO2 ratios average 

~ 0.005 with the lowest in early November and in the spring they increase to ~0.02 with 

a few exceptionally high values. This increase overlaps with the spring productivity 

bloom and associated CO2 depletion which drives at least part of the shift. However, CH4 

concentrations also increase in the spring, contributing to the shift. Nitrous oxide 

departures from saturation do not covary with any of the other gasses.  

 

4.4 Discussion 

New Hope Creek is a net source of carbon dioxide and methane to the 

atmosphere, but a net sink of nitrous oxide. The dynamics of gas concentrations and 

fluxes are controlled almost entirely by instream processes. Stream metabolic cycling is 

the dominant control on carbon dioxide and oxygen dynamics and is likely important for 

methane and nitrous oxide as well. Seasonal variation in stream metabolism and 

hydrology drives most of the observed patterns. During late autumn, respiration derived 

from the pulse of terrestrial litterfall is high, driving oxygen depletion, nitrate limitation, 

and carbon dioxide supersaturation. In the spring, productivity results in a brief period 

of oxygen supersaturation, but the system quickly returns to net heterotrophy and 

increased carbon dioxide. Methane concentrations follow similar seasonal patterns as 



 

134 

carbon dioxide with even larger magnitude shifts. Nitrous oxide production is limited by 

competition for nitrate, and throughout the fall respiration peak, concentrations are 

well below saturation. We suggest that long deep pools and low stream gradients limit 

gas exchange.  In addition, hyporheic exchange must also be limited because of the high 

predictability of GHG concentrations by instream controls and low inter-site differences 

in discharge, supported by New Hope Creek additionally having low channel complexity.    

4.2.1 Magnitudes and Patterns 

Carbon dioxide (CO2) concentrations in New Hope Creek are comparable to 

those observed in similarly sized streams, but flux rates are much lower due to limited 

gas exchange. A synthesis of US streams reports an average CO2 concentration of 5.3 

mg/L and flux of 18.9 g CO2/m2/d in 3rd order streams (Butman and Raymond 2011). 

While the total flux is lower, the fraction of carbon dioxide flux that is due to in stream 

metabolism is comparable to some (Rocher-Ros et al. 2020) but higher than is reported 

in most streams of similar size (Gómez-Gener et al. 2016; Rasilo et al. 2017; Lupon et al. 

2019). The fraction we measured is likely a conservative estimate, as the contribution of 

instream metabolism to gas flux tends to be lowest in the winter, when we collected 

most of our measurements. Methane (CH4) concentrations are an order of magnitude 

lower than is observed across streams on average (22 ± 83 ug/L) but are about equal to 

that of other undisturbed reference streams (~5 ug/L, (Stanley et al. 2016). Our fluxes of 

CH4 are much lower than the average but are within the range that is observed across 
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other streams (140 ± 408 mg/m2/d). Nitrous oxide (N2O) concentrations vary 

substantially across streams and rivers, and our concentrations are lower than most. 

This might be because many N2O studies are done in places where nitrate is high such as 

urban streams and agricultural streams, with average N2O about three times as high as 

in NHC (1.2 ug/L, Beaulieu et al. 2008). A synthesis from Quick et al 2019 reports nitrous 

oxide fluxes ranging from -3 up to several thousand mg/m2/d. While most studies show 

streams as a net source of N2O to the atmosphere, others, particularly in forested areas, 

report very low concentrations (0.16 ug/L) and occasional net absorption of N2O (-2 to 6 

mg/m2/d, (Soued et al. 2016) as we see in New Hope Creek. 

