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Abstract

Seasonality and Discharge as Key Drivers of Headwater Stream Carbon Dioxide Emissions in

the Landscape Carbon Budget

Hannah D. Conroy

Chair of the Supervisory Committee:
David Butman
Civil and Environmental Engineering

Quantifying carbon losses from inland waters has emerged as an uncertainty in our
understanding of the global carbon cycle. Streams and rivers are of particular interest because of
their potential to emit carbon dioxide (CO2) to the atmosphere with some estimates predicting
riverine carbon emissions will alter the calculation of terrestrial net ecosystem exchange (NEE),
the balance between how much carbon land ecosystems absorb and how much they release.
Headwater streams, small tributaries of rivers at the highest end of a watershed, are especially
important when quantifying these CO2 emissions and carbon losses because of their tight
coupling to the terrestrial environment and high turbulence. Heterogeneity within headwater
stream networks, both spatially and temporally, makes measuring and upscaling these emissions
challenging because measurements of carbon dioxide in streams are often limited to a few
monitoring points.

In this dissertation, we sought to fill knowledge gaps regarding spatial and temporal variability in
COz emissions across a range of biomes. In Chapter 2, we demonstrated how under high flow
conditions, a stream network in the Pacific Northwest, can have much greater total carbon
emissions than during low flow conditions (1.22 Mg C day ! vs. 0.034 Mg C day ). Increased



stream network area, higher gas exchange, and greater terrestrial connectivity all contributed to
these increased emissions in our stream network model. We found these carbon emissions during
high flow in November accounted for a much larger percentage of NEE than during base flow in
August (54% vs. 0.62%), emphasizing the need to better quantify carbon emission during flow
events.

In Chapter 3, we expanded this analysis by modeling carbon emissions from five headwater
stream networks in different biomes, incorporating stream network extent to account for dynamic
flow and a stream network model to account for spatial and temporal variations in CO2 emissions
on an annual scale. We found that while accounting for the extent of the stream network due to
drying does not change modeled annual emissions substantially (0.06-4.3%), it does change the
timing and spatial distribution of emissions and COz concentrations. We found discharge was the
main driver of emissions at all sites, with 50% of carbon emissions occurring in the top 3-29% of
discharge conditions. Spatially, our analysis highlighted that first-order streams consistently
produced higher areal emissions compared to higher-order streams, attributed to steeper slopes
and connectivity to the source of pCOz, terrestrial soils and groundwater.

Finally, in Chapter 4, we estimated CO2 emissions from a stream in an agricultural catchment, an
understudied biome in regards to carbon dynamics. We found that in this low-lying catchment
with high nutrient and organic matter inputs, the expected coupling between discharge and CO2
emissions was dampened because of a weaker relationship between slope and gas exchange
velocity. Instead, we found the hydrologic regime regulated the magnitude of emissions by
regulating the source, namely the higher in-stream metabolism contribution (46%) to emissions
at a site with high nutrient and organic matter inputs. Across the three chapters, we demonstrate
how the hydrologic regime of a stream network governs the timing, source, and magnitude of
CO2 emissions. We also show that carbon dynamics in headwater streams vary across networks,
influenced by differences in biome, topography, land use, and geology, highlighting the
complexity of accurately quantifying carbon losses from these systems.
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Chapter 1 Introduction

Carbon is a fundamental element that plays a critical role in regulating the Earth's climate.
Humans have significantly altered the global carbon cycle through the burning of fossil fuels and
contributed to the warming of the global climate that will affect the environment, ecosystems,
and human health. Forest ecosystems have been recognized as the largest terrestrial sink on the
planet, and managing these terrestrial carbon stocks can be an effective strategy for reducing
carbon emissions' 2. However, continental landscapes are made up of a mosaic of ecosystems,
with some areas storing CO2 and others releasing it. In the last twenty years, inland waters,
including streams, rivers, lakes, and reservoirs have been highlighted as a missing component of
our understanding of the global carbon cycle *-. Inland waters transfer carbon to oceans, store
carbon in lakes and reservoirs, transform organic and inorganic carbon, and emit COz to the
atmosphere*. In 2013, inland waters were included for the first time in the Intergovernmental

Panel on Climate Change (IPCC) as a net source of CO2 to the atmosphere.

Streams and rivers are of particular interest because they are often supersaturated with CO2
relative to the atmosphere, making them a net source of atmospheric carbon* %7, A number of
studies have attempted to better constrain CO2 emissions from rivers and streams® %% °; for
example, in North America emissions from stream and rivers are estimated to be 125 Tg C yr!
compared to a net forest sink of 157 Tg C yr! 1011 Despite increasing interest, these riverine
carbon emissions still have substantial uncertainty with global estimates ranging from 0.7 to 2.0

Pg C yr'! 3312 Some estimates predict riverine carbon emissions will alter the calculation of



terrestrial net ecosystem exchange (NEE), the balance between how much carbon land

ecosystems absorb and how much they release® 1313,

Headwater streams, small tributaries of rivers at the highest end of a watershed, have emerged as
especially important sources of CO2 emissions® !°. Despite their small size, headwater streams
make up 89% of the total stream and river length!S. Their tight hydrological connection to the
terrestrial environment including groundwater and soils, coupled with high turbulence, create
ideal conditions for elevated CO2 concentrations and high rate of CO2 exchange with the
atmosphere!> 7. Quantifying CO2 emissions from headwater streams is therefore essential for
improving our understanding of the global carbon cycle, and also informing strategies to manage

terrestrial carbon stocks at watershed and regional scales.

Our current estimates of carbon emissions from headwater streams have large uncertainties, and
are sometimes even excluded from global estimates'®, because the processes controlling CO2
concentrations and emissions vary in space, time, and between biomes. CO2 concentrations
within headwater streams are shaped by multiple sources and sinks including inputs of CO2-rich
groundwater, production or breakdown of organic carbon from in-stream metabolism, removal of
CO: from mineral weathering, or transformation of CO2 from carbonate buffering!’-'°. These
sources and sinks fluctuate across a stream network and will vary between ecosystems, making it

challenging to measure and scale up emissions from sparse sampling points.

COz concentrations and emissions will also vary temporally with changes in temperature, flow,
light, and stream size. The flow regime of a stream network emerges as an important influence in
stream CO2 emissions, with global estimates predicting CO2 emissions from streams and rivers

vary between 112 and 209 Tg of carbon per month'2. High flow and storm events will increase



turbulence and therefore gas exchange with the atmosphere, especially in high sloped headwater

networks20: 2!

. Discharge events may also influence COz2 concentrations due to the dilution of gas
concentrations, increased supply of gases from groundwater, and changes in-stream
metabolism?!-23. Furthermore, headwater networks are not static; stream lengths expand and
contract with precipitation and evapotranspiration, altering the surface area available for
emissions and connection to the terrestrial environment?* 2%, Many of these dynamic streams are
unaccounted for in conventional maps or incorrectly classified as perennial or ephemeral, leading

to uncertainty in emissions estimates'? 2% 27, All of these processes in space and time will vary

between ecosystems with different flow regimes, productivity, geology, and topography.

In this dissertation, I sought to better constrain CO2 emissions estimates from headwater streams
by examining spatial and temporal variability across a range of biomes. I focused on methods
that provide more spatial and temporal resolution for measuring CO2 concentrations, including
longitudinal sampling campaigns to sample entire stream networks and continuous CO2 sensors
to measure CO2 at high-resolution frequencies at the sensor location. In addition to field
observations, I developed and applied models to estimate CO2 emissions and processes in both
space and time. Over the next three chapters, I explore which key uncertainties most influence
our ability to scale up CO2 emissions across larger spatial scales and compare to fluxes from the

surrounding terrestrial landscapes.

In Chapter 2, I focused on spatial variability in headwater CO2 emissions within a Pacific
Northwest forested watershed during low and high flow. We modified a stream network model
to reflect real measurements made during base flow and high flow to examine how CO2

emissions change during two extreme flow regimes incorporating spatial variability in both CO2



concentrations and the stream network area. In Chapter 3, I expanded this analysis temporally
and across biomes by examining how CO:z emissions change on an annual scale across five U.S.
watersheds representing different climates and biomes. We incorporated estimates of stream
permanence using a hydrologic model to examine the effect of flow regime on carbon emissions
estimates. In Chapter 4, I examine CO:z emissions from agricultural landscapes, an ecosystem
type that covers nearly half of the Earth’s land surface but remains underrepresented in stream
carbon studies. Here, we used continuous oxygen and COz2 sensor data to assess the impact of in-
stream metabolism and its contribution to CO2 emissions on these human-impacted systems. We
explored how discharge and seasonality shape both respiration and emissions and discuss the
trade-offs between high carbon supply and low gas exchange in low-gradient agricultural
streams. Finally in Chapter 5, I summarize the findings of this dissertation, highlight key
uncertainties in estimating carbon emissions from streams, and provide context for our carbon

emissions estimates by quantifying surrounding terrestrial watershed fluxes.
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Abstract

Headwater stream networks contribute significantly to the global carbon dioxide terrestrial flux
because of high turbulence and coupling with terrestrial environments. Heterogeneity within
headwater stream networks, both spatially and temporally, makes measuring and upscaling these
emissions challenging because measurements of carbon dioxide in streams are often limited to a
few monitoring points. We modified a stream network model to reflect real measurements made
under base flow and high flow conditions at Martha Creek in Stabler, WA in the US Pacific
Northwest. We found that under high flow conditions, the stream network had much greater total
carbon emissions than during low flow conditions (1.22 Mg C day™' vs. 0.034 Mg C day'"). We
attribute this increase to a larger overall stream network area (0.04 km? vs 0.01 km?) and
discharge (1.9 m?/s vs. 0.005 m?/s) in November versus August. Our results demonstrate the
need to understand the nonperennial stream reaches when calculating carbon emissions. We
compared the stream network emissions with the terrestrial net ecosystem exchange (NEE)
estimated by local eddy covariance measurements per area of the watershed (-5.5 Mg C day™! in
August and -2.2 Mg C day™! in November). Daily stream emissions in November accounted for a
much larger percentage of NEE in August (54% vs. 0.62%). We concluded that the stream
network can emit a large percentage of the forest NEE in the winter months, and annual

estimates of stream network emissions must consider the flow regime throughout the year.

Plain Language Summary

Streams contribute to the global carbon cycle because they can release carbon dioxide to the
atmosphere. It can be difficult to measure these emissions because the concentration of carbon

dioxide will change along a stream length and from season to season. We modeled carbon



dioxide emissions from a stream during August in base flow and during November in high flow.
We found that emissions increased during November with an increased stream network size and
stream discharge and that this emission can be a large fraction of whole watershed net carbon
emission. We determined that seasonality is an important indicator of carbon emissions in

headwater streams.



Introduction

Accurate accounting of carbon storage and flux in terrestrial ecosystems is essential for
understanding the global carbon cycle. Aquatic carbon emissions are not fully accounted for and
can alter the calculation of terrestrial net ecosystem exchange (NEE)?* 315, Headwater streams in
particular account for a large portion of net terrestrial carbon dioxide (CO2) emissions (an
estimated 0.93 Pg C year) relative to their size because of their high turbulence and coupling
with terrestrial environments'> 7. An estimated 36-64% of total CO2 emissions from rivers and

streams are released by headwater streams!>.

Headwater streams are typically supersaturated with respect to the atmosphere and act as a net
source of atmospheric CO2* %7, Dissolved CO2 (pCOz) concentrations are influenced by
multiple sources and sinks that can vary along a stream network including: (1) inputs of carbon
via groundwater from direct soil CO2 in runoff and oxidation of soil-derived DOC or leaf
inputs,'” 28 (2) production or breakdown of organic carbon from in-stream metabolism,!”- 13:2% (3)
removal of CO2 from mineral weathering, and (4) alkalinity-dependent transformation of CO2

due to carbonate buffering'® .

To estimate total CO2 emission from headwater streams, we must understand how pCO2 changes
throughout a stream network. Physical and chemical heterogeneity within headwater streams
makes measuring and upscaling CO:2 concentrations and fluxes challenging because
measurements of pCOz2 in streams are often limited to one or two sample or monitoring points. In
reality, pCO2 will vary between points within stream networks because streams are

heterogeneous in groundwater inputs and surface water turbulence!”> . Few studies have



considered the spatial variability of carbon emissions from an entire stream network, with

estimates of flux often based on averages of pCO2 for different stream orders>!.

In reality, the inputs and outputs of carbon will change spatially along a stream network.
Subsurface flow into a stream will fluctuate in both space and time due to variability in
underlying geology and storm events®2. These variations in underlying geology and soils include
the presence of macropores, large size pores that drain water by gravity3*. Connected
macropores can form cracks and soil pipes that support large fluxes of water and solutes into
streams via advective transport!”-33, Flow intensity and surface water turbulence also change
along streams due to variable slope and morphology, such as pools, riffles, and small waterfalls.
These variations in turbulence throughout a stream network will result in different rates of gas
exchange of carbon with the atmosphere. As a result, studies have observed inputs of high pCO2
groundwater into stream networks followed by rapid decay within the first 20-100 m of the

seepage area’ 7, leading to considerable variability in stream pCO?2.

Assessing ecosystem carbon biogeochemistry from a single sampling location will provide a
limited view of larger-scale dynamics because pCOz2 concentrations in headwater stream
networks vary temporally with changes in flow, production, and temperature'> 14, Stream
discharge is an especially important variable in the determination of CO2 emissions. CO2
emissions from headwater streams increase during high discharge events, including snowmelt
and rainstorms?!- 3433 Stream discharge and gas exchange rates often have a positive
relationship, although the relationship can vary spatiotemporally within a stream and between
ecosystems>* 36:37 In particular, streams and reaches with steeper slopes show a positive

relationship between discharge and gas exchange?® 2! 37, Discharge events may also influence
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pCO2 due to the dilution of gas concentrations or increased supply of gases from groundwater?!"

22

The climate, hydrologic, and productivity regime of the watershed will influence stream
discharge and carbon inputs. The rate of carbon transport from terrestrial ecosystems within a
catchment will vary seasonally based on the variations in water table depth and discharge?’.
Many headwater stream networks expand and contract seasonally in response to runoff and
evapotranspiration, which can also affect carbon inputs and carbon emissions?*. Seasonal
variations in temperature and day length will influence the productivity of the stream network as
well as the surrounding terrestrial environment?’. Streams are likely to have different carbon
emissions relative to the terrestrial environment in regions with rainy seasons compared to those
with more consistent precipitation throughout the year. The Pacific Northwest is a potential
hotspot for stream carbon emissions due to the prevalence of forested areas, steep slopes, and
above average seasonal precipitation. The highly variable climate provides an informative case
study in seasonal changes to carbon emissions because of extreme changes in precipitation

acCross seasons.

The objective of this study was to develop new estimates for the emissions of CO2 along an
entire stream network. We used a stream network model developed in headwaters of the
Rockies?®, and then modified the model to reflect real measurements made under base flow and
high flow conditions at Martha Creek in Stabler, WA in the Pacific Northwest. To achieve this

objective we:

1. Collected dissolved gas samples every 100 m at Martha Creek over two flow conditions

in August and November.
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2. Modeled gas evasion from the stream by comparing predictive regression equations and
empirical gas evasion experiments.

3. Incorporated in situ estimates of stream metabolism into the stream network model.

4. Placed the estimated stream emissions in the context of the surrounding terrestrial

landscape.

This study provided an opportunity to examine the relative contribution of the stream to the

carbon balance of the watershed on a seasonal basis.

Material and Methods

Study Site

The study was conducted at Martha Creek, a wadeable stream located in Stabler, WA in the
Wind River Experimental Forest (WREF) (Figure 2.1). Martha Creek is part of the National
Ecological Observatory Network (NEON), a continental-scale observation facility that collects
comprehensive standardized aquatic and terrestrial data across a range of ecosystems in the

United States. NEON began monitoring the site in 2017.
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Figure 2.1 The Martha Creek Watershed location in Stabler, WA, USA*-%°, The location of the water
quality sensors maintained by NEON are shown*!. The gage is located at the most downstream sensor.

The Martha Creek watershed is 6.2 km? and ranges in elevation from 340 m to 940 m with a
mean slope of 0.25 (m/m) (Figure 2.1). The watershed consists of 1st to 4th order Strahler order
streams. The stream is surrounded by old and new growth mixed deciduous and coniferous forest
with areas of dense understory shrubs*!:#2. The underlying geology is primarily volcanic in
origin with basalt bedrock and some colluvial and glacial till*3. Precipitation occurs as both rain
and snow with an average annual accumulation of 2187 mm*!- 44, In the winter, alternating
periods of snow accumulation and snow melt are common with an average snow fall of 1834
mm*!- 44, The area experiences warm and dry conditions in the summer and cool and wet
conditions in the fall and winter (-11.8-39.0 °C, median: 8.0 °C)®. Streamflow typically peaks in
response to snowmelt and rainfall events in the winter and spring and decreases to annual lows in

August and September?!.

NEON maintains Martha Creek and the surrounding terrestrial site, the Wind River Experimental
Forest, as aquatic and terrestrial field sites, respectively. At Martha Creek, NEON collects

continuous measurements at two sensor sites (Figure 2.1) that includes water quality
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measurements, elevation of surface water, and temperature of surface water*®. Martha Creek is
surrounded by six groundwater wells (depth: 2.5 — 2.8 meters) near the stream sensor sites
equipped with sensors that measure specific conductivity, water temperature, and the elevation of
groundwater (Supplementary Figure 2.1). At the terrestrial site, NEON maintains a flux tower

used to measure eddy-covariance turbulent exchange of COx.

Sampling Methods

We sampled Martha Creek longitudinally over two 5-day sampling periods in August 2021 and
November 2021. Samples were taken every ~100 m longitudinally along the stream beginning at
the upstream NEON stream sensor (Figure 2.1). In August, samples (n = 55) were taken
upstream until the points of spring emergence of each tributary. In November, sampling access
(n = 45) was more limited based on terrain and conditions. Samples in August were taken during
an annual low flow for the stream at the basin mouth at the downstream NEON sensor (average
discharge 5.0 X 1073 m? s™"). Samples in November were taken during a rain precipitation event
at a time of high flow for the stream (average discharge 1.9 m? s*) (Figure 2.2). The median

annual flow for the stream is 0.17 m3 s™!.
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Figure 2.2 Discharge at Martha Creek at the basin mouth in 202147. The sampling periods are
highlighted in green. January 2021 included an large flood (>6 m? s') that resulted in sensor washouts
and data gaps at the site.

At each point along the stream, we took pCO2 measurements using a headspace equilibrium
method by equilibrating three gas-tight syringes with 30 mL of stream water with 30 mL of
nitrogen gas in the field*®4°. The syringes were shaken for 3 minutes before injection of the
equilibrated headspace into a pre-evacuated exetainer. Samples were analyzed using a Shimadzu
GC-2014 Gas Chromatograph equipped with a methanizer and a flame ionization detector set to
100°C. Dissolved pCO: in the original water sample was calculated from a mass balance of the
headspace equilibrium system using standards of known concentration, temperature measured in
the field, local pressure, and the volume of water and the headspace*® *°. The molar quantity of

carbon dioxide in the headspace is calculated as:

. _ [COZ] X Vheadspace
headspace — 0.08206 X T

(2-1)
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where [CO,] is the concentration of CO2 calculated from standards of known concentration,
Vheadspace 1 the volume of the headspace in the vial, and 7 is the temperature (K). The molar
quantity of carbon dioxide in the sample water is calculated as:

a X [CO;] X Viater

Mwater = 058506 x T

(2-2)
where « is the solubility coefficient calculated based on the temperature>® 3!, The molar quantity
of carbon dioxide in the headspace and water are then added together to find the total

concentration.