4.4.2 Metabolism controls 

 In stream metabolism is a dominant control on gas concentrations and 

fluxes in New Hope Creek. Photosynthesis and aerobic respiration are directly 

responsible for the consumption and production of carbon dioxide and oxygen and 

explain a large fraction of variance in gas concentrations. In the autumn when 

respiration is high, net ecosystem production (NEP) is responsible for almost all the CO2 

flux to the atmosphere (Crawford et al. 2017). This suggests that large amounts of the 

terrestrial carbon subsidies provided by litterfall are mineralized and are not 

transported downstream. At times, net instream respiration is much higher than the flux 

to the atmosphere and NEP drives an accumulation of CO2 in the stream, even when it is 

already supersaturated. This has been reported in arctic streams (Rocher-Ros et al. 
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2020), but in general most low order streams like New Hope Creek derive the bulk of 

their CO2 flux to the atmosphere from groundwater inputs (Hotchkiss et al. 2015; Rasilo 

et al. 2017; Duvert et al. 2019). In part, this accumulation is due to a limited ability to 

exchange with the atmosphere. New Hope Creek is deep and slow moving, even in the 

winter months, and dissolved gas often remains in the water column for several days 

over multiple kilometers due to limited gas exchange. This might cause lags between gas 

production and degassing or allow for oxygen depletion to occur over several days, 

driving the system hypoxic (Carter et al. accepted).  

While our metabolic rates do not incorporate measurements of anaerobic 

processes, they nonetheless serve as a strong predictor of methane concentration and 

flux. This may be due to changes in the oxidation state of the system that occur due to 

metabolic processes. This would favor methane production at times of high aerobic 

respiration when oxygen is low and may lead to higher methane oxidation when the 

stream is well oxygenated (Stanley et al. 2016). Alternatively, periods of high instream 

aerobic respiration occur when there are large allochthonous organic matter subsidies 

such as terrestrial litterfall (Roberts et al. 2007) or DOC pulses from storm flows (Demars 

2019), which would stimulate anaerobic processes as well. The “anaerobic scaling 

hypothesis” suggests that anaerobic respiration may scale with aerobic respiration, 

allowing CO2 or ER to serve as a predictor for methane concentrations (Stanley et al. 

2016). Both relationships are present in New Hope Creek, but the variability in the 
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CH4:CO2 ratio over time suggests the presence of other drivers of methane 

concentrations.    

Although dissolved organic carbon (DOC) concentration is not equivalent to 

labile carbon availability, many studies have found increases in both CH4 and CO2 with 

DOC. Aerobic and anaerobic heterotrophs do not appear to be limited by DOC in New 

Hope Creek. Both gases decrease slightly with higher DOC, which is likely due to a 

positive correlation between DOC and discharge but still suggests that it is not limiting 

respiration rates. Even when the stream is well oxygenated, measurable methane 

concentrations and fluxes are present, indicating the potential for respiration at all 

levels on the redox ladder to be co-occurring throughout the sediments. When 

respiration increases, so does the CH4 to CO2 ratio, which might indicate that electron 

acceptors are more limited than carbon in anoxic microsites in the sediment and CH4 

production proceeds in the absence of more energetically favorable electron acceptors 

(Megonigal et al. 2003). Indeed, the sediments contain large amounts of buried organic 

carbon, and storms frequently replenish dissolved organic carbon in the water column 

(Zimmer and McGlynn 2018).  

In New Hope Creek, anaerobic scaling did not appear to extend to nitrous oxide, 

an intermediate product of both anaerobic (denitrification) and aerobic (nitrification) 

metabolic pathways (Quick et al. 2019). Some studies have found that increased 

instream respiration predicts nitrous oxide fluxes (Beaulieu et al. 2011). This relationship 

may arise when high organic matter availability drives both aerobic respiration and 
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denitrification. Further, if respiration is high enough to significantly deplete oxygen, 

denitrification may increase as many denitrifiers are facultative anaerobes and switch 

from aerobic respiration to denitrification when oxygen is limiting (Rosamond et al. 

2012). In New Hope Creek, we do see a slight increase in N2O fluxes with lower oxygen, 

but the stream was never hypoxic during our study and this relationship is not strong. In 

contrast to this hypothesis, we see a shift from positive to negative N2O flux at times of 

high respiration. In fact, the stream was a net sink of N2O during the autumn respiration 

peak while it was a source of both CH4 and CO2.  