To examine patterns along the stream reach, we took additional samples that were filtered with
0.22-um filters at each sample point for DIC, DOC, total alkalinity (TA). DIC samples were
injected into exetainers containing 50 pL H3POu4 for preservation; DIC analysis was performed
using a Shimadzu GC-2014 Gas Chromatograph equipped with a flame ionization detector set to
100°C. DOC was analyzed using a Shimadzu TOC5000A analyzer using NPOC mode. TA was
determined by the inflection point titration method and calculated using the USGS Alkalinity
Calculator’> 3. A YSI EXO2 Multiparameter Water Quality Sonde was used to take additional
measurements including pH, conductivity, dissolved oxygen, and temperature. Mean discharge
from the sampling period was taken from the continuous discharge data product provided by the

gages managed by NEON?,

To relate to terrestrial inputs, we collected well samples during the two sampling periods. NEON
maintains six shallow groundwater wells instrumented with water level, conductivity and
temperature sensors (Supplementary Figure 2.1). At the time of both sampling periods, only two

wells had sufficient water to sample (Wells 3 and 6, Table 2.1). Samples were taken using a
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peristaltic pump after the well was flushed the length of the tubing. The same samples were

collected (pCO2, DOC, DIC, TA, and water isotopes). Temperature and pH were measured in the

wells using a YSI EcoSense pH100A probe. Results of the sampling campaign are shown in

Table 2.1.

Table 2.1 Surface Water and Groundwater Field Sampling Results

pH Water Alkalinity DOC DIC pCO; Mean
temperature  (meq L-l) (mg C (mg C (nmol discharge
O LY L LY at gage
(m*s™)
August 2021 Range  6.4-7.5 6.8-18.6 0.2-0.8 001-1.1 80438  13.3-282
Surface
Water 5.0 x 1073
(n=155) Median 7.0 15.4 0.5 0.19 22.5 61.4
August 2021
Wells .
(n=2) Range 5.6-6.0 9.8-14.9 0.55 3.5-4.5 50.4-58.8 451-696 NA
November  Range  5.7-7.5 6.7-9.9 0.13-0.45 1.7-6.5 12.5-37.7  14.2-230
Surface
Water 2021 1.9
(n = 45) Median 7.2 7.4 0.35 3.0 18.5 373
November
2021 Wells Range 6.1-6.2 9.8-11.1* 0.13-0.24 3.7-7.0 37.1- 84.5 392-817 NA
(n=2)
a. Temperature ranges taken from NEON continuous temperature of groundwater dataset over sample
dates™.
Stream Network Model

We updated the stream network model developed by Saccardi and Winnick (2021)3 to predict
pCO: for the Martha Creek network. The stream network model allows us to address the issue of
heterogeneity by accounting for variability in hydrology throughout the stream. We updated the
model by including measured groundwater concentrations and a stream metabolism model

instead of optimization. We were also able to compare the gas exchange coefficient used with
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experimental data from the site. The model was used to predict pCO2 concentrations based on the

advection-reaction equation for solute transport:

ac _ ac . 14Q —NEP
3= Vot 79x Cow = Ci) — koo, (C = Carm) + =

(2-3)
Similar to Saccardi and Winnick (2021), we solved the equation assuming steady state conditions
and using a backwards-difference finite approximation scheme at points along the stream located

~20 m apart:

—NEP
h

C— Cy 1/A
0= _vl_t1+_< Q

Ax A E) (ng - Ci) - kCOZ (Ci - Catm) +

(2-4)
where the concentration of CO2 at each point (Ci; umol L) is a function of the concentration
upstream (Ci-7; umol L), atmospheric CO2 assumed to be constant at 400 ppm, (Cam; pmol/ L)
groundwater CO2 (Cgw; umol L"), and net internal stream production represented as net
ecosystem production (NVEP; pmol L m%). The model also requires inputs of the distance
between points (Ax; m), the cross-sectional area of the stream (A; m?), gas transfer velocity

(kcoz; m day™), and the depth of the stream (h; m).

NEP is the difference between gross primary production (GPP) and ecosystem respiration (ER)
and is typically negative in streams because ER exceeds GPP when supported by external
organic carbon subsidies®. It is thus represented by -NEP to impose a positive CO2 flux when

negative:

NEP = GPP — |ER|
(2-5)
We measured groundwater pCO2 (Cgw; pmol L') from NEON groundwater wells at the site

during the sampling period.
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Flow at each point (Q; m? s'!) was calculated based on conservation of mass within the drainage
basin using the gage at the NEON sensor location (Equation 2-6). We calculated the flow at each
point (Q) as a function of the drainage area upstream of the point (4;), the upstream drainage area
of the gage (A4y), and the average flow at the gage during the sampling period (Qg) from the
NEON continuous discharge dataset*’-3% 7, The constant, ¢ is the scaling power dependency and

commonly set to 1 in hydrology to assume discharge scales linearly with drainage area>® >’

(2-6)
We estimated the stream cross-sectional area (4, width X depth; m?) at each point using scaling

relationships with width (w) and depth (/)% 38. Velocity was also estimated using these scaling

relationships’:

w = 7.104 Q04*
(2-7)

h = 0.298 0222
(2-8)

v = 0.668 Q0365
(2-9)

We confirmed the discharge-width relationship in November using the width measured in the
field (Supplementary Figure 2.2). In August, this discharge-width relationship (Equation 2-7)
broke down due to low flow in the stream. The relationships were originally developed for

discharges between 0.02-2.26 m?® 57! °. We developed a linear scaling relationship between the

calculated widths from Equation 2-7 and width for August based on our field measurements:
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Wanguse = 6.568w — 0.7614

(2-10)

The stream lines were derived from the NHDPlus data set** and modified based on observations
in the field (Figure 2.3). In August, we were able to make observations along the entire stream.
In November, we were unable to access areas higher up in the reach due to terrain and
conditions. We therefore identified the stream lines as having an additional order, which we will
denote “zero order”, based on observations where we were able to sample. The network was
broken into points ~20 m apart (n = 433 in August and n = 1005 in November). Slope was
calculated from a digital elevation model of the area*’. Table 2.2 includes a description of each

variable.
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Table 2.2 Variables used in the Stream Network Model

Variable  Description August Range November Range  Data source/calculation
(Median) (Median)
Q Discharge at 59 % 10°— 72 % 10%4-2.0  Calculated from
each point (m® 54 % 103 (0.060) conservation of mass
sh (5.2 X 104 (Equation 2-6)
Cow Groundwater 610 690 Well sampling. C;_, set
CO; equal to Cyy, from well
(umol L) concentrations at the stream
origins. Assumed constant
at the origins.
Ax Distance 0.27-28.6 0.19 —28.7 Points set every ~20 m.
between (20.9) (21.1)
measurement
points (m)
w Stream channel 84 X% 10%-42 0.27-6.6 Based on scaling
wetted width (1.2) (1.6) relationships and adjusted
(m) from field data (Equation 2-
7)
h Mean stream 0.022 - 0.093 0.063 — 0.34 Based on scaling
channel depth (0.06) (0.16) relationships (Equation 2-8)
(m)
koo Normalized air— 3.28-49.0 19.8 - 336 Calculated from slope and
water gas (4.68) (17.9) velocity (Equation 2-10)
exchange
velocity
(m day™)
kcoz Gas transfer 2.8—-439 14.4 — 235 Calculated from keoo and
velocity of CO; (4.10) (12.8) the Schmidt number
(m day™) (Equation 2-11)
NEP Net Ecosystem 0.41 1.10 Estimates of whole-stream
Respiration metabolism from diel
(g CO, m? day™) dissolved O, sensor data in
one lower stream reach
using streamMetabolizer.
Assumed constant across
the stream.
s Stream slope 0.017-0.53 0.017-0.78 Digital elevation model
(m/m) (0.16) (0.22)
T Temperature 13.5-15.7 7.1-8.6 Set based on stream order
(°O) (14.7) (8.1) and sample data

(Supplementary Figure 2.3)

To predict pCOz2 at each point in the Martha Creek watershed, we solved equation 2-3

sequentially along the stream network starting with first order streams for August and zero order

streams for November?®. The initial condition for C; was set to the groundwater pCO2 at the



headwater measured from the NEON wells and the discharge-weighted input of pCO:2 from each
reach at the stream junctions. The model was implemented in R by using a for loop to solve for
the concentration of CO2 at each point (Ci; umol L'!) where i represents each point ~20m apart.
We calculated the (Fcoz; kg day!) emissions for each reach from the modeled concentration at
each point:

Feo,= kco,(Catm — Ci)
(2-11)
After running the model for both months with the inputs described above, we ran the model
again for both months by including our measured pCOz values. We set the C; of the points in the
model that were located at our sampling locations (n = 55 for August and n = 45 for November)
equal to that of our sampled concentrations. The model was then allowed to run sequentially with
these known concentrations as inputs. We compared this adjusted model to the preliminary

model runs.

To compare the carbon emissions from the stream network with other landscape carbon fluxes,
we estimated the baseline terrestrial carbon net ecosystem exchange (NVEE; g C m™ day™'). NEE
was measured from the NEON eddy flux tower located in the Wind River Experimental Forest.
We used the monthly data created by the NCAR-NEON project that was gap-filled with the R
package ReddyProc®® . We averaged half-hourly measurements of NEE over our 5-day
sampling periods to estimate the terrestrial NEE. We used the resulting NEE to estimate the
carbon emissions from the Martha Creek watershed by multiplying the NEE by the area of the
watershed. We then used this value to compare the flux from the watershed to the carbon
emissions from the stream. We defined negative values for NEE to denote the loss of carbon

from the atmosphere by convention.
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The flux tower is located outside of the Martha Creek watershed (3.6 km away); although its
footprint does have similar vegetation, land use, and geology as the watershed*'. We confirmed
the spatial representativeness of the tower footprint by comparing the normalized difference
vegetation index (NDVI) of the weighted footprint of the flux tower and the watershed. The
NDVI was collected by NEON’s Airborne Observation Platform (AOP) in 2021 . We
compared the distribution of the NDVI of the footprint to that of the watershed during the flyover

period and found them similar (mean 0.89 vs. 0.86, Supplementary 2.4).

Net Ecosystem Production

We estimated NEP from the two downstream NEON locations using streamMetabolizer in R, a
state-space Bayesian stream metabolism model that gives the best fit of GPP, ER, and air-water
gas exchange of oxygen to match modeled and measured dissolved oxygen®!. We used the
NEON measurements of discharge, dissolved oxygen, PAR, and temperature as inputs for the
2020-2021 time frame at the two sensor locations. Average stream channel depth was calculated
using the scaling relationships with discharge by averaging the depth we calculated across the
entire stream (Equation 2-6 and 2-8). Change in depth at each time step was found by relating the
depth to discharge (Equations 2-6). We grouped discharge into 6 bins to associate with binned
air—water gas exchange rate (Ksoo; d"!) estimates in the hierarchical modeling framework to
decrease the likelihood of equifinality of metabolism parameter estimates and to constrain the
air-water gas exchange as a function of discharge®?. We estimated Ksoo from discharge using the
relationship developed from gas exchange experiments run by NEON at the site between the two
sensors. We ran the model with 400 warm-up steps after inspecting the traceplots with the rstan

package® % to select when the model began to converge. Stream metabolism was run using the
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Bayesian implementation in streamMetabolizer by accounting for both observation and

processing errors with 2000 saved steps.

After running streamMetabolizer, we quality-checked model estimates before assigning NEP
values to the stream network model. First, we removed days with biologically-impossible
parameter estimates of negative GPP or positive ER. We inspected the Gelman-Rubin
convergence statistic (R) values to assess model convergence and removed days when R > 1.1 6%
65, We plotted the Kso0 vs. ER and Ksoo vs. GPP to check for equifinality; the downstream sensor
(sensor 2) displayed equifinality with a relationship between these variables (R? = 0.69) so we
used the results from the upstream (sensor 1) for our estimate (R? = 0.16). After removing days
with incomplete data or data that did not pass our model quality checks, we were left with 367

days of metabolism estimates over the two-year time frame.

We calculated NEP as the difference of the modeled output of gross primary production (GPP)
and ecosystem respiration (ER) (Equation 2-5). We estimated NEP across the sampling periods
by averaging values from 10 days surrounding the sample week depending on the dates that
passed the quality checks described above (July 25-August 22, October 31 — November 23). We
then divided NEP by depth across the stream at each point to use in the network model. We
assumed that NEP was spatially constant throughout the stream network. We assumed a
respiratory quotient of 1 mol C to 1 mol O to convert these oxygen-based estimates to carbon

equivalents.
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Gas Exchange

The model requires a gas exchange input (ksoo; m day™') throughout the stream network. Both the
gas exchange experiments conducted by NEON and streamMetabolizer provide an estimate for
the gas exchange rate. The air—water gas exchange velocity will generally scale with velocity,
discharge, and slope and will therefore vary throughout the stream network*. To predict this
heterogeneity in the air-water gas exchange, we ran the stream network model with nine different
regression equations from the literature?® 3!, We confirmed that the values predicted for ksoo for
the regression equations were on the same magnitude as those predicted by streamMetabolizer
and the NEON gas exchange experiments. We found using the lower limit of the confidence
interval of the models produced a better fit and used these equations for the comparison. We
selected the equation’! that provided the best fit (R?) for August and November for measured
pCO:2 compared to the modeled pCO2 where v is velocity and s is slope:

keoo = 970 X 0905080
(2-12)
We also selected this equation because it provided the closet values for both August and
November to the kspo derived from gas exchange experiments performed by NEON at Martha
Creek. NEON performed gas exchange experiments with an inert gas (SF¢) at Martha Creek
between the two sensor locations from 2018-2021%¢. The experiments were performed during a
range of discharge (0.0062 m3s™! - 1.30 m? s’), and the relationship between discharge and ksoo
was estimated using a multilevel Bayesian model of exponential decline in SF6 with distance as
the downstream model* %4, We compared the kso0 derived from these gas exchange experiments

to the ksoo predicted by the Raymond model above for the locations between the sensor locations.
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We also checked that the ksoo estimates from streamMetabolizer were similar in magnitude to the

values we used in the stream network model.

The gas transfer velocity (kcoz2; m day™!) was then calculated from ksoo using a temperature-
corrected Schmidt number for CO: (sc,) and a scaling factor of 0.5 ¢7:
kco,= LO_
(600/sc, )05
(2-13)
The Schmidt number for CO2 was calculated from the stream temperature (7; K) measured in the

field as follows>":

sc; = 1911 — 118.11T + 3.453T% — 0.0413T°

(2-14)
Results

Observations

Measured pCO2 concentrations varied throughout the network in August (13.3 — 282 umol L)
and November (14.2 — 230 pmol L") with consistently higher concentrations in August (August

mean: 61.4 pmol L'!; November mean: 37.3 pmol L!) (Figure 2.3).
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Figure 2.3 Observed pCO2 concentrations in August and November 2021 along the length of Martha
Creek. Stream lines were derived from the USGS NHDPIlus dataset and adjusted based on field
observations.

Over both time periods, higher pCO2 was more typical in the lower order headwater streams in
the network. We define the stream network as a third order stream with the outermost tributaries
as first order streams. In November, we noted flow in additional sections of the stream, which we
denote “zero order” streams. In August average concentrations for first order streams, second
order streams, and third order streams were 109 umol L-!, 47.2 umol L'}, and 43.8 umol L!
respectively. In November, average concentrations for zero order streams, first order streams,
second order streams, and third order streams were 87.1 umol L', 48.9 pmol L', 22.3 umol L,

and 24.9 umol L, respectively.

Other sampling variables changed between the two sampling periods. Median DIC concentration
was higher in August (22.5 mg C L!) compared to November (18.5 mg C L!). Median total
alkalinity was also higher in August (0.50 meq L") compared to November (0.35 meq L!). This
increase corresponds with the higher pCO2 observed in August. Higher pCO2 could be due to
deeper flow paths with high pCO2 and DIC concentrations dominating under low flow conditions

as well as dilution of higher concentrations during high flow conditions in November’- 14 68,
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Median DOC concentration in August (0.19 mg C L') was lower compared to November (3.0
mg C L'1). DOC has been observed to dominate when shallow flow pathways dominate and

under increased flow®”- 70,

November had a much higher discharge compared to August (1.9 vs. 0.005 m? s7!). Cumulative
stream length was longer (19.2 km vs. 7.9 km) in November due to flowing
intermittent/ephemeral channels (Figure 2.3). The stream area represented a small amount of the
total area of the watershed over both sampling periods (0.01 km?, 0.9% in August and 0.04 km?,
1.23% in November). The November sampling period occurred during a storm based on the
hydrograph for Martha Creek, while the August sampling period represented an annual low for

the stream (Figure 2.2).

Gas transfer velocity (keoo) as a Model Input

The gas transfer velocity (keoo) varied with the method selected and proved to be an important
input into the model. Depending on the regression selected, the total emissions from the stream
network ranged from 0.031-0.051 Mg C day™! in August and 1.10-1.42 Mg C day™! in November.
(Raymond et al. (2012)°! Equation 2 predicted the lowest emissions and the Ulseth et al. (2019)%°
equation predicted the highest emissions, Table 2.3). The choice of model also affected the range
of ksoo, especially the maximum values. In August the maximum ksoo value ranged from 50.8 —
109.1 m day!, and in November the maximum keoo value ranged from 355-983 m day!
depending on the model selected (Supplementary Figure 2.5). The fit of the modeled pCO2
compared to the measured pCO2 (R?) ranged from 0.13-0.27 for August and 0.58-0.61 for

November depending on our selection of ksp0 (Supplementary Table 2.1).
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We also compared the resulting ksoo for the preliminary model created from gas exchange
experiments at Martha Creek for the reach between the NEON sensor locations. The sensors
were located near the outlet of the stream network in an area with a lower slope, greater width,
and greater discharge than much of the stream. For example, the average slope between the
sensors is 0.04 compared to 0.25 over the entire stream length. The gas-exchange values
predicted by the gas exchange experiments are specific to the sensor locations and cannot be
directly compared to the gas-exchange derived from regression relationships over the entire
stream length. We compared the results of the gas exchange experiments to the results of the
regression relationships between the sensor locations (Table 2.3). We selected the Raymond et
al. (2012) Equation 3 (Equation 2-11 in this paper) for the stream network model because it
provided the closet fit for both August and November to the keoo derived from gas exchange
experiments performed by NEON at Martha Creek, in addition to having the best fit of the
modeled pCO2 compared to the measured pCO2 (R?).

Table 2.3 Comparison of Regression Relationships to NEON Gas Exchange Experiments at the
NEON reach.

Model keoo Mean (m day™!) between Sensor Locations
August November
Raymond et al. (2012) Equation 1 7.54 110
Raymond et al. (2012) Equation 2 10.1 NA
Raymond et al. (2012) Equation 3 8.21 62.2
Raymond et al. (2012) Equation 4 10.3 55.0
Raymond et al. (2012) Equation 5 12.9 95.0
Raymond et al. (2012) Equation 6 9.23 56.4
Raymond et al. (2012) Equation 7 12.9 96.2
Ulseth et al. (2019) 14.3 176
NEON Gas Exchange Experiments 0.30 1.43
Stream Metabolizer 0.84 51.2
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The regression relationships consistently predict higher gas transfer velocities than calculated
from the NEON gas exchange experiments at the sensor locations or estimated using the stream

metabolizer model.

Stream network CO: flux

Modeled pCO: concentrations ranged from 13.3-610.2 umol L' in August and 14.2-689.7 umol
L' in November (Figure 2.4). In both months, concentrations were highest at the uppermost
network sites we sampled; we set the concentrations of these sites equal to the groundwater
concentration observed in the wells in the model (August: 610.2 umol L', November: 689.7
umol L1). After the initial groundwater input, concentrations quickly leveled off throughout the
rest of the stream network. We compared the modeled concentrations to the measured
concentrations; the model fit in August was poor (R? = 0.23) and slightly better in November (R?
=0.61) (Figure 2.5). The preliminary model underestimated emissions in August and

overestimated emissions in November.
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Figure 2.4 Initial Non-Adjusted Model results for August and November.
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Figure 2.5 Observed (measured) vs. predicted (modeled) pCO2 concentrations for August (left) and
November (right) using the non-adjusted modeling approach (Figure 2.4) Line is 1:1.

A model with measured concentrations as inputs provided better predictions than the ones ran
without the measured data. We set model points with a matching sample point equal to the
measured pCOz2 values and ran the model for both time periods (Figure 2.6). The adjusted stream
network model with these additional inputs was used to predict the total carbon emissions from
Martha Creek during both sampling periods (Figure 2.6) as well as an areal flux from each
network point (Figure 2.7). We compared the total carbon emissions from the preliminary model
runs to the adjusted model with the measured concentrations (Supplementary Table 2.2). The
adjusted model predicted an increase in total carbon emissions from the preliminary model for

August (415% increase) and a decrease for November (12.2% decrease).

Carbon emissions varied with stream order. Zero order streams had a mean flux of 62.7 g C m
day™! in November, and first order streams had a mean flux of 3.7 g C m2 day' in August. This
compares to a mean flux of 42.8 g C m? day™! in November and 2.9 g C m day!' in August

across the entire stream length.
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Figure 2.7 Carbon emissions at each point along the stream in August and November.

The modeled rate of in-stream metabolism in Martha Creek represented a small portion of the
total carbon emissions from the stream (0.41-1.1 g CO2m™ day™!). The in-stream metabolism
represented 0-10% and 0-3% of the total pCO2 predicted by the stream network model in August

and November, respectively.

CO:2 emissions from the stream network were a large fraction (54%) of watershed NEE in
November and a small fraction in August (Table 2.4). In August, the average daily NEE from the
terrestrial environment was -5.5 Mg C day"' compared to 0.034 Mg C day™! emitted by the stream

network. Thus, stream emission accounted for only 0.62% of watershed NEE in August. In
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November, the average daily NEE was -2.2 Mg C day™! compared to 1.2 Mg C day™! emitted by

the stream.

Table 2.4 Total Carbon Emissions and Emission Comparison

Month Location Total C Mean flux Median Flux
(Mg Cday)»  (gCm?day)  (gCm>day")
August Stream network *  0.034 [0.030-0.053]¢ 2.86 1.00
Watershed -5.5 -0.67 0.10
November Stream network *  1.22[1.03 -1.47]¢ 42.8 29.5
Watershed 2.2 -0.35 0.50

a. A mean gas transfer velocity (ksp0) of 31.0 m day™' (August) and 96.3 m day"' (November) was used for
predicting the C emissions from the stream.

b. A stream network area of 0.01 km? (August) and 0.04 km? (November) was used to scale the mean flux and
determine the total C emissions per day from the stream.

c. A watershed area of 6.2 km? was used to scale the mean flux and determine the total C removal per day
from the watershed.

d.  95% confidence interval for the stream network model emissions estimates. A description of how these
values are obtained in included in the Supplementary Information (Supplementary Table 2.3).

Discussion

Combining our observations and the stream network model we found:

e The November time period had a much greater total carbon emissions from the stream

network than the August time period (1.22 Mg C day! vs. 0.034 Mg C day™).

e The November time period had a much higher discharge (1.9 m? s vs. 0.005 m? s!) and
a larger cumulative stream network area (0.04 km? vs 0.01 km?) than in August.

e In November, the highest pCO:2 concentrations were near the network origins, while in
August high pCOz2 occurred in higher order streams.

e In November, the stream emissions accounted for a much larger percentage of the

terrestrial sink than in August (54% vs. 0.62%).
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Seasonality of Carbon Emissions

Despite the pCO2 hotspots observed in August, the November time period had a much greater
total carbon emissions from the stream network than the August time period (1.22 Mg C day™! vs.
0.034 Mg C day™"). We identify two factors contributing to the greater emissions: (1) a larger
stream network length and area in November, and (2) a greater discharge in November leading to

both higher COz inputs and gas exchange rates.

Increased stream network area increased carbon emissions. In November, stream network area
was 4 times higher than is August (0.04 km? vs. 0.01 km?). The greater surface area increased the
opportunity for carbon emissions because total network emissions are equal to areal flux times
the surface area of the stream network. Additionally, with an increase in reach length, November
had more headwater locations that receive the direct input of high concentration pCO2
groundwater (Figure 2.3). Martha Creek was composed of 53% of zero order streams in

November compared to 42% of first order streams in August by length.

Additionally, an increase in discharge contributed to an increase in carbon emissions. In
November stream flow was 380 times greater than in August (1.9 vs. 0.005 m? s'!). This large
increase in flow has significant implications for the total carbon emissions from the stream. Flux
is calculated as a function of the gas transfer velocity, which was ~3 times larger on average in
November than in August (96 vs. 31 m day™"). The gas transfer velocity is calculated as a
function of stream velocity in the model; the stream velocity was ~6 times larger on average in
November than August (0.32 +0.2 m s”' vs. 0.053 £ 0.05 m s!). Higher flows also represented
increased hydrological connection with terrestrial soils, thus increasing CO2 delivery to the

stream.
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Quantifying these seasonal variations is necessary for understanding the overall carbon flux from
headwater streams, and these variations will likely differ between ecosystems. Crawford et al.
(2017)'* found the influence of seasons on pCO2 concentrations varied substantially among six
headwater catchments in different ecosystems with baseline concentrations varying 12-44%.
Studies have also observed pCOz2 responses to increasing discharge from storm events vary
between ecosystems with storm events both increasing and decreasing concentrations'# 27,
Seasonal carbon emission variations covary with changes in groundwater inputs and in-stream
respiration'> 7!, Our results demonstrate the importance of considering not only the spatial but

also the temporal changes in carbon accounting of headwater streams, especially in climates with

distinct dry and rainy seasons.

Stream Network Model

The non-adjusted stream network model did not capture all of the concentration variations
observed in the stream. The model predicted high pCO: at the headwaters of the network
followed by rapid decays within ~10'-10? m of the stream origins. Our observations indicate
there are additional inputs in the stream network the original model is not accounting for,
particularly in August under low flow conditions (Figure 2.5). The model assumes a constant
input of groundwater into the stream network at each point. We hypothesize that this assumption
is an oversimplification and that these additional inputs are from hotspots of higher groundwater
inputs. Previous studies show that groundwater inflows can result in a pulse of pCO2 followed by
a sharp decrease in concentrations’> '3 17, These inputs are most likely groundwater derived; in-
stream primary production is typically not the dominant source of pCOz2 in small streams relative

to external inputs'8. The rate of NEP in Martha Creek was modeled as 0.41-1.1 g CO2 m day!,
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which accounted for 0-10.3% and 0-2.57% of the pCOz2 predicted by the stream network model
in August and November, respectively. At points of higher measured pCO2 concentrations within
the network in August, we see indicators that these locations are receiving groundwater inputs
indicated by lower temperature (14-32% difference) and changes in specific conductivity (9-70%

difference) compared to the surrounding points (Supplementary Figure 2.6).

The stream network model does not incorporate carbonate equilibrium. We assumed that
additional COz inputs from speciation would be small at alkalinities >2 meq/ L' 138, which was
recorded at all sample sites in both August and November. At a higher pH (7 or higher) pCO2
and H2CO3 dissociates into its ionized form and can reduce the rate of CO2 emissions to the
atmosphere’?. We observed a lower pH in the groundwater (5.6-6.0 in August and 6.1-6.2 in
November) compared to the stream water (median 7.0 in August and 7.2 in November). We
acknowledge the model may be missing this removal of pCO2 from carbonate equilibrium,
although incorporating the measured pCOz2 concentrations into the model could provide this

adjustment.

The models that included the measured pCO2 concentrations as inputs had carbon emissions
415% higher from the stream network in August and 12.2% lower from the stream network in
November. In November, we were unable sample up to the origins of the stream network in
many instances due to the terrain and conditions (Figure 2.3). It is possible we missed points
with higher pCO2 concentrations than the model predicted at these locations that would elevate
network emissions estimates. However, the samples in November had less variation in the main
stem of the stream and fewer hotspots than in August. This pattern could be caused by increased

gas evasion with higher flow'#2’. Many of the measured concentrations were lower than the

36



modeled concentrations in November; this fact could be due to dilution by overland flow and
direct precipitation during the November storm event, which would likely be lower in dissolved
pCO2 3. Deeper flow paths with high pCO2 concentrations may have dominated stream network

inputs under low flow conditions in August’ !4 68,

Saccardi and Winnick (2021)*® found the stream network model had a tighter model-data
relationship (R’ = 0.70) at the East River watershed in the Colorado Rocky Mountains in their
study then we found in the Martha Creek watershed. The study was conducted at the East River
watershed during higher flow (1.23-3.25 m%/ s’!). The stream network model appears to predict
pCO2 with more accuracy during high flow conditions (at Martha Creek R = 0.23 in August and
R?=0.61 in November) than during base flow when higher groundwater inputs may be less

dominant due to overland flow and higher gas exchange.

Impact of Gas Transfer Velocity

Accurately characterizing the gas transfer velocity (kco2) and the air—water gas exchange
velocity (keoo) 1s challenging and has implications for the total carbon emissions calculated from
Martha Creek and other headwater streams. The air—water gas exchange velocity varies
spatiotemporally in headwater streams with surface water turbulence*37-3!. Generally, air—water
gas exchange velocities scale with discharge, flow velocities, and slope’!. As a result, air-water

gas exchange has the potential to change greatly during different flow regimes at a site.

Regression predictions for kso0 2% ! were much higher than those measured by the NEON gas
exchange experiments within the NEON reach (Table 2.3). While we are unable to compare

measured values to the gas-exchange upstream of the sensors, it is possible that the regression
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equations are also overpredicting the gas transfer velocities, leading to the discrepancy we see
between the modeled and measured pCO2. Our prediction of the keoo has implications for our
understanding of carbon emissions from streams. Depending on which regression we chose, the
total emissions from the stream network ranged from 0.031-0.051 Mg C day™! in August and

1.20-1.42 Mg C day! in November.

Small streams have high variability in the gas transfer velocity within a reach?!37- 7374 With
these spatial heterogeneities, scaling these velocities has proven difficult; with widely used
regression relationships overestimating the gas transfer velocities in a headwater stream at higher
stream velocities and underestimating the gas transfer velocities at lower stream velocities®*.
Temporally, discharge has a positive relationship with gas exchange (kso0)>" 2% 3¢, although
increased flow can decrease gas exchange if turbulence declines?’. It is clear that gas-exchange is
highly localized both among sites and within a site. The prediction of the gas transfer velocity is
a limitation in this study and in nearly all research attempting to predict carbon flux from streams

at scales where direct measurements are not possible.

Implication for Total River and Landscape Carbon Emissions

Our work shows how seasonality drives huge variation for carbon emissions in a headwater
stream network, especially in a climate characterized by wet and dry seasons. When Martha
Creek had high flow, carbon emissions from the stream network were > 26 times greater per day
than when the stream is under low flow conditions. In the Pacific Northwest, these higher flow
conditions are typical in headwater streams in November through March, while drier conditions
prevail through the summer months. We also noted the importance of the size of the stream reach

for carbon emissions; cumulative stream network length in November was larger than in August
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(19.2 km vs 7.9 km) which in turn increased the total carbon emissions from the stream network
(1.22 vs 0.034 Mg C day"). This increase in stream area has implications for carbon accounting

in this region and other regions with intermittent streams.

These longitudinal and lateral stream size changes, which were calculated as a function of stream
area, can strongly affect the amount of carbon emissions from a stream. Headwater stream
locations and extents are often not well documented because they are usually based on
topographic maps with limited spatial accuracy®> . Many of these streams are also not correctly
classified as perennial (flowing year round), intermittent (flowing for part of the year with
sustained groundwater inputs), or ephemeral (flowing in direct response to precipitation)?> 2,
These nonperennial stream lengths constitute most headwater stream length in forested areas?.
Many of these streams expand and contract seasonally in response to runoff and
evapotranspiration®®. Topographic maps tend to overestimate streamlines in temperate regions
and underestimate streamlines in arid regions’® 7. The NHDPlus streamlines used in this study
to define the streamlines overestimated the Martha Creek stream network area and were adjusted
based on field observations. Future work should focus on examining how the accuracy of
headwater stream locations and extents affects carbon emission predictions in watersheds in

different ecosystems.

In this study, we assume that the dry streambeds at Martha Creek do not contribute carbon
emissions to the atmosphere. However, dry streambeds of temporary streams can be active sites
of CO2 release to the atmosphere, although emissions are generally lower than flowing waters”
7. We acknowledge these emissions may be missing from this study, particular during the

August time period, but our focus was on flowing waters. Globally, carbon emissions estimates
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from streams may underestimate emissions by not including dry streambed emissions; however,
emissions may also be overestimated by assigning streams with intermittent flow to be

permanent””,

In addition, terrestrial NEE was lower in winter (85% lower in November than August), further
increasing the importance of these stream network emissions in the winter months when
comparing to the terrestrial sink. On the west coast of the United States, this decreased terrestrial
NEE typically occurs during winter months, which are also characterized by increased

precipitation and flow and reduced incoming solar radiation.

During both seasons, pCO:2 was highest at the headwaters of the stream network, consistent with
past studies'” 3% 3% In August, pCO: also peaked in higher-order stream segments in addition to
the headwaters. We hypothesized that these higher concentrations are due to additional
groundwater inputs that become more prevalent at lower flow, combined with low gas transfer
velocities due to the low flow. Despite these higher inputs, total carbon emissions were 97%
lower in August. The size of the stream network length and flow (both higher in November)
proved to be the most important factors for emissions. These higher inputs also indicate that
single point measurements likely do not capture the heterogeneity of pCO2 in headwater streams.
Integrating a single measurement over multiple stream orders and through time may result in

grossly underestimated or overestimated carbon emissions derived from the stream.

Conclusions and Next Steps

Quantifying carbon emissions from headwater streams presents ongoing challenges especially

with regards to stream network spatiotemporal heterogeneity. Our results highlight the
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importance of considering heterogeneity on both spatial and temporal scales. Headwater
locations were consistent hotspots during two seasons, while other locations in higher stream
orders emerged as hotspots during low flow season. Stream network models represent a powerful
approach to accounting for this heterogeneity, although quantifying the gas transfer velocity

remains difficult and drives high uncertainty in emissions estimated.

Our results also demonstrate the need to understand the nonperennial nature of streams when
calculating carbon emissions. Many current estimates of carbon emissions from headwater
streams depend on stream network maps derived from topographic data and geospatial products®
%81 Fritz et al. (2013)7¢ found that flow classification (perennial, intermittent, and ephemeral)
from existing geospatial products only agreed with 50% of their field determinations across 300
headwater streams. These static products do not always represent the variability in stream
network reach®?. Increasing stream network area contributed to the 3500% increase in CO2
emissions in the winter. The stream network can emit a large percentage of the forest NEE in the
winter months because of both higher emissions and lower forest NEE and annual estimates of
stream network emissions must therefore consider the flow regime throughout the year. Future
work should focus on how stream permanence combined with seasonality influences carbon

emissions in other ecosystems.
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Figure S2.5. Range of values found for the gas transfer velocity (k600) for both August and
November for the multiple regression relationships tested where ray are the seven equations from
Raymond et al. (2012)°' and Ulseth is from Ulseth et al. (2019)%°.
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Regression Model Fit of model pCO2 compared to measured pCO2 (R?)
August November
Raymond et al. (2012) Equation 1 0.61
0.19
Raymond et al. (2012) Equation 2 0.23 NA'!
Raymond et al. (2012) Equation 3 0.23 0.61
Raymond et al. (2012) Equation 4 0.13 0.61
Raymond et al. (2012) Equation 5 0.14 0.60
Raymond et al. (2012) Equation 6 0.16 0.59
Raymond et al. (2012) Equation 7 0.15 0.61
Ulseth et al. (2019) 0.13 0.58

1. This relationship predicts -keoo With high discharge.

Table S2.1. Fit of model pCO2 compared to measured pCO:2 (R?) for different regression

equations.
Mean gas Stream Total C Mean flux | Median
transfer Network | (Mg C (gC Flux
velocity Area /day) /m?/day) (gC
(k600, (km?) /m?/day)
m/day)
August 31.0 1.40 0.0066 1.48 0.37
Adjusted 31.0 1.40 0.034 2.86 1.00
August
November 96.3 3.25 1.39 45 30.3
Adjusted 96.3 3.25 1.22 42.8 29.5
November

Table S2.2. Total Carbon Emissions and Emission Comparison between Model Run
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August (Mg C day™!) November (Mg C day™!)
Variable Lower (5) | Upper (95) | Lower (5) Upper (95)
Groundwater pCO2 0.033 0.035 1.18 1.26
NEP 0.033 0.035 1.21 1.22
Gas exchange 0.031 0.051 1.07 1.42
All variables 0.030 0.053 1.03 1.47

Table S2.3. Uncertainty of Carbon Emissions from Stream Network Model determined based on

Input Variables

To determine the uncertainty of carbon emissions from the stream network model, we ran the
model by varying the three input variables: groundwater pCO2, net ecosystem production (NEP),
and gas exchange between their lower and upper bounds. We also ran the model with all of the
lower bounds and all of the upper bounds to determine the uncertainty with all variables. The
uncertainty of groundwater pCO2 was determined based on measurement replicates. The
uncertainty of net ecosystem production was reported by the program streamMetabolizer. The
uncertainty of the gas exchange was determined by running the regression model that produced
the lowest emissions (Raymond et al. (2012)°' equation 4) and the highest emissions (Ulseth et

al. (2019)2°.
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Chapter 3 Hydrologic regimes shape stream network