Throughout the autumn, nitrate appears to be limiting N2O production as 

denitrifiers are out-competed by aerobic heterotrophs during the respiration peak. In 

the winter and spring, nitrate demand drops in the absence of large terrestrial organic 

matter subsidies and N2O concentrations and fluxes slowly catch up and remain high 

through the spring, even when autotrophs begin to take up nitrate. Nitrogen is not 

limiting in the spring in New Hope Creek, and denitrifiers are able to coexist with 

autotrophs (Covino et al. 2018). Additionally, the response of CH4 production to 

increased respiration is not as strong in the spring as in the autumn. One possible 

explanation of this is that methane production is reduced in by greater availability of 

NO3, which is a more energetically favorable electron acceptor than organic carbon 

(Megonigal et al. 2003).  



 

139 

4.4.3 Physical controls  

In stream physical drivers are also important in predicting gas dynamics. Warmer 

water predicts lower concentrations of dissolved gasses. This result was unexpected due 

to the dominance of instream metabolism as a control and the well documented 

increases in metabolic rates with temperature (Yvon-Durocher et al. 2012; Zhu et al. 

2020), though this can be complicated by concurrent increase of both primary 

productivity and respiration (Demars et al. 2016). Because our sampling spanned only 

late autumn through spring, we believe the impact of temperature on the solubility of 

gasses was more important than on metabolic rates. This hypothesis is supported by the 

decrease of both CO2 and O2 with warmer temperatures.  

Long water residence times may favor anaerobic metabolism (Gomez-Gener et 

al. 2020). We see a distinct shift toward higher CH4:CO2 ratios with lower discharge in 

New Hope Creek. An increase in anaerobic processes with low discharge may be 

attributed to higher groundwater exchange, the development of anoxic regions within 

the channel, or less atmospheric exchange. Geomorphologies that have consistently low 

water velocities such as pools tend to accumulate fine sediments and particulate organic 

matter that settle out of the water column, creating conditions conducive to sediment 

hypoxia (Stanley et al. 2016). All these factors suggest there will be a greater 

accumulation of metabolic byproducts at low discharge, and it is likely that with longer 

residence times, a greater proportion of those byproducts will be from lower on the 

redox ladder. 
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Storm flows shift the controls on gas flux away from instream production in favor 

of terrestrial inputs. The only sampling date where less than half of the CO2 flux was 

derived from instream production was on the falling limb of a large storm. This could be 

explained by large amounts of terrestrial CO2 entering in from groundwater during the 

storm (Jones and Mulholland 1998), or by the opportunistic venting of a large quantity 

of CO2 that had accumulated in the stream, trapped by low gas exchange. This suggests 

that while instream controls dominate in New Hope Creek on average, storms may serve 

as temporal control points when infrequent but large inputs of inorganic carbon control 

the budget. 

4.4.4 Spatial controls 

Although most of the variation in gasses in New Hope Creek was seasonal, we 

did observe consistent spatial patterns across sampling dates. This variation appears to 

be related to channel structure, with deeper flatter channels (pools, essentially) 

resulting in less oxygen and more respiration byproducts. While stream depth and bed 

slope appear to have predictable relationships with dissolved gasses, we expect that 

they did not capture enough of the local variability that drives concentrations, and as a 

result, our models favored inclusion of site as predictor rather than channel descriptors. 

Methane is more linked to local variability than the other gasses, and there were 

consistent control points where methane concentrations were higher, suggesting 

production from anaerobic metabolism. The spatial variability in all gasses was the 
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highest in the autumn respiration peak; a low flow time when the stream was likely to 

be losing water (Zimmer and McGlynn 2017) which would result in lower groundwater 

inputs and less mixing with the hyporheic zone (Fox et al. 2014), favoring the anaerobic 

metabolism hypothesis. Methane is highest at the two most upstream sites, both pools 

with fine, organic rich sediments, where metabolism accounts for ~90% of the CO2 flux, 

also suggesting this isn’t a location of high groundwater discharge.  