CO: dynamics and emissions
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Key Points

e A disproportional amount of stream carbon emissions and export occur during high discharge
periods

e Accounting for stream permanence results in small changes in total annual emissions

e (COz sensors will be limited in their representative of entire headwater stream network

This chapter is in prep to submit to Global Biogeochemical Cycles:

Conroy, H. D., Hotchkiss, E. R., lannucci, F. M., Abir, A. H., Cawley, K. M., Goodman, K.,
Jones, J. B., Kraus, K., Wolheim, W. M., Butman, D. (2025). Hydrologic regimes shape stream
network CO2 dynamics and emissions [in prep].
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Abstract

Understanding the balance between terrestrial carbon sequestration and aquatic carbon exports
and emissions is crucial for assessing landscape carbon budgets. Headwater streams are hotspots
of carbon emissions, often exhibiting higher rates of exchange per unit surface area than
surrounding terrestrial environments. However, accurately quantifying and upscaling emissions
remain challenging due to their high spatial and temporal variability. Stream carbon dioxide
(CO2) emissions estimates typically rely on static stream network maps derived from topographic
data, missing dynamic changes in emissions linked to varying flow conditions. We modeled
carbon emissions from five headwater stream networks in different biomes, incorporating stream
network extent to account for dynamic flow and a stream network model to account for spatial
and temporal variations in CO2 emissions. We found that while accounting for the extent of the
stream network due to drying does not change modeled annual emissions substantially (0.06-
4.3%), it does change the timing and spatial distribution of emissions and CO2 concentrations.
When incorporating stream permanence, our predictions for CO2 concentrations at the network
outlet increased by 32%. Across all stream networks, discharge was the main driver of emissions
with 50% of carbon emissions occurring in the top 3-29% of discharge conditions. Spatially,
areal emissions in first order streams were on average 1.3-2.7 times higher than the remainder of
the network due to both high gas exchange resulting from increased slope and from a tight
connection to the terrestrial environment and high groundwater concentrations. Our results show
that to better estimate annual emissions at a watershed scale, sampling campaigns should focus

on spatial and temporal hotspots: headwaters and high discharge events.
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Introduction

Accurate accounting of carbon storage and flux in terrestrial ecosystems is essential for
understanding the global carbon cycle. While terrestrial ecosystems are often net sinks of carbon
dioxide (CO2), surface waters within the landscapes export carbon, as particulate organic carbon
(POC), dissolved organic carbon (DOC), and dissolved inorganic carbon (DIC), downstream to
the oceans. Surface waters also emit a large portion of this transported DIC as COz to the
atmosphere. Reconciling the magnitude of terrestrial carbon sequestration and aquatic exports
and emissions is necessary for determining landscape carbon budgets®®. Streams and rivers have
been recognized as a hotspot of carbon emissions, because they are typically super-saturated in
COz relative to the atmosphere and have higher rates of exchange per surface area than the
surrounding land* 86, In addition, streams and rivers can emit more COx to the atmosphere than
is ultimately exported downstream to the ocean, with headwater streams emerging as hotspots for

these emissions because of their connectivity to the terrestrial environment and high turbulence®

15

Estimates of carbon emissions often exclude seasonal dynamics or do not provide differentiation
between high and low flow periods™ 5. Globally, CO2 emissions from streams and rivers vary
between 112 and 209 Tg of carbon per month!?. CO2 emissions from headwater streams can
increase during high discharge events, including snowmelt and rainstorms>* 3> 78, High discharge
events may disproportionately contribute to both emissions and downstream carbon export, with
the majority of exports often occurring during a few short high-flow events?!'-34+ 37 Capturing

high discharge events can be challenging because they are often sporadic and short lived, and
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may be missed during discrete sampling. In addition, sampling during high discharge events can

be challenging due to the weather and terrain that often accommodate higher discharge®®.

Seasonal changes in carbon emissions are partially driven by the sources that contribute to in-
stream COz2 concentrations (pCOz2) within a stream network. pCO2 can be supplied to the stream
by groundwater, direct soil pCOz2 in runoff, and in-stream generation from the respiration of
external and upstream carbon inputs!”- 13- 2, Groundwater pCO2 is typically high (more than four
times higher than in the stream) and can be a large source of stream pCO:2 because headwater
streams are well-connected to the subsurface where the majority of the streamflow originates'#
17.39 ' Groundwater inputs into a stream network can be controlled by flow, with higher flow rates
leading to greater inputs of high pCO2 groundwater?!> 22, Seasonal snow melt can also increase
hydrological connectivity to high pCOz soil layers increasing pCO2 within the stream; it can also
decrease pCO2 by diluting gas concentrations!”°°. When a stream is ice covered in the winter,
higher pCO2 may also build up from respiration where snow acts as an insulator®!. In-stream
metabolism can also supply a source of pCOz to stream networks, although metabolic
contributions are usually smaller relative to groundwater inputs, especially in headwaters'®,
Stream metabolism can vary seasonally with changes in temperature, light availability and
nutrient availability. All of these drivers can be influenced by discharge, acting to stimulate or

suppress metabolic processes through delivery of nutrients or flooding scouring of biofilms?3: 6%

92

If both the gas exchange velocity and the source of pCOz2 are high, hotspots of CO2 evasion will
emerge”®. Carbon emissions from headwater streams are also a function of the gas exchange

velocity, which scales with discharge and will vary within a network with changes in flow,
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turbulence, morphology, and slope®% 3”- 3. The source of pCOz and the gas exchange velocity
will vary in space along a stream network, seasonally within a watershed, and across different
biomes; this makes estimating overall CO2 emissions difficult within and across stream

networks37- 88,

Finally, carbon emissions are a function of stream area. Many headwater stream networks
expand and contract seasonally in response to runoff and evapotranspiration, so the longitudinal
and lateral changes in wetted stream area will alter total carbon emissions from a stream
network?*8%4 Flow also connects streams longitudinally, laterally and vertically, influencing the
delivery of high pCO: from groundwater inputs®*. Additionally, CO2 emissions can be high
during the rewetting processes in dry and disconnected streams, when pCO2 builds up in the soil
and stagnant pools are flushed during precipitation events®**®. Headwater stream locations and
extents are often not well documented because they are usually based on topographic maps with
limited spatial accuracy?> 7. Temporary stream lines within headwater streams can comprise

more than 50% of the total drainage network length within stream networks®>:°7

. Many streams
are also not correctly classified as perennial (flowing year round), intermittent (flowing for part
of the year with sustained groundwater inputs), or ephemeral (flowing in direct response to
precipitation)?> 26, Surface area can also be lost due to winter ice coverage in some biomes!'2.
Current estimates of carbon emissions from headwater streams usually depend on stream
network maps derived from topographic data and geospatial products, which may not account for
changes in stream area during different flow conditions® !> 8!, Accounting for dynamic stream

network extent is likely essential for accurately estimating carbon emissions and export from

streams.
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Few studies to date have explicitly examined the influence of stream permanence on carbon
emissions from headwater streams, especially during low flow when stream networks shrink.
Additionally, there is a need to incorporate variability in carbon emissions at the event scale and
include high-flow periods that yield the highest land to water fluxes. Analyzing carbon emissions
seasonally across a range of biomes is critical to identify the heterogeneity of CO2 emissions in
both space and time. In this study, we combine modeled estimates of stream permanence for
headwater streams with a spatially explicit stream network model to examine the spatial and
temporal controls on annual carbon emissions and export from stream networks in five different

biomes with different climate, geology, and topography.

Methods

Stream Networks

We selected five stream networks that each include one stream site monitored by the National
Ecological Observatory Network (NEON), a continental-scale observation facility that collects
comprehensive standardized aquatic and terrestrial data across a range of ecosystems in the
United States (Figure 3.1). The streams were chosen because they had nearby NEON terrestrial
monitoring sites and represent a range of climate, geology, and topography (Figure 3.1, Table
3.1). At each stream, NEON collects continuous, sensor-based measurements that includes
temperature of surface water and water level used to estimate continuous discharge®® . The
stream networks also have riparian near-stream, shallow groundwater wells equipped with
sensors that measure elevation and temperature of groundwater> 1%, Grab samples of water

chemistry including DOC and DIC are collected by NEON 26 times per year for surface
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water!?!. Grab samples of dissolved gas'??, including CO, are collected by NEON in conjunction

with this water chemistry sampling.

As part of our work to characterize high-frequency pCO2 dynamics at five streams across
different biomes of the U.S., we installed Eosense pCO2 sensors at the NEON downstream
sensor locations from 2022-2023. Data collected at 1-minute frequency were aggregated to 15-
minute intervals to reduce noise. Sensor CO2 concentrations were corrected to match grab
samples collected by NEON via linear regression!?2. The relationship between grab sample and
sensor CO2 concentrations was not significant at Martha Creek; therefore, we corrected the
sensor data using the average difference between sensor and grab sample concentrations. We
also collected additional shallow groundwater samples for pCOz to cover a range of flow
conditions from the NEON groundwater wells in stream riparian zones. For all sites except
Caribou Creek, we sampled wells for pCO2 using a headspace equilibrium method with a
peristaltic pump after the well was flushed the length of the tubing and measurements
restabilized (as described in Conroy et al., 202388 Text S3.1). At Caribou Creek, groundwater
pCO2 samples were collected from four of the NEON groundwater well sites using a soil sipper
needle fit with tubing and an airtight syringe. The soil needle was inserted to thaw depth to
retrieve a headspace-free groundwater sample from the active layer and the sample was

processed using the same headspace equilibration techniques as the other stream sites.
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Figure 3.1 Study stream networks located at five National Ecological Observatory Network stream
monitoring sites throughout the United States. Plots show the average daily discharge (Q; mean from
2018-2023) for each site over a water year in black with the minimum and maximum discharge from the
six-year time period highlighted in grey. Average daily water temperature for the water year shown in

blue.
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Spatial Variability in Water Chemistry

We conducted synoptic sampling campaigns along three of our five stream networks (Martha
Creek, King’s Creek, and Caribou Creek) to examine how pCO2 changes along a stream network
and validate our spatial model outputs with measurements. We sampled two of the stream
networks twice, (Martha Creek and King’s Creek) to capture dynamics during low and high flow
and validate the temporal dynamics of our spatial model outputs. Martha Creek was
longitudinally sampled over two five-day sampling campaigns (low flow in August 2021 and
high flow November 2021) as described in Conroy et al. (2023)%. We repeated this sampling
campaign at King’s Creek (low flow in August 2022 and high flow in May 2023) and at Caribou
Creek (for typical summer flow in July 2022). We attempted to capture the high spring flows that
typically occur at King’s Creek, but we note that spring 2023 was exceptionally dry. Samples
were taken at 100m intervals along the stream reach beginning at the NEON sensor location,
which we fixed as the outlet of each network model. We took pCO2 measurements using a
headspace equilibrium method described in Text S3.1. Results for the sampling campaigns are
shown in Table 3.1. We used these sampling points to compare to our stream network model

results. Como Creek and Walker Branch were not sampled due to time constraints.
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Table 3.1 Stream Network Comparisons

Stream Location  Elevation Climate Mean water  Flow regime Mean annual Sensor Sampling Sampling # of Longitudinal
Network (m) temperature precipitation pCO; period mean samples sampling
(°C) %8 (mm) (umol Lh? discharge pCO;
(m?s™) (umol L"?
Walker Anderson 260 Humid 13.9 Highest flows 1340 51
Branch!®  County, Subtropical (2.1 -20.3) in wint.er and (37 —100) Not sampled NA NA NA
(WALK) TN spring
Martha Skamania 340 Temperate 6.87 Wet winter, 2330 51 August 2021 5x10°73 55 61
Creek*! County, Rainforest  (-4.1-25.4)  dry summers 28 -77) (13 —280)
(MART) WA November 2021 1.9 45 37
(12 -230)
Caribou  Fairbanks 230 Continental 3.82 Ice-covered 260 80
Creek'™  North Star subarctic (-0.6 —9.4) winter (55-317)
(CARI) Borough, streamflow, 45.0
AK seasonal Sy A7 o ol (17 — 260)
snow melt
pulse
Como Boulder 3020 Continental 3.2 Ice-covered 840 59
Creek!'% County alpine (-0.1 -13.3)  winter pools, (18 —138)
(COMO) CO seasonal Not sampled NA NA NA
snow melt
pulse
King’s Riley 320 Continental 15.2 Flashy and 860 390 August 2022 2.0x 103 55 240
Creek!'% County, Tall-Grass  (-0.5-32.1) impermanent (0—810) (93 —590)
(KING) KS Prairie with high 155
ﬂovys dur}ng May 2023 0.08 62 (71 — 400)
spring rains
a. Parentheses indicate range of measured values.

60



Modeling Stream Permanence

We used the Watershed Erosion Prediction Project Model (WEPP) to predict how surface water
presence might change seasonally and with discharge at each of the stream networks!?’. In a
previous study, WEPP correctly classified annual streamflow permeance of a stream network for
83% of the reaches in both a humid coastal climate and arid climate in western and southeastern
Oregon'?’. The WEPP model is a process-based hydrology model that simulates surface and
subsurface hydrology!% 19 WEPP requires input of climate, slope, soil, and vegetation and
outputs a continuous daily water balance of surface runoff, subsurface lateral flow,
evapotranspiration, total soil-water, percolation, and snow accumulation and melt'%, While we
were limited in our observations of surface water presence to validate the WEPP model at our
networks, we treated the WEPP model as a basis for exploring how stream networks in different

biomes may potentially expand and contract annually.

We ran the WEPP model using WEPPCloud, the online implementation of WEPP!%® (Text S3.2).
We manually calibrated the models using realistic values for each ecosystem from the literature
(Text S3.3). The best calibration of the WEPP model for each stream network was determined by
selecting runs that resulted in the largest Nash-Sutcliffe Efficiency (NSE)'!? and smallest percent
bias (PBIAS) when compared to discharge at the NEON gages, using the hydroGOF package in
R 111/ We also examined the natural log of NSE (NSE log Q) to give a better metric for model
fit during periods of low flow!%”. We kept all runs with NSE values greater than 0.2 and PBIAS
values below 25%, as previous modeling studies indicate that these thresholds represent
satisfactory hydrological model results!?”- 112 113 'We also chose to keep model runs with the

greatest value of log NSE. Hafen et al. (2023)!%7 kept model runs with NSE<0.3 by maximizing
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log NSE because identifying non-permanent channels depends on accurate simulation of these

zero flow periods'!3

. We also justify using lower NSE values than those typically used in
hydrological models by emphasizing that we employed the WEPP model as a tool for
understanding how stream network expansion and contraction influences carbon emissions. The
resulting NSE, PBIAS, and NSE log Q for each stream network were determined satisfactory for
Martha Creek, Como Creek, Walker Branch, and King’s Creek but not Caribou Creek (Table
S3.2, Figure S3.1). We were not able to produce a WEPP model for Caribou Creek due to
constraints on the data available for running the WEPP model in Alaska. However, we know
from field observations at Caribou Creek that the highly incised stream channel likely has
minimal expansion and contraction during non-frozen periods and therefore assumed the stream
network lines to be constant from May — September. Using the WEPP model for all networks
except Caribou Creek, we analyzed daily streamflow estimates for each stream network reach to
identify periods when reaches were wet or dry, with zero streamflow indicating a dry reach. This

exercise allowed us to obtain a daily estimate of stream network extent for each watershed for

2018-2023 (Figure S3.2).

Stream Network Models

We used the process-based stream network model originally developed by Saccardi and Winnick
(2021)3% and updated by Conroy et al. (2023)3® using a priori parameterization based on the
available NEON field measurements instead of calibration. The network model predicts CO2
concentrations along each stream network based on the advection-reaction equation for solute

transport:
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ac aoc 10Q —NEP

E = —Ua + Za(cgw - Ci) - kc02 (= Catm) + A

(3-1)
We solved the equation assuming steady state conditions and using a backwards-difference finite
approximation scheme at each point along the stream:

Ci— Ci—4 N l(ﬂ)( —NEP

0= —v
(3-2)
where the concentration of CO2 at each point (Ci,; umol m)is a function of the concentration
upstream (Ci-1; umol m), atmospheric and groundwater CO2 (Cam and Cgw; pmol m™), and
internal production represented as stream net ecosystem production (NEP; see below).
Additional inputs into the model at each point include the flow at the outlet of the stream

network (Q; m? s!), velocity at each point (vi; m s7!), the stream cross-sectional area at each

point (4;; m?), and the gas transfer velocity at each point (kcoz; m day™).

As in Conroy et al. (2023)38, we calculated flow at each point (Qi; m? s'!) based on conservation
of mass within the drainage basin (Text S3.3). We performed multiple stream network model
runs with different flow inputs. We used the WEPP modeled predicted discharge for model runs
determining the impact of stream permanence. We also ran the model with daily discharge at the
downstream NEON gage to directly compare emissions to carbon exports (DIC, DOC). For
King’s Creek, we used USGS discharge data for a more complete discharge dataset for the 2018-

2023 time period!!4,

We estimated the stream cross-sectional area (A, width x depth; m?) at each point using scaling

relationships with width (w) and depth (h) with Q; *- 8 (Text S3.4). Velocity was also estimated
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using these scaling relationships® 8 (Text S3.4). Daily water temperature and daily atmospheric
CO2 were estimated from daily averages of NEON surface water temperature and atmospheric

COz isotopes”® 115,

For the groundwater pCOz, daily groundwater estimates were derived for each stream network
from our project’s groundwater sampling during different flow periods and assumed to apply
throughout the river network. Groundwater pCO2 was averaged across wells when multiple wells
were sampled and were interpolated using the spline function in R to get a daily estimate (Figure
S3.3). Uncertainty for daily estimates were determined using bootstrap resampling, and
confidence intervals are calculated as the standard deviation of the bootstrap predictions around
the interpolated values. The initial condition for Ci was set to the daily estimate of groundwater
pCO: for the stream network. Groundwater pCO2 concentrations were assumed to be constant
throughout the stream network on a given day, and concentrations were multiplied by runoff

based groundwater inputs of discharge, assuming constant gaining conditions.

For NEP, we used estimates from the literature available for each NEON reach for GPP and
ER''¢ for Martha Creek, Caribou Creek, Como Creek, and King’s Creck. NEP is the difference
between gross primary production (GPP) and ecosystem respiration (ER) and is typically
negative in streams because ER exceeds GPP when supported by external organic carbon

subsidies™®. It is thus represented here by -NEP to impose a positive CO:2 flux when negative:

NEP = GPP — |ER|
(3-3)
We calculated NEP across the GPP and ER time series from Marzolf et al. (2025)!''®. To reduce

uncertainty associated with daily NEP estimates, we ran the stream network models using the
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median NEP values from the time series for each reach. To capture uncertainty in our emissions
estimates, we used the interquartile range of NEP values, specifically the 25th and 75th
percentiles for the lower and upper range of NEP. We assumed that NEP was spatially and
temporally constant throughout the stream network, after running checks that our annual
emissions would be similar to incorporating daily NEP predictions for networks (Table S3.3).
We acknowledge that NEP will change across headwater stream networks in both space and
time!!7- 118 but our approach attempted to estimate a reasonable metabolism contribution at each

stream network.