 In New Hope Creek, small, often steep, bedrock riffles separate the large 

pools. These sites have a lot of turbulent mixing, even at low flows. They serve as 

control points for gas evasion, especially in this low gradient stream where gas exchange 

coefficients are universally low elsewhere. These exert strong control on gas evasion 

and consistently move gasses toward equilibrium with the atmosphere in all seasons 

(Crawford et al. 2014; Rocher‐Ros et al. 2019). 

 

4.5 Conclusions 

Trace gas fluxes out of New Hope Creek are low relative to ranges reported in 

the literature (Raymond et al. 2013; Stanley et al. 2016; Quick et al. 2019). Long water 

residence times, low groundwater inputs and limited reaeration create ideal situation of 

instream metabolic processes to be the primary driver of GHG concentrations. At times 

instream photosynthesis is high enough to deplete stream CO2 and during periods of 

peak heterotrophic respiration the river becomes a net sink for N2O. It is this seasonal 

variation in instream GPP and ER that drives the temporal variation in GHGs observed 
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throughout New Hope Creek. We also see consistent differences between river 

segments driven primarily by channel geomorphology. River segments with the longest 

water residence times store substantial quantities of organic matter and are primary 

sources of respiratory products (Gómez-Gener et al. 2015; Casas-Ruiz et al. 2017), 

while rare high velocity sections act as the control points at which the majority of GHGs 

are vented to the atmosphere (Rocher‐Ros et al. 2019). Our results suggest that organic 

matter inputs and storage along with nutrient limitation determine the timing and 

magnitude of gas production while hydrologic regimes and hydraulic gradients constrain 

these rates and at times determine the balance between instream controls and external 

sources. Climate change is altering all these drivers of riverine GHG production and flux, 

and we anticipate the combination of lower gas solubility and more frequent hypoxia will 

lead to higher CO2 and CH4 fluxes and may shift New Hope Creek from a sink to a 

source of N2O. Since the geomorphic conditions and human modifications that lead to 

high organic matter and water residence times in New Hope Creek are not unique (Wohl 

and Merritts 2007), we suspect that similar trends will be observed in low gradient 

headwater streams throughout the world. 
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5. Conclusion 

5.1 New Hope Creek: Not your average stream, or is it?  

This system challenges us to reconsider our perceptions of river ecosystems. 

New Hope Creek has many properties akin to those of lentic, or non-flowing, 

ecosystems yet retains the dynamism intrinsic to flowing waters. Throughout five years 

of study, I have found that New Hope Creek is the source of many strange occurrences 

in the Duke Forest. I have observed biogeochemical patterns and ecosystem processes 

that are shaped by the physical template of the stream channel and the temporal 

dynamics of the flow regime.  

Oxygen depletion arises through supply limitation when slow moving water 

restricts exchange with the atmosphere, which contrasts with much research on river 

hypoxia that focuses on high oxygen demand from anthropogenic nutrient or organic 

matter loading. The same geomorphic and hydrologic constraints that drive the 

observed hypoxia determine the patterns of organic matter and fine sediment storage, 

further exacerbating oxygen depletion while also controlling the energetic dynamics of 

the stream. These pools respond to warmer water temperatures with accelerated 

carbon processing, yet they are also the most susceptible to large fluctuations in 

energetic rates caused by the redistribution of organic material by scouring flows. Thus, 

long, deep pools, the primary geomorphic features in New Hope Creek, drive the 

energetic regime by dictating the availability of both oxygen and organic matter. During 

lentic periods, high ecosystem respiration drives production of carbon dioxide as well as 
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methane and nitrous oxide, the byproducts of anaerobic pathways of carbon breakdown 

that do not use oxygen. Once again in contrast to our conceptual models in stream 

ecology, most of the greenhouse gas flux to the atmosphere from New Hope Creek is 

produced in the stream channel rather than delivered through groundwater. This means 

that the climate and hydrologic drivers that we expect to accelerate metabolic rates will 

also drive the responses of linked elemental cycles and the evasion of greenhouse 

gasses.  