For Walker Branch, we also obtained minimum, maximum, and median NEP from previous
literature in the west fork of the stream network upstream of the NEON reach!!®. We used the
Roberts et al. (2007)'"° estimates for our primary model runs at Walker Branch because these
estimates better represent the headwaters of the network. Based on observations in the field, the
NEON upstream sensor is downstream of a confluence and an actively flowing tributary enters
just above the downstream NEON sensor which will bias metabolism estimates>®. We compared
the Walker Branch stream network model runs using the Roberts et al. (2007)'!® metabolism
estimates to runs using the Marzolf et al. (2025)'!¢ estimates to examine how using NEP

estimates from different locations within a stream network may affect results.

The stream network model requires a gas exchange velocity input (keoo; m day!) to estimate
emissions from concentrations. Gas exchange varies throughout a network because it scales with
velocity, discharge, and slope®*. To account for this heterogeneity in the air-water gas exchange,
we ran the stream network model with estimates from eight different physical model regression

equations?® 3! (Figure 3.2). We compared these regression models to gas exchange experiments
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performed by NEON. NEON performed gas exchange experiments with an inert gas (SFe) at
each stream network at the NEON reach (between their two sensor locations) from 2018-2021%°.
The experiments were performed during a range of discharge conditions at each NEON reach,
and the relationship between discharge and kso0 was estimated using a multilevel Bayesian model
of exponential decline in SFs with distance as the downstream model®* 12 121, We compared the
keoo derived from gas exchange experiments to the ksoo predicted by the physical regression
models?® 3! for the NEON stream reach between the sensor locations. For each reach, we
selected the regression model that resulted in kso0 values most similar in magnitude to the gas
exchange experiments (Table S3.4). When there was a large discrepancy between the two
models, we used the equations from the NEON gas exchange experiments!?!- 122 for stream

segments with slope similar to the NEON sensor location.

The gas transfer velocity (kcoz; m day™') was then calculated from kso0 using a temperature-

corrected Schmidt number for CO2 (sc;) and a scaling factor of 0.5: 3167

k k600
€02= (600 /sc, )05

(3-4)

The Schmidt number for CO2 was calculated from the stream temperature (7; K) as follows: 123

sc; = 1923.6 — 125.06T + 4.3772T% — 0.0857T3 + 0.00070284T*

(3-5)

Model flow scenarios

We performed multiple model scenarios to 1) test for the impact of stream permanence and 2) to

get a best estimate of emissions with measured discharge (Table 3.2). We performed four model
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runs at Walker Branch, Martha Creek, Como Creek, and King’s Creek, and one model run at
Caribou Creek (due to observations in the field that Caribou Creek has minimal expansion and
contraction) at daily timescales from 2018-2023. For Caribou Creek and Como Creek, we ran the
model from May-September and May-October, respectively, to capture when the stream was not

covered by ice. The model scenarios were as follows:

e Modeled discharge static model
e Modeled discharge dynamic model
e Measured discharge static model

e Measured discharge dynamic model

Table 3.2 Description of combined stream network model scenarios

Model Run Model purpose Discharge Stream lines Stream
source source Networks
Modeled-static Test impact of Modeled by WEPP modeled MART,
stream WEPP network lines WALK,
permanence COMO,
KING
Modeled-dynamic Test impact of Modeled by NHDPlus network MART,
stream WEPP lines WALK,
permanence COMO,
KING
Measured-static Test emissions Measured at NHDPlus network ~ All
estimates based ~ NEON gage lines
on measured
discharge
Measured-dynamic Check WEPP Measured at NHDPlus network  MART,
results NEON gage lines modified WALK,
based on a COMO,

threshold of zero KING
flow (0.003 m® s!)

For the modeled-static scenarios, stream network lines were derived from NHDPIus??, and we
assumed streamlines from the NHDPIus dataset were constant on a daily basis. For the modeled-
dynamic scenario, we modified the network lines based on the WEPP model results: when a
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streamline from the WEPP model was not flowing, the streamline was not included in the stream
network model. We used these two model scenarios a basis for characterizing the role of stream
permanence on stream network emissions by comparing the difference between the total annual

emissions from each stream network with and without accounting for changing network size.

For the measured-static scenarios, we ran the stream network model using constant streamlines
from the NHDPlus dataset. We used this network run to ensure annual emissions estimates based
on estimated discharge values were similar to the model runs using modeled discharge. The
measured-dynamic scenario was run with measured discharge and a different metric for stream
permanence where stream lines were determined to be flowing based on a threshold of zero flow.
Using hydraulic geometry, we estimated a discharge value for each stream reach based on the
measured discharge at the gage. If this estimated discharge was less than 0.003 m? s°!, we
assumed this stream reach was not flowing. The threshold was based on the minimum daily

value a USGS gage can report!?*

. There is limited methodology for selecting a zero-flow
threshold in the literature'?®, so we used this model only to determine if a different stream
permanence metric would result in similar results to the modeled-static scenarios. We compared
these results with the modeled-dynamic scenarios to ensure similar effect of stream permanence
on annual emissions. We found comparing the measured-dynamics scenarios to the measured-

static scenarios resulted in similar percent difference between annual emissions estimates to

comparing the modeled-dynamic run and the modeled-static run (Table S3.5).

To run the stream network model, networks were broken into points ~20 m apart (Equation 3-2).
Stream slope at each point was calculated from a digital elevation model of the area*” 126, Table

3.3 includes a description of each variable used in the model for each stream network.
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Table 3.3 Daily average range of model inputs for each stream network

Spatial
Variable Description Va;zglslslty WALK MART CARI COMO KING Data source
network
T Water temperature (°C)  Constant 9.2 -18(14) 2.2-15 (6.7) 0-5.7 (3.9) 0-10 (6.0) 3.4-25 (14) Daily NEON sensor data
Discharge at each point ~ Varies 2.0x103-0.32  0-3.6(0.13) 0.14-4.0 (0.40)  0-0.60 0-5.4 (0) Calculated from
0i (m3sh) (8.7x107%) (0.01) conservation of mass from
measured or modeled
discharge at gage.
Net ecosystem Constant 2.6-5.3 (3.6) 0.10 —0.47 1.9-5.3(3.5) 0.6-0.68 0.18-1.4 Estimated from literature*.
production (0.22) (0.21) (0.57) Minimum and maximum
NEP (g CO, m? day™) values used to determine
uncertainty. Median used
for all other runs.
Groundwater pCO, Constant 22x10-6.8x 1x10-2.6x 20x10*34x 82x10°-1.9 22x10* 2.8 Interpolated to daily values
C (ppm) 103 10* 10% x 10* x 10* from monthly groundwater
aw (5.3x10% (1.4 x 10% (3.1 x 10% (1.2 x10% (2.6 x 10%) samples for a single year.
s Stream slope Varies 0.002-0.19 0.017-0.78 7 x 104-0.57 3x10%0.48 0-0.23(0.02) Digital elevation model
(m m™) (0.02) (0.16) (0.07) (0.06)
Modeled air—water gas ~ Varies 0.38-33 (3.4) 0.44-410 (35) 0.97-370 (32) 1.4-190 (6.3) 0-230 (0) Calculated from slope,
k exchange velocity velocity, and discharge.
600 (m day‘l)
Modeled gas transfer Varies 0.31-28 (2.9) 0.27-280 (24) 0.62-295 (27) 0.022—-80 0-195 (0) Calculated from keoo and
kco, velocity of CO; (5.3) the Schmidt number.
(m day™)

*116 for MART, CARI, COMO, and KING. 119 for WALK.
Values represent range during model period from 2018 —2023. Median values are in parentheses. Caribou Creek and Como Creek were modeled only for
months May — September and May-October, respectively, to capture non-frozen periods.
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The model generates daily pCOz2 values at each point along the stream network. We evaluated its
performance by comparing model outputs to our measured data, including CO2 sensor values at
the network outlets and synoptic pCO2 samples collected across the networks on specific
sampling days at Martha Creek, King’s Creek, and Caribou Creek. Daily modeled pCOz2 at the
sensor locations was compared to observed values to assess temporal accuracy, while synoptic

measurements were used to evaluate the model’s spatial performance across the networks.

Our model used an a priori approach, relying on available data as inputs to the stream network
model without calibration. Exploring how adjustments to these inputs improve the fit to observed
pCO2 values can reveal key processes or parameters missing from the current model structure.
To examine the sensitivity of our models to changes in groundwater pCO2 (Cgw) and the gas
exchange velocity (keoo) on an annual scale, we used the optim function in R'?”. The optimization
minimized the mean absolute error (MAE) between modeled and observed sensor pCO2
concentrations, using a range of multiplier values for each parameter. In each case, Cgw and keoo
were scaled uniformly across the entire time series and stream network. We used these results to
determine how much annual emissions changed when fitting either Cgw or keoo to match sensor
pCO2 observations. To understand what our model was missing spatially, we ran the models for
the sampling periods (on a daily scale) by including our measured pCO: values®® (Figure S3.7).
We set the C; of the points in the model that were located at our sampling locations equal to that
of our sampled concentrations. The model was then allowed to run sequentially with these
known concentrations as inputs. We compared this adjusted model to the preliminary model
runs. Finally, to estimate uncertainty of carbon emissions from the model based on our inputs,

we ran each measured-static model with the low and high end of our estimated carbon inputs into
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the model (groundwater and NEP inputs) to get a range of possible carbon emissions from each

stream network.

Carbon Losses from Stream Networks

To estimate total carbon losses from the five stream networks, we used the DOC and DIC grab
samples collected by NEON. We interpolated daily DOC and DIC values using the daily
discharge from NEON and the macrosheds package in R'?8, We downloaded the daily discharge,
DOC and DIC data manually to ensure consistent NEON releases and used the macrosheds R
package to estimate annual export. Annual export of DOC and DIC were estimated as the sum of
daily export concentrations multiplied by the mean daily discharge. Error for DIC and DOC
fluxes was propagated with the macrosheds package based on the measurement uncertainty
provided by NEON!28, For Walker Branch, DOC export was only estimated for 2022-2023 due
to quality issues from 2018-2021 on the NEON data portal. Since DOC and DIC were sampled at
sub-daily frequencies, interpolation introduces some uncertainty, particularly during high-flow
events when concentration-discharge relationships may be nonlinear. We acknowledge potential
biases could arise from underestimating peak concentrations or missing episodic pulses. Annual
export was divided by the watershed area of each stream network to obtain areal estimates of
carbon yields. To compare the DIC and DOC exports to CO2 emissions, we obtained a yearly
estimate of total annual emissions from the stream network models and normalized by the
watershed area of each network. To show how discharge events contributed to emissions, we
compared cumulative CO2 emissions to the distribution of discharge at each stream network by

creating Lorenz curves of temporal inequality!?% 130,
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Results

The role of stream permanence in emissions estimates

Using the modeled-static scenario runs, we determined the percent of time the full stream
network was flowing (Table 3.4), with the exception of Caribou Creek, where we did not model
stream permanence, and assumed the network was at full surface coverage during 100% of the
monitoring season based on field observations. The four remaining stream networks had large
drying periods for at least a portion of the network. King’s Creek had the most intermittent
stream network; it was only at full network size 1% (range: 0.3-2.7%) of the time, while Martha
Creek was at full network size for 60% (range: 54-73%) of the time from 2018-2023. Como
Creek and Walker Branch were at full network size 19% (range: 8-52%) and 21% (range: 11 —
30%) of the time, respectively (noting that the modeling run for Como Creek did not include the

winter months).

Table 3.4 WEPP modeled-dynamic and modeled-static scenario results

Stream Full Minimum Median total annual emissions Median areal emissions of stream
Network  Network  Network from stream network network area?

Size Extent (Mg C year™) (g C m?dayl)

Duration' (%) Modeled Modeled % Modeled Modeled %

(%) dynamic  static difference dynamic  static difference
WALK 21 4 1.5 1.6 4.3 2.5 2.3 7.4
MART 62 0 58.89 58.93 0.07 7.4 6.6 9.6
coMoO! 22 56 5.250 5.253 0.06 4.3 3.7 14
KING 1 0 27.6 28.1 1.9 7.4 4.6 38

1. Network extent not including frozen stream time periods; modeled from May-October.
2. Total annual emissions divided by the area of each stream network (width x length).
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We compared the modeled-static scenario runs to the modeled-dynamics scenario runs to test the
outcome of incorporating stream permanence. Despite periods of intermittence in the four stream
networks, the difference in total average annual emissions was only 0.06-4.3% between runs
(Table 3.4). We found that the modeled-dynamic scenarios, using the maximum network size all
year round, only resulted in a small overestimate in emissions at all stream networks. We
conclude that the majority of emissions for all of the stream networks occur when the networks

are at full size (Figure 3.2.)
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Figure 3.2 Proportion of emission that occur at varying network sizes. The majority of emissions occur
when the stream networks are at full network size. The right plot shows the total emissions that occur at
each stream network size. The left plot shows the proportion of emissions that occur at each network size,
where the majority of emissions for each stream network when the network is at 75-100% of its
maximum size. King’s Creek has the smallest proportion of emissions that occur at 75-100% of network
size because it is only at full network size 1% of the time. Caribou Creek, on the other hand, is at full
network size 100% of the time. Emissions when the network size is 0-25% are less than 0.4% at all sites.

At the four stream networks where we tested the role of including dynamic network surface area

in our network CO2 model, we found that the areal emissions per stream network area decreased
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during the modeled-static run, when the network was run at full size (Table 3.4). Incorporating
stream permanence will also change the distribution of pCO:2 throughout the network.
Comparing the predicted pCOz2 of the network outlet where the stream pCO2 sensors were
installed, we find that when the model incorporates stream permanence, predicted pCO: at the

network outlet increased by 32% (Figure 3.3).
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Figure 3.3 Modeled-static predicted pCO- at the network outlet versus modeled-dynamic predicted pCO2
at the network outlet for stream networks with modeled-dynamic scenario runs. Including periods of
stream intermittence within the network results in higher pCO, at the network outlet for stream networks
with modeled-dynamic scenario runs.
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Spatial carbon export patterns

When examining spatial patterns while accounting for stream permanence, the hydrologic regime
of the network and topography will determine where carbon emissions occur (Figure 3.4). At
Martha Creek, the highest sloped network, emission hot spots emerge at the highly sloped
headwaters when the network is at full size. A similar pattern was observed at Caribou Creek,
where we assumed a full sized network during flow, with emission hotspots primarily
concentrated in the steep headwaters. Hotspots near the headwaters also emerged at Como

Creek, although greater variability in emissions was observed across tributaries of different
slope, some of which are only active during snow melt. At Walker Branch and King’s Creek,
emission hotspots occurred at the headwaters and throughout the networks due to both lower

slopes and contractions in network sizes.
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Figure 3.4 Percent of flux from each modeled point in the stream network during the 2018-2023 model
time period. To create the figure, total annual emissions from each point were divided by the total annual
emissions for the entire network. For Martha Creek, King’s Creek, Walker Branch, and Como Creek, the
modeled-dynamic scenarios are shown; for Caribou Creek, the measured-static scenario is shown. The
scale bars denote the differing watershed sizes. The outlet of each network is the NEON downstream
stream monitoring site used to validate modeled CO;and generate other parameter estimates for the
network CO; model.

While spatial differences emerged based on the hydrology and topography of different stream
networks, the majority of emissions occurred in first order streams. First order streams
accounted for 56% of emissions for Martha Creek, 43% for Caribou Creek, 41% for Walker
Branch, and 84% for Como Creek (Figure 3.5). King’s Creek was the only network to have more
emissions from second order streams (42%) than first order streams (40%). We define first-order
streams as streams that have no tributaries within the network, representing the initial channels in

a watershed, based on the Strahler stream order classification system. Areal emissions in first
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order streams were on average 1.3-2.7 times higher than the remainder of the network. First
order streams had a higher mean slope than the remaining orders at all networks. Areal emissions
were most similar among stream orders at King’s Creek, which along with Walker Branch had
the lowest variation in slopes across the network. Conversely, the largest differences in
emissions among stream orders were at Martha Creek, the network with the most drastic changes
in slope across the network. Caribou Creek and Walker Branch had a higher percent of emissions
from order 3 streams than order 2 streams, likely due to a greater percentage of 3™ relative to 2

order streams in those networks.
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Figure 3.5 Carbon emissions percentage by stream order. The majority of emissions occur for all stream
networks in first order stream segments. Martha Creek and Walker Branch are the only fourth order
network. Como Creek is a 2nd order stream.
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The majority of emissions from the stream network models could be attributed to inputs of
groundwater; in-stream metabolism contributed a median of 30% of emissions at Walker Branch,
4.6% at Martha Creek, 3.2% at Caribou Creek, 8% at Como Creek, and 13% at King’s Creek. At
each stream network, in-stream metabolism had the lowest contribution for first order streams,
except for King’s Creek and Como Creek which both had the lowest contribution of NEP for
second order streams. Running the network models with the maximum observed NEP, increased
total annual emissions by 10-28%. For Walker Branch, we also compared using the metabolism
estimate from the NEON reach, which was an order of magnitude smaller than the NEP estimate
further up in the headwaters (0.22 g CO2 m day™! versus 3.6 g CO2 m? day™!). Using the NEON
reach estimate resulted in a much lower NEP contribution at Walker Branch from 30% of

emissions to 2.6%.

Because annual emissions were similar between the modeled-static scenarios and the modeled-
dynamic scenarios model runs, we show that incorporating stream permanence may not be
important for annual emissions estimates. To remove the uncertainty associated with using
modeled discharge as a model input, we use measured-static scenarios for the remainder of our

analyses.

Stream network model results

The measured-static scenario did not provide a good fit to the sensor pCO:2 data at the watershed
outlet. NSE was below 0 for all stream networks, indicating the mean sensor pCO2 would
provide a better prediction that the modeled pCO2 (Table 3.5). The measured-static models
underestimated pCO2 for the Martha Creek, Caribou Creek, and King’s Creek stream networks

(percent bias = -96 to -27), while Como Creek and Walker Branch showed little bias (percent
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bias = 6.6 and 1.1, respectively). The network model did capture some observed patterns in pCO2
(Figure 3.6, Figure S3.5). At King’s Creek we were limited in the number of comparable days (n
= 45) with modeled and measured pCO2 because the model was not run on zero discharge days

when water is not flowing but the pCO2 was still being measured in disconnected pools.

Table 3.5 Stream network model fit to measurements values and measurement impacts on emissions
estimates

WALK MART  CARI COMO KING

Model fit to # days 421 450 325 290 45
pCOz sensor compared
NSE -1.3 -1.3 -10.6 -0.29 -12.4
PBIAS 1.1 -27 -36 6.6 -95.7
R? 0.5 0.77 0.13 0.04 -0.4
Mean absolute 173 280 430 382 9400
error (ppm)
Model fit to R? NA 0.23, 0.33 NA 0.27,0.13
longitudinal 0.63 (July 22) (Aug 22,
pCO2 (Aug 21, May 23)
measurements Nov 21)
Daily % change NA 415% 22% NA 67%,
in emissions increase, decrease 250%
from sample 12% increase
measurements decrease

The model fit to pCO, sensor compares daily pCO> for the stream network models and the sensor at the
stream outlet. Number of days compared is based on the number of days the sensor was installed at each
stream network. The model fit to longitudinal pCO, measurements compares spatial model outputs to the
nearest measurement points during the sampling period indicated. The daily % change in emissions from
sample measurements was determined by setting C; for points in the model that were located at our
sampling locations and running the model sequentially with known concentrations as inputs. Daily %
change describes how the total emissions changed incorporating our sample measurements for the sampling
period.

Using an a priori approach without calibration, our model relied on available data as inputs, and
examining how adjustments to these inputs affect the fit to observed pCOz2 values highlights key
parameters missing from the dataset. When evaluating the sensitivity of the models to changing

Cgw and keoo, we found increasing Cgw and decreasing keoo resulted in the smallest mean absolute
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error when comparing the model to measured pCO:z at the outlet for Martha Creek, King’s Creek,
and Caribou Creek. At Walker Branch and Como Creek, decreasing Cgw and increasing keoo
resulted in the smallest mean absolute error (although only slightly) (Table S3.7). We found
changing Cgw had a much larger impact on the annual emissions predicted by the model than
changing keoo. For example, at Martha Creek (Figure 3.6), changing groundwater concentrations
results in substantial increase in total median annual emissions (100 Mg C year™! versus 58 Mg C
year'!), whereas changing keoo resulted only in a small decrease in total median annual emissions
(58 Mg C year! versus 55 Mg C year™"). The model was more sensitive to groundwater

concentration changes across the stream networks (Table S3.7).
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Figure 3.6 Modeled comparisons to the CO, sensor at Martha Creek. We ran the model by multiplying
keoo and Cgw by a constant to optimize the mean absolute error. We show that both adjustments provided a
better fit for the sensor pCO., however the groundwater adjustment resulted in a much larger increase in
total annual emissions at the stream network.

For the measured longitudinal samples, the model also missed some spatial variation in pCO2 at
Martha Creek, Caribou Creek and King’s Creek (R? = 0.13-0.63, Figure S3.6) at the sample
points during the sampling period. After adjusting the model to match the sample points, we
observed large increases in modeled daily emissions compared to the model without
observations. Daily emissions increased 415% at Martha Creek during low flow (5 x 10~ m? s™!)

in August 2021 and increased 67-250% at King’s Creek during both sampling periods (August
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2022 and May 2023), which also had relatively low flow (2.0 x 10 — 8.0 x 102 m? s*"). During
high flow at Martha Creek (1.9 m? s!) in November 2021 and Caribou Creek (0.2 m? s'') in July
2022 we observed decreases in total daily emissions when adjusting the model to our measured

concentrations (12-22% decrease).

Temporal carbon emission patterns

While accounting for stream permanence may not be critical for annual network carbon
emissions estimates based on our model findings, discharge events drive annual emissions.
Lorenz curves of cumulative emissions versus flow distribution for each stream network show
that at all networks, a large fraction of total annual emissions occurred within a small fraction of
time, during high discharge. We can compare stream networks by observing what fraction of
emissions occurs during high flows. 50% of carbon emissions occur in the top 3% of discharge
for King’s Creek, the top 10% of discharge for Como Creek, top 12% of discharge for Martha
Creek, the top 26% of discharge for Walker’s Branch, and the top 29% of discharge for Caribou
Creek (Figure 3.7). We note that Caribou Creek and Como Creek were only modeled from May—

September and May—October to avoid periods when the stream was frozen.

81



100% 1 (
[72]
C
8>,
(2]
B 75%1
=
L
s
'9 500/0 o o aieinelens eie e sieisieeie e e e eis e oie §elaid e el eie e n ure ole 0
o
=
IS
g 25% 1
j
O 7
OO/O - — . T : T : A T
0% 25% 50% 75% 100%

Q Percentile

= CARI = WALK = MART = COMO = KING

Figure 3.7 Lorenz curves of cumulative emissions with the x-axis ordinated by increasing discharge.
Emissions of CO; are unequal, with the majority of emissions under the 1:1 line delivered at the highest
discharge from all networks. Caribou Creek and Como Creek are denoted with a dashed line to note
emissions were only modeled from May—September and May—October to avoid periods when the stream
was frozen.

Total carbon losses from stream networks

Both CO:z emissions from stream networks and carbon export from network outlets (together
forming total carbon losses from networks) varied temporally (Figure 3.8). Total carbon losses
from the networks scaled with discharge for all stream networks, with the highest carbon losses
occurring when discharge was highest. The pattern of total carbon losses varied between stream
networks based on the flow regimes at the networks. For example, total carbon losses peaked at
Martha Creek in the winter months during the rainy season, while at Como Creek total carbon

losses peaked in May when snow melt increases discharge. Each component of total carbon
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losses (CO2 emissions, DIC, and DOC) also scaled with discharge for all stream networks on a
monthly scale (Figure S3.9). Each network had interannual variability across the modeled years
(2018-2023) with total carbon losses ranging from 11 — 15 g m? year™' at Walker Branch (2022-
2023), 11 — 30 g m? year! at Martha Creek, 5.7 — 11 g m? year! at Caribou Creek, 2 — 6 g m?
year' at Como Creek, and 0.96 — 33 g m? year! at King’s Creek. Across the modeled years
(2018-2023), each component of total carbon losses scaled with discharge, although annual DOC
export and annual discharge had a weaker relationship for Caribou Creek and Walker Branch

across years (Figure S3.8).
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Figure 3.8 Monthly carbon exports by stream network colored by flux type: stream network CO,
emissions, dissolved inorganic carbon (DIC) export, and dissolved organic carbon (DOC) export).
Discharge is plotted on the secondary y-axis as a dashed line. Caribou Creek and Como Creek were only
modeled from May—September and May—October to avoid periods when the stream was frozen.

The proportion of export and emissions of total carbon losses varied among the five stream
networks (Table 3.6). CO2 emissions represented the highest percent of carbon losses for Martha

Creek (56%), Como Creek (47%), and Caribou Creek (63%), while DIC represented the highest
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percent of carbon losses for Walker Branch (86%) and King’s Creek (73%). DOC represented

the second highest percent of carbon losses for Como Creek (40%) and Caribou Creek (16%).

Table 3.6 Total carbon losses per watershed area and proportion of total carbon losses'

Stream DOC, DIC, CO,, Sum C losses, % DOC to % DIC to % CO; to total C
Network gm?y’! gm?y’! gm?y’! gm?y’! total C loss  total C loss loss
WALK  0.37(*0.1) 10.4(£0.22) 1.3 12.0 3.1% 86% 11%
(0.9-1.7) (11-13) (2.2-4.0%) (84-88%) (7.7-14%)
MART 1.4 (£0.3) 6.0 (£0.6) 9.2 16.5 8.4% 36% 56%
(4.9-15) (11-23) (6.4-10%) (32-40%) (29-88%)
CARP? 1.1 (£ 0.06) 1.5(x0.1) 4.4 6.9 16% 21% 63%
(4.1-4.6) (6.5-7.3) (15-17%) (20-23%) (60-67%)
COMO? 1.6 (x0.08) 0.50 (£ 0.1) 1.8 3.9 40% 13% 47%
(1.4-2.3) (3.34.6) (38-42%) (10-16%) (35-59%)
KING  0.06 (£0.01) 3.7 (£0.02) 1.3 5.1 1.1% 73% 26%
(1.2-1.5) (5.0-5.3) (0.85-1.4%) (72-73%) (24-28%)
1. All flux estimates are provided in g m year! and normalized by watershed area. Uncertainty is provided in
parentheses.

2. Carbon losses are only estimated for non-frozen stream periods — May — September for Caribou Creek and
May — October for Como Creek.

The proportion of export and emissions of total carbon losses varied among the five stream
networks on both a monthly basis. There was not a strong relationship between discharge and
percent emissions to carbon losses or percent DIC and DOC export to carbon losses at most
networks on a monthly scale (Figure S3.9). The proportion of export and emissions of total
carbon losses varied slightly on an interannual basis, but was relatively consistent year to year at
each network. There was a positive linear relationship (R? = 0.5, p = 0.18) between median
stream network slope and fraction of carbon losses as CO2 emissions to the atmosphere, although

the relationship was not significant.
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Discussion

Stream network model uncertainties

The stream network models parameterized a priori with field information available from the sites
did a poor job of predicting pCO2 at the outlet of the networks. When comparing our model
output to measured values, model pCO: at the sensor locations consistently underpredicted
sensor pCO2 at three of five stream networks and showed a poor fit against the time series of
observations. Spatial measurements provide potential insight into what the model might be
missing: during low flow at Martha’s Creek and King’s Creek, measurements of network pCO2
were also underpredicted by the model possibly attributed to some locations within the network
receiving higher groundwater concentrations compared to the surrounding points®%. Here, we
assumed a constant groundwater input throughout each of the networks based on NEON wells
located at one downstream point in the network; in reality, the spatial pattern of hydrologic gains
and losses from groundwater inputs into stream networks will vary within watersheds, resulting
in irregular pulses of CO2 into the stream!”- 131- 132, We also saw evidence of locations with high
CO2 groundwater pulses into King’s Creek, as many of our headwater sample points occurred at
known groundwater springs (Figure S3.10). Additionally, King’s Creek stood out among our
stream networks due to the formation of unconnected pools during low flow, which the model
does not account for. Unconnected pools were particularly prevalent during the August 2022
sampling campaign. High pCOz2 build up has been observed in other intermittent streams as they

contract to disconnected ponds with high rates of respiration and low gas exchange® %°.

During higher flow at Martha Creek and Caribou Creek, the daily models overpredicted

measured pCO:2 throughout the network, although the fit was typically better during high flow.
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Additionally, Saccardi and Winnick (2021)3, using a similar stream network model, reported a
stronger model-data correlation (R? = (.70) at the East River watershed in the Colorado Rocky
Mountains compared to any of these stream networks, during high flow conditions (1.23-3.25 m?
s1). In Conroy et al. (2023)38, this slight model overprediction was attributed to dilution from
overland flow during direct precipitation as well as higher gas evasion that is not properly
captured by the model'*?7. Our assumption that runoff groundwater pCO2 was not influenced by
storm events may be incorrect if dilution of pCO:2 from higher rain water proportions is

occurring'33.

However, at the outlet of the network, the models underpredicted pCO2 even during high flow at
Martha Creek, King’s Creek and Caribou Creek. In addition to the CO: sources into the network,
the rate of transfer of CO2 to the atmosphere will also regulate the distribution of the observed
pCOa. Gas exchange velocity is a function of turbulence within a stream reach and has been
observed to increase with discharge®* as well as slope?->!. However the relationship between
discharge and keoo becomes weaker in lower sloped reaches!??. At each stream network, keoo was
estimated with tracer-gas experiments across a range of discharges for the NEON reach but only
Como Creek, the steepest NEON reach, exhibited a strong keoo-Q relationship!?!- 122, Notably,
Como Creek also exhibited a closer agreement between measured and modeled pCO: at the
sensor, potentially reflecting the tighter keoo-Q relationship. We suggest our keoo estimates at
other stream networks using regression models might be overpredicted, causing lower modeled
pCO:z2 at the network outlet. Walker Branch also had a closer agreement between measured and
modeled pCOo, likely due to a more consistent slope across the entire network being similar to
the low-sloped NEON reach where keoo was measured. While we attempted to incorporate the

NEON-derived keoo-Q relationships at the NEON reaches for sites with a large discrepancy with
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the literature regression models, predicting keoo remains challenging throughout the remainder of
the network due to its high spatial variability, particularly in lower-order, lower-gradient
streams®’. Moreover, the slopes at NEON reaches (i.e. the outlet of each network) were
consistently lower than those elsewhere upstream in the networks, which limits their
representativeness when used to generate parameters for a spatially-explicit network model. Our
approach of using regression relationships to estimate keoo based on discharge®' remains justified
for higher-sloped reaches, where the majority of emissions occur. Consequently, the NEON
sensor locations equipped with CO2 sensors do not fully represent the broader stream networks,

as they predominantly capture conditions typical of lower-gradient areas.

We conclude that our models may be missing additional high-CO2 groundwater inputs
throughout the network and may be over predicting keoo, especially in low sloped areas. We
created additional scenarios to bring modeled concentrations closer to sensor concentrations and
found for the sites where pCO2 was underpredicted by the model (Martha, Caribou, and King’s
Creeks) reducing keoo across the entire network resulted in minimal changes in annual emissions
(5-48% change). In contrast, increasing pCO2 of groundwater inputs resulted in large changes in
annual emissions (72-760%). For Martha Creek and Caribou Creek, we emphasize that the
reduction of keoo across the entire network is likely unrealistic, particularly in steep headwater
streams. Ulseth et al. (2019) demonstrated that in high-slope networks (>0.1 m m™"), keoo can
exceed 100 m day! and even reach over 1000 m day™!'. At Martha Creek and Caribou Creek our
model predicted keoo values of up to 500 m day™! in first-order streams, where slopes ranged from
0.017-0.78 m m™! (median 0.16 m m™') and 7 x 104-0.57 m m'! (0.07 m m!), respectively. While
King’s Creek is a lower sloped network, our modeled keoo fit measured keoo well and King’s

Creek does have some higher sloped reaches in the headwaters (0-0.23 m m!). We show that gas
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exchange has minimal influence on the emission estimates, instead influencing where emissions
will happen within the network. This suggests that groundwater CO: inputs play a much larger
role in supporting total network emissions than gas exchange velocity and, consequently, our
current measurements of shallow groundwater CO2 may be biased low due to the
representativeness of our sampling sites or methodological challenges associated with

minimizing gas loss when sampling from wells.

In this analysis, we used groundwater pCO: ranging from 4,200 to 106,000 ppm for Caribou and
Martha Creeks, values that, while high, have been observed in previous studies. For comparison,
Marx et al. (2018)'3* found that groundwater pCO2 of up to 131,050 ppm was needed to estimate
stream concentrations in their model; this high pCO:2 has been measured in soils before'*. At our
sites, the highest groundwater measurement was at Caribou Creek (62,000 ppm). As we show
with our spatial measurements, it is unlikely that elevated groundwater pCO2 1s uniform across
the entire network as assumed in our model. If we apply our higher measured CO2 concentrations
from the August sampling period across the Martha Creek network on an annual scale, emissions
increase by 24%. In addition, while we measured groundwater pCO2 monthly across a range of
flow conditions, our model assumed a fixed annual cycle of daily groundwater pCO2
concentrations for each year, potentially overlooking event-driven shifts in groundwater
connectivity and riparian soils which can vary across biomes?? 136: 137 Tt is clear that predicting
groundwater DIC inputs into stream networks remains a large source of uncertainty; future work
that addresses spatial variability in groundwater-surface water fluxes is critical to better constrain

how these inputs change in both space and time.
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At King’s Creek, the model required high groundwater pCO2up to 236,600 ppm to match
observations in the streams, which may be unrealistic. We point to other potential mechanisms
for higher measured pCO2, including the presence of disconnected pools where high pCO2 can
build up due to both lower gas exchange velocity and higher groundwater pCOz than used in our
model®* %, In addition, we show how incorporating stream permanence can result in higher
pCO: at the outlet of the network (Figure 3.3) with less total stream area for emissions along the

flow path before the outlet.

We also assessed how changes in in-stream metabolism impact emissions estimates. Our model
assumed a constant NEP across the entire network, though in reality, NEP varies spatially and
temporally in stream networks'!® 1°. When we incorporated daily NEP variability in networks
with metabolism estimates, emissions changed only slightly (3% change, Table S3.4). Spatially,
ER is typically highest in headwaters and GPP will increase with drainage area, although NEP is
variable across headwaters!!® 138, This will differ between stream networks; at Walker Branch
median NEP at the west fork higher up in the network (3.6 g CO2 m? day!) is substantially
higher than at the NEON reach (0.22 g CO2 m? day!). Using the NEP estimates from further up
in the headwaters increased emissions by 28% and increased overall in-stream metabolism
contribution to total emissions from 2.6% to 30%. Conversely, lannucci et al. (2024)"3° found
that at Caribou Creek, NEP was similar across stream orders. Estimates from the NEON reach at
the outlet of the network where metabolism contributions to total emissions are typically
predicted to be higher than the headwaters'®. Ultimately, in-stream metabolism accounted for a
relatively small proportion of total emissions (4.6—30%). Even when using the maximum

estimated NEP at each site, annual emissions increased by only 10-28%. Therefore, compared to
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groundwater inputs, incorporating spatial and temporal variability in NEP is likely to have a

smaller impact on annual CO2 emissions estimates from stream network models.

Impact of Stream Permanence

Accounting for stream permanence had little impact on annual emissions estimates at the four
modeled stream networks (0.17-4.4% difference), with the caveat that the network model did not
have high predictive capabilities based on sensor outlet pCO2 comparisons with modeled pCO:a.
This was an unexpected result, particularly for a stream network like King’s Creek, which our
model indicated was fully wetted only 1% of the year and also had some of the highest pCO2
concentrations among the five NEON stream sites. Stream drying coincides with low flow,
which corresponds to lower gas exchange®® 34, The majority of total modeled emissions occur
when network size is maximized during high flow. In addition, although we observed higher
groundwater concentrations during low flow at most of our stream networks, low flow
corresponds to decreased hydrological connection with terrestrial soils, decreasing total CO2
delivery to the stream®- %, It has been posited that accounting for an increase in areal extent of
drainage networks at higher discharge leads to an increase in emissions because of both an
increase in surface area and increased connectivity to the terrestrial environment'2. Our findings
indicate that changes in surface area have minimal impact on annual emissions estimates when
the maximum extent of the stream network is known in headwater streams. This conclusion may
shift if current predictions of stream extent are underestimating stream area. Topographic maps
often overestimate stream networks in temperate regions while underestimating them in arid

environments’% 77,
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We did find, however, that including stream permanence in our model runs changed areal
emissions estimates, increasing areal emissions from 8-33%. The model uses the same daily
discharge for each run despite the size of the stream network. Discharge throughout the network
is estimated using conservation of mass (Text S3.4) so when the network is smaller, the
discharge, and sometimes gas exchange depending on the slope of the network, is higher at the
headwaters of the stream network, even though they are draining larger watersheds. At the
headwaters of the stream networks, the initial pCO2 is high because it is set equal to the
groundwater concentration. The combination of the high pCOz2 coinciding with higher gas
exchange results in higher total emissions and higher areal emissions when the stream network
shrinks. A smaller stream network has less surface area available for CO2 emissions, leading to
less overall CO2 emissions along the flow path. As a result, CO2 concentrations remain higher in
downstream reaches compared to larger networks where more evasion occurs upstream. These
higher CO2 concentrations are reflected in our modeled pCO: estimates at the sensor outlets,
with modeled pCO: at the sensor increasing by 32% when incorporating stream permanence. We
show that understanding the extent of the stream network is crucial for interpreting pCO2 sensor

measurements, as sensors capture the signal of upstream processes.