Through both space and time, New Hope Creek transitions between lotic and 

lentic states. Conceptual models and standard methods in stream ecology are often 

designed with the assumption of advective flow and encourage selection of questions 

and study sites that meet those requirements. In New Hope Creek, this would result in 

the omission of the most energetically and biogeochemically important times and 

places. The low gradient landscape, geomorphic legacy of human modification, and 

consequences of an urbanizing watershed are not unique conditions. Warming 

temperatures and alterations in the hydrologic cycle through changing land use and 

precipitation regimes will impact streams across the globe. This system does not match 

our preconceived notions of how stream ecosystems behave, yet we know it is not 

distinct in its hydrologic and geomorphic drivers. This suggests that lentic conditions are 

underrepresented in our understanding of stream ecosystems.   
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5.2 Implications 

To understand the full range of variability in inland waters, aquatic ecologists 

must overcome the false dichotomy of lotic and lentic ecosystems. Freshwater 

ecosystems span the full range from fast flowing, alluvial systems to slow moving pools 

with transitions between these states occurring both through space and time. The 

ecological functions of systems that exist at different points in this continuum are likely 

to respond differently to changing drivers. The implications of moving along this 

continuum in either space or time are not well understood. Merging these ecosystem 

perspectives will allow for a more integrated understanding of river ecosystem 

energetics and carbon cycling.  

Stream ecosystems are organized around the hydrogeomorphic template of their 

river network. Ecosystem energetics and biogeochemical processes are fundamentally 

linked to these physical drivers and must be understood in that context. This work 

represents only a first step toward understanding the interaction between river form 

and function. Geomorphology is not a static boundary, rather a dynamic one. The study 

of how ecosystem processes respond to the geomorphic template must move toward 

understanding how structures constrain ecosystem processes and how they respond as 

the system changes. Additionally, rivers are nested, hierarchical structures and the 

change in a process upstream has consequences for those downstream. The 

geomorphology and hydrology dictate how these ecosystem patches are connected to 

each other and will drive the way ecosystem processes translate between them. 
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Incorporating landscape scale understanding of physical drivers of ecosystem 

functioning is an essential step in broadening conceptual models and linking lotic and 

lentic perspectives. 

The dynamic nature of stream energetics may be a powerful tool in predicting 

their response to long term changes. The spatial and temporal heterogeneity and 

dynamism of river ecosystems has long been recognized and is prized by many stream 

ecologists. However, rather than limiting our ability to seek broad scale understanding, 

this variability presents an opportunity. A wide range of drivers and responses are 

readily available in even a single stream ecosystem, allowing for the development of 

mechanistic understanding of process through observation. This can be a powerful tool 

in generating broad scale predictions of system behavior under changing global drivers, 

even in the absence of long time series of ecological data.  

It is recognized that the landscape through which a river flows influences every aspect of 

its behavior. However, stream ecology and biogeochemistry are often conducted without the 

acknowledgement of the physical structure of fluvial ecosystems. Studies are done at base flow 

and in reaches that are consistent with preconceived notions of what streams look like with 

instructions to measure in locations conforming to specific hydraulic conditions. To understand 

how rivers actually work, a wider lens of inquiry will be necessary. This work adds to our 

understanding of how the form of a river determines its ecological function.  

 

  



 

147 

Appendix A 

Supplementary Material for Chapter 2. 

Hypoxia dynamics and spatial distribution in a low gradient river 

Carter, A.M, J.R. Blaszczak, J.B. Heffernan, and E.S. Bernhardt 

 

Table 6 Annual Dissolved oxygen metrics calculated from 15 minute sensor data 

Site Year Range 
Mean DO 
undersat. 