Finally, we acknowledge our stream network models are likely missing some emissions that
could occur because of changing stream network extent. The stream network model relies
primarily on sources of COz2 to the stream, namely external groundwater concentrations and in-
stream metabolism, to estimate carbon concentrations. It therefore may overlook critical periods
of high pCOz2 buildup occurring in disconnected stream pools during low flow from high rates of
respiration in sediments®*. At our stream networks, disconnected stream segments during low

flow have been observed at King’s Creek and Walker Branch, and at Como Creek during the
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winter months. When we sampled King’s Creek in August, we observed disconnected flow
through much of the network and consequently measured high pCO: in the network (2,900-
18,400 ppm). This aligns with findings from previous studies of high pCO2 accumulation in
fragmented stream reaches® 6. Elevated COz concentrations in these fragmented pools can be
mobilized during storms with increased turbulence resulting in high emissions that may
contribute to the network's annual carbon emissions but missing from our high-frequency CO2
data recorded at the outlet only when emitted upstream!”. Additionally, in this study we did not
evaluate the carbon emissions that may be emitted from dry streambeds when the network
shrinks. Dry streambeds of temporary streams can act as active COz2 release from stream
networks to the atmosphere, although their emissions are typically lower than those from flowing
waters’® 7°. We recognize that emissions may be underrepresented in this study, especially at

King’s Creek where the stream beds are often dry.

Discharge drives carbon emissions at all stream networks

At all stream networks, we observed a disproportionate amount of emissions occurring during
times of high discharge. Disproportionally high emissions during periods of high discharge have
been observed before; Natchimuthu et al. (2017)?! found the highest discharge occurring in 10%
of the study period was responsible for 43% of COz emissions. Our results were similar with 3-
29% of the highest discharge events accounting for 50% of carbon emissions depending on the
network. These findings suggest that high-discharge events are pivotal in their contribution to
annual emissions, with even short-lived events playing a critical role in overall carbon dynamics

across diverse stream networks.
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We highlight how high discharge events become especially important when incorporating entire
stream networks into emissions estimates. High discharge corresponds to higher rates of gas
exchange velocity, particularly in higher sloped reaches with increased stream power and
turbulence that will be active during high flow events®®>!- 122, These high sloped reaches are
typically near the headwaters and therefore receive direct input of high pCO2 groundwater. When
gas exchange rate is high, these high pCO: locations will evade rapidly resulting in both
temporal and spatial hot spots on evasion within the networks. These high discharge events can
also result in the flushing of CO:z from soils as the channel becomes better connected to CO2-rich
floodplains?”- %% 140, Tn our stream network models, we show that these headwater locations are
usually activated during high discharge events at all stream networks. When examining where
emissions occur within the networks (Figure 3.4), we show how hotspots of emissions emerge at
the headwaters of each network, even when the network shrinks and headwater locations were
not active for the entire model period. Estimates of carbon emissions do not always have a
positive relationship with discharge, which has been attributed to lack of a Q-keoo relationship in
some stream networks?” or a lack of pCOz2 source to the networks®”-*3. With spatially and
temporally explicit stream network models, we show how including first order streams and the
headwaters of the network can reveal locations with both steep slopes, high keoo and high
connectivity to the terrestrial environment that will drive a strong positive relationship between
discharge and emissions. Omitting these locations when estimating emissions and relying solely
on measurements from higher-order stream reaches, such as those where our CO:2 sensors were

located, may underestimate this relationship.
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The hydrologic regime of a network will influence total carbon losses from a network

When comparing results from our five stream networks located in differing biomes, we find that
the hydrologic regime controls the magnitude, form, and timing of carbon losses from streams.
King’s Creek exemplifies the impact of short-lived, extreme discharge events, with the highest
proportion of emissions and carbon export occurring during such events in the spring months.
Even though King’s Creek is dry for a large portion of the year, total carbon losses from the
stream network can surpass other networks with more sustained flows. This is in part due to its
flashy nature where brief but large discharge events drive higher carbon losses that contribute a
substantial amount to the network’s annual total loss. Similarly, Caribou and Como Creeks are
also limited in flow through much of the year when they are ice covered. Snowmelt pulses and
other high flood events in the spring and summer drive a large portion of total carbon losses for
both networks, although we focused on non-winter periods in our analysis of Caribou and Como
Creeks. Both Martha Creek and Walker Branch have more sustained flows throughout the year,
but higher overall base flow and more frequent storm events in the winter months drive greater
carbon losses. These examples highlight how flow variability shapes carbon losses across stream
networks. Capturing high discharge events is crucial for accurately estimating overall carbon
losses on an annual scale. High discharge events driving carbon losses have been observed
across a range of biomes!> 8794141 Finally, we note that we did attempt to estimate POM from
the NEON data'4?, however, the NEON sampling method is not set up to capture larger particles
and debris and thus estimates were much smaller in magnitude than other carbon losses. POM
export has also been observed to be driven by discharge events'*> 144 but we acknowledge it is a

missing piece of our total carbon losses.
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While discharge drives total carbon losses from each network, topography and geology will
determine the form of carbon losses from the networks (Figure 3.8). We found the highest
proportion of carbon emissions of total carbon losses in the highest sloped networks (Martha,
Caribou, and Como Creeks). Mountainous streams with high slopes have higher areal CO2
evasion fluxes from higher gas exchange velocities® 2% 43, When examining where emissions
occur in each stream network, we find that first order streams especially drove emissions in these
three networks. In contrast, emissions were more spatially distributed across the Walker Branch
and King’s Creek stream networks, which exhibited lower gas exchange velocity due to lower
slopes (Figure 3.4). Walker Branch and King’s Creek also had the highest proportion of DIC
export of total carbon losses. This is consistent with the carbonate bedrock in both networks,
which will enhance carbonate weathering, removing pCOz2 from the water column and
increasing bicarbonate!. Our stream network models do not incorporate the removal of pCO2
from carbonate equilibrium, which will impact our estimation of emissions at both stream
networks. The removal of pCO2 from carbonate buffering will likely inhibit evasion'#®, although
Saccardi and Winnick, 202447, using a similar same stream network model that incorporates
carbonate buffering, observed that total watershed CO: fluxes remained slightly elevated due to
disproportionate contributions from high-gas-exchange areas where the buffering model
predicted slightly higher pCO2. DOC export was relatively low across all stream networks but
had the highest relative proportions of total carbon losses at Caribou Creek and Como Creek,
primarily due to elevated DOC concentrations coinciding with high discharge during snowmelt,
a pattern that has been observed for boreal and mountainous streams'# 143:149 When comparing
our five stream networks located across diverse biomes, we conclude that hydrological regimes

predominantly determine the magnitude, form, and timing of stream carbon losses; however,
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accurately capturing these losses also requires considering topography, geology, and terrestrial
productivity, which influence carbon dynamics and whether carbon will be evaded from a

network or transported downstream.

Conclusions

Our findings underscore the pivotal role of discharge in driving lateral carbon transfer, carbon
emissions, and total carbon losses by headwater stream networks across five biomes with
different hydrologic regimes. Our network models demonstrated that high discharge events
contributed disproportionately to annual CO2 emissions at all stream networks. Spatially, our
analysis highlighted that first-order streams consistently produced higher areal emissions
compared to higher-order streams, attributed to steeper slopes and connectivity to the source of

pCOz, terrestrial soils and groundwater.

While incorporating stream permanence did not alter annual emissions estimates with our
modeling approach, it determined the timing and distribution of emissions. Incorporating stream
permanence also revealed how pCOz2 sensors capture the influences of upstream processes,
emphasizing the need to understand the stream network extent to interpret sensor readings. We
also highlight how sensors placed in low-gradient areas compared to the slope of the rest of the
network are not representative when estimating annual emissions. We show that the stream
network models were most sensitive to changes in groundwater concentrations; better
characterization of spatial and temporal variability in groundwater concentrations will be

essential for accurately predicting stream carbon emissions.
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Our findings reveal that differences in biome and landscape characteristics, including
topography, hydrologic regime, and bedrock type, shape both temporal and spatial patterns of
carbon emissions and will determine whether carbon is emitted to the atmosphere or exported
downstream. Our analysis demonstrates that while hydrologic regimes primarily control the
magnitude and timing of carbon losses across stream networks, topography and geology shape
whether carbon is evaded as CO2 or exported as DIC and DOC, highlighting the need to capture
both high discharge events and characterize stream network landscapes. While discharge remains
the primary driver of stream carbon losses, the influence of groundwater concentrations and
intermittent flow conditions create hotspots of emissions that may not be captured by sampling
pCO:2 at a single site or season or even with a single CO2 sensor. Sampling campaigns should
focus on these spatial and temporal hotspots to better capture annual emissions and generate an
improved understanding of carbon emissions and export. When this is not possible, spatially
explicit process-based models offer an opportunity to simulate difficult to measure high
discharge events as well as emissions at the headwaters of networks when terrestrial connectivity

and transport are the highest.
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Supplementary Information

Text S3.1. CO2 Sampling Headspace Equilibrium Method

During our longitudinal sampling campaigns, we measured pCO2 using a headspace equilibrium
method. We equilibrated three gas-tight syringes with 30 mL of stream water with 30 mL of
nitrogen gas in the field*® %°. The syringes were shaken for 3 minutes before injection of the
equilibrated headspace into a pre-evacuated exetainer. Samples were analyzed using a Shimadzu
GC-2014 Gas Chromatograph equipped with a methanizer and a flame ionization detector set to
100°C. Dissolved pCO: in the original water sample was calculated from a mass balance of the
headspace equilibrium system using standards of known concentration, temperature measured in
the field, local pressure, and the volume of water and the headspace*® 4°. The molar quantity of

carbon dioxide in the headspace is calculated as:

n _ [COZ] X Vheadspace
headspace = (08206 X T

where [CO,] is the concentration of COz calculated from standards of known concentration,
Vheadspace 18 the volume of the headspace in the vial, and 7 is the temperature (K). The molar
quantity of carbon dioxide in the sample water is calculated as:

a X [COz] X Viyater

Mwater = ™0708506 x T

where « is the solubility coefficient calculated based on the temperature>®. The molar quantity
of carbon dioxide in the headspace and water are then added together to find the total

concentration.
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Text S3.2. WEPPCloud Model Outputs
Our initial WEPPCloud model outputs are included here. Model outputs were downloaded to a
local a local machine and modified as described in Text S3.1:

e Walker Branch: https://wepp.cloud/weppcloud/runs/misty-inversion/disturbed9002/

e Martha Creek: https://wepp.cloud/weppcloud/runs/barbarian-
destructiveness/disturbed9002/#export

e Como Creek: https://wepp.cloud/weppcloud/runs/goggle-eyed-loosening/disturbed9002/

e King’s Creek: https://wepp.cloud/weppcloud/runs/phlegmy-treason/disturbed9002/

Text S3. Watershed Erosion Prediction Project Model Description

The Watershed Erosion Prediction Project Model (WEPP) runs were run with WEPPCloud, the
online implementation of WEPP. The WEPPCloud model summarizes land cover and soil data
for each hillslope from the National Land Cover Database!>* and the NRCS SSURGO soils
database'!. We selected the NEXRAD breakpoint to build the climate files built from daily
stochastic climate from weather stations nearby the sites'% 152, To further alter other WEPP-
specific parameters, we downloaded the initial WEPPCloud runs to a local machine with the

WEPP-win-bootstrap tool'®,

Once downloaded, we manually calibrated the streamflow outputs from WEPP using four WEPP
parameters most critical for streamflow calibration in previous studies: (1) the baseflow
coefficient, which determines the rate of the linear baseflow recession curve, (2) the deep
seepage coefficient, which controls the amount of subsurface groundwater flow leaving the
watershed, (3) the vertical conductivity of the restrictive layer (Ksat), and (4) the mid-season
crop coefficient, a multiplier relating actual evapotranspiration to the reference ET calculated
with the Penman-Monteith equation!?”- 11213, We determined baseflow coefficient and deep

seepage coefficient had minimal impact on the WEPP model results so we set them to their

100


https://wepp.cloud/weppcloud/runs/misty-inversion/disturbed9002/
https://wepp.cloud/weppcloud/runs/barbarian-destructiveness/disturbed9002/#export
https://wepp.cloud/weppcloud/runs/barbarian-destructiveness/disturbed9002/#export
https://wepp.cloud/weppcloud/runs/goggle-eyed-loosening/disturbed9002/
https://wepp.cloud/weppcloud/runs/phlegmy-treason/disturbed9002/

default values for each run. We estimated the vertical conductivity of the restrictive layer based
literature ranges for each site of the underlying geology, where we selected a value within the
range that provided the best model fit. At King’s Creek, highly variable hydraulic conductivity
has been observed ranging over five orders of magnitude from 3.6x1072 to 3.6x10° mm hr! 134,
At Martha Creek, we used a range for basaltic-andesite volcanic bedrock found in the region
from 1.7x1073 to 250 mm h! 135, At the Niwot Ridge near Como Creek, variable hydraulic
conductivity has been observed from 2.0 to 180 mm h! 156, At Walker Branch, the nearby Melton
Valley hydraulic conductivity has been observed from 1.3x1072 to 31 mm h™' 17, To estimate the
mid-season crop coefficient, we used eddy covariance data from the NEON towers using the R
package bigleaf® 158, Parameters are described in Table S3.1. The resulting model fit is

described in Table S3.2.

Text S4. Scaling Relationships used in Stream Network Model

We calculated the flow at each point (Qi) as a function of the drainage area upstream of the point
(4:), the upstream drainage area of the gage (4g), and the average flow at the gage during the
sampling period (Qg)’% 7. The constant, ¢ is the scaling power dependency and commonly set to

1 in hydrology to assume discharge scales linearly with drainage area® >’
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We estimated the stream cross-sectional area (4, width X depth; m?) at each point using scaling
relationships with width (w) and depth (%)% *8. Velocity was also estimated using these scaling
relationships’:

w = 7.104 Q0447

h = 0.298 Q%222

v = 0.668 Q0365
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Figure S3.1. WEPP Calibration Discharge Results. Measured values are shown in blue from the
NEON stream gages. Modeled values are shown in orange from the WEPP model.
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Figure S3.2. Percent of time each stream reach was flowing from the WEPP model by stream
reach from 2018-2023. For Como Creek, stream flow was only estimated for non-frozen stream

periods (May — October).
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Figure S3.3. Daily groundwater pCOx for each site with uncertainty shown in blue. Groundwater
pCO2 was averaged across wells when multiple wells were sampled and were interpolated using
the spline function in R to get a daily estimate. Estimates were determined from monthly well
sampling. Uncertainty for daily estimates were determined using bootstrap resampling, and
confidence intervals are calculated as the standard deviation of the bootstrap predictions aro und
the interpolated values.
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Figure S3.5. CO2 sensor concentrations versus modeled pCO: at the network outlet for the
modeled-static network runs. pCO2 at Como Creek and Walker Branch had the best model fit,
while pCO2 at Martha Creek, Caribou Creek, and King’s Creek were underestimated.
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Figure S3.6. Longitudinal Sample Fits. Observed pCO2 during the longitudinal sampling versus
predicted pCO2 from the stream network models at Martha Creek, King’s Creek, and Caribou
Creek during each sampling campaign.
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Figure S3.7. Longitudinal Sample Maps. Observed pCO:2 samples from longitudinal sampling
campaigns. Sampling campaigns were conducted at Martha Creek in August and November
2021, King’s Creek for August 2022 and May 2023, and Caribou Creek in July 2021.
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Figure S3.10. King’s Creek spring locations. Locations of known springs at King’s Creek

compared to measured concentrations in May 2022.
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Table S3.1. Calibrated WEPP parameters

Stream Baseflow Deep Vertical Mid-season
Network coefficient seepage conductivity of the crop
(day™) coefficient restrictive layer coefficient
(day™) (Ksat, mm hr!)
WALK 0.04 0 0.001 0.59
MART 0.04 0 0.0017 0.36
COMO 0.04 0 2 0.46
KING 0.04 0 0.01 0.50
Default 0.04 0 0.01 0.95

Table S3.2. WEPP model results

Stream Network NSE PBIAS NSE log Q
WALK 0.25 -22 0.5
MART 0.51 -28.1 0.29
COMO 0.29 0.40 0.37

KING 0.51 -2.6 -24.3
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Table S3.3. Changes in annual emissions estimates when incorporating daily NEP predictions

from streamMetabolizer

Site Annual emissions with ~ Annual emissions with % change
constant median NEP daily NEP predictions
(Mg C year™) (Mg C year!)
Martha Creek 57.57 57.61 0.06%
Caribou Creek 152.3 152.6 0.16%
Como Creek 6.44 6.56 1.8%
King’s Creek 16.4 17.3 5.5%
Median 1%

Annual emissions with constant median NEP is the annual emissions prediction from each stream
network using the median NEP as a constant input into the stream network models. Annual emissions
with daily NEP predictions uses the average daily outputs of NEP from where each day of a year is
assigned a different NEP input into the network model. Estimates from Marzolf et al. (2025) 6.

Table S3.4. Gas exchange velocity model selected for each site

Site Regression model ksoo Mean (m day™') for NEON monitoring
selected reach
Regression model NEON Gas
Exchange
Experiments !?!
Walker Branch Raymond et al. (2012) 6.9 (4.64 —26) 2.2 (0.8 -31)
Equation 4
Martha Creek! Raymond et al. (2012) 16 (0.36 —43) 0.61 (0.22-0.72)
Equation 4
Caribou Creek Raymond et al. (2012)  16.9 (10.6 - 48) 7.7 (6.4—12.0)
Equation 7
Como Creek Raymond et al. (2012) 13.9 (2.4 - 108) 8.19 (0.58 - 180)
Equation 1
King’s Creek Raymond et al. (2012)  4.39 (0.99 - 16.8) 3.37 (0.47 - 19.8)
Equation 4

1. In the model, we used a combination of the Raymond equations and the regression model
obtained from the NEON gas exchange experiments for locations with a similar slope to
the NEON reach because of the large discrepancy in the two models!'?2,
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Table S3.5. Measured-dynamic run versus measured-static run

Site Full Minimum Median total stream network Median stream network areal
Network  Network annual emissions emissions
Size Extent (Mg C year™!) (g C m?day")
Duration (%) Measured Measured % Measured Measured %
(%) dynamic  -static difference dynamic  -static difference
Walker 3.1% 34% 1.3 1.4 8.2% 2.6 2.2 15%
Branch
Martha 9.3% 0 57.0 57.5 2.1% 5.0 4.8 2.7%
Creek
Como 37% 0 6.5 6.4 0.8% 2.9 2.0 24%
Creek”
King’s 1.9% 0 17.3 16.4 5.5% 4.6 43 8%
Creek

*Network extent not including frozen stream time periods.

We show using a different stream permanence measure (a zero-flow threshold) results in similar
small changes in annual emissions and larger changes in areal emissions between the dynamic and

static runs to using the WEPP model.