Modal DO 
undersat. 

NHR1 
Prob. of 
Hypoxia 

Max Hpx 
Duration 

Hypoxic 
Events 

  (DO %sat) (DO %sat) (DO %sat)  (< 50% sat) (days) (count) 

N
H

C
 2017 0 – 112 29 3 1.06 27% 24 108 

2018 34 – 115 12 3 1.31 1.2% 0.6 33 
2019 0 – 121 18 3 1.13 12% 14 44 

U
N

H
C

 2017 0 – 139 23 5 1.21 19% 15 60 
2018 19 – 135 16 4 0.63 3.1% 0.7 106 
2019 1 – 137 27 1 0.81 20% 15 207 

M
u

d
 2017 6 – 116 12 -1 1.28 5.3% 4.5 21 

2018 0 – 104 15 10 1.92 6.6% 5.6 42 
2019 0 – 113 19 5 1.05 14% 5.4 161 

M
C

4
 

2019 0 - 116 41  6 0.86 37% 28 102 

1. NHR is the night hypoxia ratio, the fraction of observations that are hypoxic during 
the day divided by the fraction of observations that are hypoxic at night 

 

 

Table 7 Results from linear mixed effects model for longitudinal DO. 

LME results using Satterthwaite degrees of freedom backward elimination 

Predictor Effect Elim# F val Pr(> F) Predictor Range Model Est. (95% CI) 

Depth fixed 1 0.232  0.631 0.06 – 1.5 (m) ̶ 

Width fixed 2 1.19  0.277 0.65 – 35.6 (m) ̶ 

Temperature fixed 3 1.01  0.316   20.4 – 26.3 (°C) ̶ 

DO upstream 
(𝐷𝑂𝑥−1) 

fixed NA 139 0.000* 0.5 – 112 (% sat) 0.62 (0.52 – 0.75) 
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Velocity (𝑣) fixed NA 12.1 0.001* 0 – 0.46 (m/s) 38.5 (17.0 – 60.2) 

Slope (𝑠) fixed NA 11.7 0.001* 0.01 – 11 (m/km) 1.51 (0.50 – 2.37) 

Light (𝑙) fixed NA 9.07 0.003* 1.5 – 12.9 (hrs) 1.22 (0.41 – 1.99) 

       

Predictor Effect Elim. #               Pr(> χ2) Predictor Range Model Est. (range) 

Stream 
section (𝑠𝑠) 

rando
m 

NA  0.003* NA 8.6 (-2.5 – 17.5) 

The overall model r2 = 0.76. All fixed and random predictors used to build the model 
are shown. The final model was determined using backward elimination of predictors 
based on the Satterthwaite method for calculating degrees of freedom (Kuznetsova et 
al. 2017). Non-significant predictors were eliminated in sequential steps, shown in the 
table. Significant F values are marked with *. Model estimates along with the 95% 
confidence interval for fixed effects and the full range of intercepts for the random 
effect are shown for all predictors included in the final model. 

 

 

 

 

 

 

 

Table 8 Correlation matrix of fixed effects model for longitudinal DO 

Correlation of fixed effects 

 Intercept DO upstream 
(𝐷𝑂𝑥−1) 

Velocity (𝑣) Slope (𝑠) 

DO upstream 
(𝐷𝑂𝑥−1) 

-0.420    

Velocity (𝑣)  0.039 -0.266   

Slope (𝑠)  -0.050 -0.091  0.076  

Light (𝑙)  -0.253 -0.403 -0.083 -0.209 
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Figure 21 Distribution of the slopes of sites from the Water Quality Portal. Left: the 
cutoff point at the 95th quantile for the linear regression model. Data in the shaded part 
of the distribution (n = 137682) were used in the linear regression. Right: Linear 
regression of DO (% sat) as a function of slope (m/km). 
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Figure 22. Ecosystem oxygen demand is calculated as the slope of the line calculated 
from the post-storm DO peak and the DO minima in the days following a storm flow (red 
points/line). Rate of daily amplitude recovery is calculated as the slope of the daily DO 
maxima (blue points/line) minus the slope of daily minima. The metrics were calculated 
including four or five days post storm, determined by the linearity of the regression fit, as 
shown by the points. Panels show DO data from a storm event on 27 Jun 2018 and are 
arranged from farthest upstream in the network, Mud Tributary (Mtrib), to farthest 
downstream, New Hope Creek 1 (NHC1). 
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Figure 23. Predictions of dissolved oxygen saturation from a linear mixed effects model 
showing the relationship between predicted (line) and actual (points) DO along the 
continuum (top panel). Below plots of the significant predictor variables along the length 
of the continuum including velocity (measured in thalweg on the day of sampling), slope 
(calculated from NHD reaches), and light (calculated as the number of hours after sunrise 
when the DO sample was taken. The model equation shows DOx (DO at location x) as a 
function of stream section (ss), upstream DO (DOx-1), velocity (v), slope (s), and light (l) 
with coefficients (α’s) 

 Model Equation:     𝐷𝑂𝑥  =  𝛼0|𝑠𝑠 +  𝛼1𝐷𝑂𝑥−1 +  𝛼2𝑣 +  𝛼3𝑠 +  𝛼4𝑙 
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Figure 24 Linear regression for nitrate and ammonium as a function of DO saturation 
along the river longitudinal profile on the days of the longitudinal sampling.   
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Figure 25 Oxygen duration curves (left) and flow duration curves (right) from 
three years of continuous data at the NHC site.  The curves show the probability of the 
daily mean DO concentration or discharge exceeding a given threshold respectively. 
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Appendix B 

Supplementary Material for Chapter 3. 

Carter, A.M, M.J. Vlah, and E.S. Bernhardt 

 

 

Figure 26. Seasonal net ecosystem respiration by temperature relationships at the two 
long terms sites. 
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Figure 27. Seasonal distributions of the peak windows of gross primary 
productivity (GPP) and ecosystem respiration (ER) across ten site years of data from 

2017-19. Shaded vertical bars show the peak window for the metabolism in 1968-70. 
Today, peak productivity almost always falls in March or April, with a few sites peaking 

earlier in the spring or even into the summer. Peak respiration is distributed throughout 
the year with ~60% of the peak windows occurring during the autumn and many of the 

remaining co-occurring with spring productivity. 
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Appendix C 

Supplementary Material for Chapter 4. 

Carter, A.M, A.G. DelVecchia, and E.S. Bernhardt 

 

Table 9. Linear GHG models predictor covariance matrix 

 logQ Temp GPP ER slope DO NO3 DOC Depth 

logQ 1 -0.47 -0.61 0.21 0.28 0.10 0.29 0.80 0.60 

Temp -0.47 1 0.54 -0.28 -0.22 -0.36 -0.33 -0.19 -0.18 

GPP -0.61 0.54 1 -0.18 -0.31 0.03 -0.07 -0.33 -0.30 

ER 0.21 -0.28 -0.18 1 -0.13 -0.60 0.03 -0.01 0.18 

slope 0.28 -0.22 -0.31 -0.13 1 0.33 0.00 0.27 0.20 

DO 0.10 -0.36 0.03 -0.60 0.33 1 0.22 0.11 0.01 

NO3 0.29 -0.33 -0.07 0.03 0.00 0.22 1 0.46 0.27 

DOC 0.80 -0.19 -0.33 -0.01 0.27 0.11 0.46 1 0.61 

Depth 0.60 -0.18 -0.30 0.18 0.20 0.01 0.27 0.61 1 
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Figure 28. Nitrate concentrations and nitrous oxide fluxes over time across all six sites. 
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