Table S3.7. Measured-dynamic run versus measured-static run

Run WALK MART CARI COMO KING
Standard run

Annual emissions (Mg C year™!) 1.43 58 152 6.44 16.4
MAE (ppm) 173 280 430 220 9400
keoo optimized run

Annual emissions (Mg C year™) 1.44 55 150 6.46 8.95
keoo multiplier 1.1 0.41 0.65 1.05 0.04
MAE (ppm) 104 140 75 188 3075
% change in emissions 0.7% 5% 1% 0.3% 48%
Cow optimized run

Annual emissions (Mg C year!) 1.3 100 288 6.0 149
Cgw multiplier 0.92 1.7 1.9 0.94 9.1
MAE (ppm) 112 134 78 189 2763
% change in emissions 7% 72% 89% 7% 760%
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Abstract

Carbon dioxide (CO2) emissions from streams are globally significant despite their limited areal
extent and rival those from terrestrial ecosystems. Agricultural land represents 40% of the
world’s landmass; still magnitude and source dynamics of CO2 emissions from agricultural
streams are largely unknown. We used high-frequency measurements of CO2 and dissolved
oxygen in a temperate low-land agricultural catchment to estimate emissions and the contribution
of in-stream metabolism. Although CO:2 concentrations were high (median 3720 patm),
emissions were low (median 4.0 g C m? day™!) due to consistently low gas transfer velocities
(ke0o). In contrast to other systems, in-stream metabolism accounted for up to 46% of the
emissions. Emissions peaked during late summer when keoo was lowest and CO2 had
accumulated, highlighting the importance of CO2 supply over hydrologic drivers. We show
agricultural streams exhibit distinct emission dynamics, underscoring the need to account for

biological drivers in carbon budgets for human-impacted landscapes.
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Introduction

Streams receive large amounts of organic and inorganic carbon from terrestrial landscapes and
subsequently emit a portion of this carbon as carbon dioxide (COz2) to the atmosphere. Despite
their small areal extent, these emissions can be substantial compared to carbon fluxes in
terrestrial ecosystems® ' 13, In small streams, high CO2 emissions are often attributed to external
sources such as groundwater inputs, which originate from soil organic matter decomposition or
root respiration!”- 13- 15%_Internal production of CO2 from in-stream metabolism, including gross
primary production (GPP) and ecosystem respiration (ER), also contribute CO2, with its
influence generally increasing downstream and varying between ecosystem types!® 30160 GPP
removes CO: from the stream, while ER adds it; when ER exceeds GPP, the streams act as a net
COz source. Metabolism is commonly estimated from diel changes in dissolved oxygen (DO)

using inverse modeling of high-frequency sensor DO data®>.

Streams and ditches (hereafter referred to as streams) draining agriculture-influenced ecosystems
may have higher rates of GPP and ER than other ecosystem types'®!- 162, Agricultural streams
often drain open landscapes with low shading by trees resulting in higher light availability and
thereby increased potential for GPP'¢!. High nutrient inputs, due to excess fertilizer application,
can stimulate high rates of both GPP and ER'%2, Elevated inputs of labile organic matter in
agricultural streams can also support higher rates of ER!!-16_ High rates of ER have been linked
to higher CO2 concentrations, with agricultural streams exhibiting concentrations up to five times

greater than forested stream networks 6% 164,

165

Despite agricultural land now representing 40% of the earth’s surface'®”, streams draining these

areas are underrepresented in carbon emissions studies, creating uncertainty in carbon budget
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assessments !0 164166 While agricultural streams typically have higher CO2 concentrations than
other ecosystems, there remains uncertainty whether these high CO: levels are also reflected in
high emissions. CO2 emissions are a function of both the supply of dissolved CO: and the
physical conditions at the air-water interface, typically described by the gas transfer velocity
(ke00)°* 167, Because agricultural streams are often located in flat landscapes with channel
networks characterized by low turbulence and slow flowing water (i.e. low keoo), gas exchange
may be lower than from streams draining other ecosystem types, potentially leading to lower
overall emissions. The interplay between high potential supply of CO2 and low keoo and how this

affects emission rates compared to other ecosystems is largely unknown.

Seasonal and temporal patterns of CO2 emissions in agricultural catchments is another identified
knowledge gap. Discharge often drives increased CO2 emissions, especially during storm events
through increased gas exchange and groundwater inflow?!- 22, Stream discharge and gas exchange
rates are generally positively correlated; although, this relationship can vary within a stream and
between ecosystems’’, with lower-sloped streams often showing a weaker correlation®® 122, In-
stream metabolism is also temporally variable, typically controlled by light, flow, and
temperature, with respiration influenced by the timing and supply of organic matter?*. High flow
can increase ER through organic matter inputs®*> %8 while also suppressing GPP by reducing
light and scouring autotrophs and reducing turnover time'®. Nutrient supply may also regulate
the magnitude of both ER and GPP, although a direct relationship between nutrient supply and
algal biomass across different rivers has not been quantified!% 17% 17!, Despite potential for high

rates of metabolism in agricultural streams, it is currently unclear how hydrologic variation

influences its contribution to CO2 emissions.
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For this study, we combine continuous measurements of DO and COz sensor data to quantify in-
stream metabolism and its role in CO2 emissions from a low-land stream largely influenced by
arable land. To our knowledge, this is the first study to pair high-frequency sensor-based rates of
metabolism with independent estimates of CO2 emissions in a highly arable watershed. We aim
to (1) identify drivers of stream CO2 emissions at a site highly influenced by arable land, (2)
determine the contribution of in-stream metabolism on CO2 dynamics and emissions, and (3)
examine how in-stream metabolic processes change throughout a growing season under variable

discharge and water quality conditions.

Methods

Study Site

The study was conducted at the Hagaan catchment located west of Uppsala, southern Sweden
(Figure 4.1). The 122 km? catchment ranges in elevation from 3 to 77 masl with a mean slope of
0.016 (m m™"), compared to 0.018 (m m") for the study reach. Land cover consists of 59% forest,
21% arable land (mainly cereal production and pasture), 8% other open land, 7% wetland, 5%
urban area, and 0.5% lakes and streams. While arable land covers only 21%, the downstream ca
2/3 of the main stream channel flows through a flat, open, landscape dominated by arable land,
strongly influencing the biochemical conditions of the stream (Figure 4.1). Catchment area and
characteristics were calculated based on a modified 10 m DEM resampled to 2x2m'7? and
augmented with national hydrography. Land-cover distribution was based on a national land-

cover data base'’3.

118



A

@ Station: Hagaan, Lurbo
200 m upstream bridge

[T Forest
Arable land

=5 wetland

I Lakes and rivers

B Urban land

L_I Other open land

4 Kilometers

Figure 4.1 Site map of the Hagaan stream catchment. The catchment is composed of 21% arable land;
most of the stream network drains directly through areas of arable land.

The long-term mean annual temperature is 6.5°C with 586 mm of precipitation, with
precipitation occurring as both rain and snow (1991-2020, station: 97530, SMHI). The growing
season length lasts an average of 195 days (mid-April to end of October), with peak streamflow

during spring snowmelt.

Sampling Hdagadn

Continuous oxygen concentration, specific conductivity and turbidity was measured all-year at
the site during 2020-2023 using a multi sensor Aqua TROLL 600 at 15 second intervals (In-Situ,

USA) fitted into a perforated plastic tube. The sensors were all fixed at ca 50 cm below the
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average water surface. Regular maintenance and quality control of sensor data was performed
according to Lannergard et al. (2019)'74. During 2020, continuous CO:2 concentrations were
measured using a eosGP sensor (Eosense, Canada) from February to October storing average
values at 30 minute intervals. A description of the sensor calibration is provided in Text S4.1.
Power loss resulted in missing CO2 concentration data from September 3™, 2020 to October 2",

2020.

Discharge was measured using an established stage height-discharge relationship based on
manual velocity-cross section area measurements covering most of the observed discharge range.
Stage height was continuously recorded at 30 min interval using a Tru-Track capacitance sensor
(Tru-Track, New Zealand). Missing discharge data (2020-08-12 to 2020-08-24) was gap-filled
using specific discharge from the nearby SMHI station Sévéin (~10 km SW). As a proxy for
photosynthetically active radiation (PAR), we used shortwave incoming radiation obtained from
a nearby meteorological station (~5 km)!7>. Manual water samples were collected bimonthly
since 2016 as part of Sweden’s national monitoring program and analyzed using accredited

methods at Swedish University of Agricultural Sciences, Uppsala'®.

Hégaén had slightly lower nutrient concentrations and slightly higher organic carbon than other
Swedish streams (Table S4.1), but overall values were similar, supporting its representativeness

as a typical Swedish agricultural stream.

Data Analyses

We estimated net ecosystem production (NEP) using streamMetabolizer in R, a state-space

Bayesian stream metabolism model that gives the best fit of GPP, ER, and air-water gas
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exchange of oxygen to match modeled and measured DOS!. Stream metabolism was run using
the Bayesian implementation in streamMetabolizer by accounting for both observation and
processing errors with 6,000 saved steps (Text S4.4.). During some time periods, a diel signal
was observed in the discharge data. streamMetabolizer assumes constant hydrodynamic
conditions, specifically, a uniform discharge and reaeration rate over the diel cycle, which
neglects the potential influence of diel flow fluctuations on DO dynamics®'. We thus attempted
to remove days that exhibited a strong diel signal in discharge before running
streamMetabolizer described in Text S4.2). After quality-checking model estimates (Text S4.2),
we were left with 773 days of metabolism estimates for the period 2020 — 2023. NEP was
calculated as the difference of the modeled GPP and ER (g O2 m day'), where ER is reported
as a negative flux to reflect oxygen consumed through respiration. To estimate the proportion of
emissions that contributed to in-stream metabolism, we assumed a respiratory quotient of

1 mol C to 1 mol O to convert oxygen-based estimates to carbon equivalents, although we

acknowledge that this quotient likely varies!”’.

Stream CO:z emissions were estimated daily based on the continuous CO2 concentration data and
estimates of the gas-transfer velocity, k¢o,, (m day™). k¢, was derived using equation number
4 from Raymond et al. (2012)°!. We selected the regression model that resulted in ksoo values
most similar to those predicted from streamMetabolizer estimates (Figure S4.5). Further method

descriptions for the CO2 emissions determination can be found in Text S4.3.

To examine the effect of discharge on metabolism and water chemistry, we used segmented
process-discharge (P-Q) for ER and GPP and concentration-discharge (C-Q) relationships for

water chemistry. P-Q relationships help clarify how discharge influences in-stream metabolism,
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especially when processes differ between low and high flows®?. Comparing P-Q relationships to
concentration-discharge (C-Q) relationships can reveal how water chemistry variables including
turbidity, conductivity, and nutrients, affect metabolism at various discharges. We used Davies
tests from the segmented package in R 178 to detect slope changes across 10 quantiles in log-
transformed data. Slope differences were assessed using a two-tailed z-test!”’, and chemostasis

(the slope of the P-Q or C-Q relationship is zero) using ANOVAS®? 130,

Results

Continuous stream data

Median daily discharge ranged from 0.004 to 14.5 m3 s”! with a median of 0.44 m? s*! during the
period 2020-2023. Hagaéan flow peaks during snow melt and comes to an annual low during the
summer (Figure 4.2). 2020 was a drier year (median 0.35 m? s°!) than the 2020-2023 annual
median discharge. From 2020 to 2023, DO ranged from 0.20 to 16.1 mg L-! with a median of
10.8 mg L. DO peaked each year at the end of the spring (typically April-May) and were at
their lowest in July of each year. Oxygen was typically undersaturated (83%) with saturation
levels ranging from 2.0 — 168% saturation. In 2020, the stream CO:2 concentrations ranged from
1330-22,300 patm (median 3520 patm). The CO2 concentrations peaked in August, before a
power outage in September. We examined departures from equilibrium of Oz and CO2
concentrations and found the stream concentrations were consistently offset above the 1:1

departure line (Figure S4.6).
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Figure 4.2 Mean daily data of measured water temperature, oxygen, turbidity, CO, concentration, and
discharge at Hagaan, together with modeled metabolism (ER and GPP) and CO, emissions. The black
line shows 2020 data when CO, measurements were included. The red dashed line shows the mean daily
average from 2020-2023.

Stream metabolism

Rates of ER were consistently higher than GPP (Figure S4.7). ER, reported as the flux of Oz
consumption, ranged from -19.1 to -0.12 g O2m™ day™! (median -4.9 g O2 m day™'). GPP ranged
from 0.013 to 3.0 g O2m day”' (median 0.12 g O2m™ day™!). NEP was therefore almost always
negative (contributing COz2 to the stream) ranging from -19 to 0.26 g m? day™! (median -4.7 g O2

m2 day™!). The ksoo estimated from streamMetabolizer ranged from 0.05 to 15.4 m day™! (median

123



2.20 m day™"). ksoo did not have a strong relationship with discharge from the metabolism output
(R?=0.15, Figure S4.8). These values compared to the ksoo estimated using regression equation

with a range of 1.25 t0 9.37 m day™! (median 1.54 m day™').

CO: emissions estimates

Median daily CO2 emissions estimates ranged from 1.7 to 22 g C m™ day! (median 4.0 g C m™
day!). CO2 emissions estimates were highest when CO2 concentrations were highest — in the
summer into the fall (median of 9010 patm in the summer). CO2 emissions in the summer
months had median 8.1 g C m? day™! compared to 2.4 g C m* day! in the spring months. The
koo was slightly higher in the spring months (median 2.3 m day™') compared to the summer

months (median 2.0 m day™!).

Comparing rates of metabolism to CO2 emissions, we determined that in 2020 metabolism
contributed 46% (1%-118%) to total CO2 emissions (Figure 4.3). Because CO2 data were only
collected in 2020, we could not estimate metabolic contributions to emissions across the full
2020-2023 period. However, metabolism rates were similar between 2020 and 2021-2023
(median -5.0 g O2 m? day™! vs. median -4.6 g O2 m?2 day!"). Contribution of metabolism to total

emissions peaked during spring and fall, when CO2 concentrations and emissions were low.
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Figure 4.3 The metabolism contribution to total stream CO, emissions in 2020. The percent metabolism
contribution is shown in blue. The total emissions colored by contributions (metabolism and other) are
shown in grey and orange. The median contribution for available days of data in 2020 was 46%.

C-Q and P-Q Analysis

We found significant discharge-related breakpoints for ER and GPP near the median discharge
(0.19 and 0.25 m s!, Table S2). Both ER and GPP decreased below the breakpoint and increased
above the breakpoint (Figure 4.4), although GPP had smaller slopes (slope =-0.21 and 0.15). ER
displayed steeper slopes below and above the breakpoints (slope = -0.56 and 0.48). Temperature
decreased above its breakpoint, reflecting seasonal flow variations with low flow predominately
occurring in the summer and high flow periods predominately occurring during snow melt and
winter storms. Turbidity was chemostatic below the breakpoint (slope = 0.13) and increased

above the breakpoint (slope = 0.39), with a similar breakpoint to ER and GPP (0.24 m s™!). CO2
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had a higher breakpoint (0.54 m s'!) decreasing below the breakpoint and increasing above the

breakpoint (slope =-0.8, 0.37).

For some variables with non-continuous data collection, we observed discharge to have a
significant effect above and below breakpoint values. We used the entire dataset for this analysis
(2016-2023) because data were only measured biweekly. Nitrate-nitrogen (NO3-N) had a
positive relationship with discharge both above and below the breakpoint (0.06 m s!); the slope
was higher below the breakpoint (slope = 2.4, 0.30). Total organic carbon (TOC) was positive
below the breakpoint (0.83 m s!, slope = 0.25) and chemostatic above the breakpoint (slope =
0.017). We also observed significant breakpoints for pH, Oz, and specific conductivity (Figure
S4.9) but found no significant breakpoints for PO4-P, NH4-N, Total P, Total N, and alkalinity

(Table S4.2).
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Discussion

In-stream metabolism contribution to CO:2 emissions at an agricultural site

We found Hagaan, a site highly influenced by arable land, was consistently heterotrophic
indicating in-stream respiration was a sustained source of COz to the stream network. Net
heterotrophy is common in agricultural streams'3!-183 Notably, the contribution of in-stream
metabolism to emissions (median: 46%) was higher than expected for a stream of this size

(23%'9).

Although we had only 84 days with concurrent metabolism and emissions data, we found the
highest metabolism contributions during days with low CO2 concentrations, primarily during
spring and late summer. On some days metabolism contributions appeared to exceed 100% of
total emissions (Figure 4.3). This suggests CO2 accumulation and downstream export, which has

been observed in low- turbulence, organic-rich streams3® 184

. We confirmed minimal impact of
low-O2 groundwater inputs on ER estimates'®> (Supplementary Text 4.3). During summer, CO2
concentrations peaked while metabolism’s contribution declined, suggesting dominant external
sources. A persistent offset between Oz and CO2 departures from equilibrium (Figure S4.6)
supports a COz source uncoupled from in-stream metabolism, such as via ground- or soil water
inputs'®, Higher temperature enhances soil and subsurface respiration in the summer, potentially

leading to higher terrestrial CO2 inputs'3”- 188,

Overall, Hagaan CO:z concentrations were high (median 3500 patm), aligning with findings in
other agricultural catchments'® 164166 High CO> concentrations in agricultural streams have

been partially attributed to high rates of respiration due to high inputs of labile organic matter
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and non-limiting nutrient concentrations !> %3, While our measurements of TOC during the CO2
monitoring year were limited, concentrations were generally high (median 16.7 mg L") and
increased with discharge. Metabolism has a disproportionate impact on CO2 emissions at this
agricultural watershed, and understanding the drivers of metabolism can offer key insights into

carbon emissions in agricultural streams.

Metabolism driven by seasonality and discharge at agricultural sites

Both ER and GPP showed significant responses to discharge. ER decreased below and increased
above the ER-Q breakpoint, and storms have been shown to increase ER in agricultural
catchments'®. Our results indicate that while flow initially suppresses ER, it stimulates it at
higher discharge due to increased delivery of organic matter and nutrients. Turbidity was
chemostatic below the breakpoint and increased above the breakpoint, a pattern observed in other
stream networks due to erosion and transport limitation®? '°°, Increased turbidity is associated
with increases in organic matter, microbial loads, and nutrients'?!-1%3, We found turbidity to have
a similar breakpoint to ER, indicating at a certain discharge threshold, these inputs could support

increased ER in the system.

While the breakpoint for organic matter and nutrients (NO3-N and TOC) did not match the
breakpoint for ER, an overall increase in organic matter and nutrients suggest higher ER at
higher flow rates. Seasonality also influenced ER, with higher temperature likely stimulating ER
to its highest rates during low summer flow. At other agricultural catchments sites, the coupling
between solute supply and in-stream processing was most pronounced during low to intermediate

flows especially during periods with high temperatures!83- 194195 CQOz concentrations did
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decrease with increasing discharge, which may be attributed to dilution and slightly increased

keoo during higher flow?” 8,

Our results for GPP may also be attributed to seasonality — while we would expect GPP to
decrease with increases in turbidity due to decreases in light®? 1919 we found a slight increase
in GPP after the breakpoint. Through visual observation, GPP was generally low in the spring
and fall and peaked in the summer months when flow was low and temperature and light were
highest. In some years, GPP increased slightly in the spring when flow was high which could be
due to the growing season's favorable conditions for higher GPP even during periods of elevated
flow due to increased nitrate uptake and increased daylight'®°. Overall, our estimated rates of
GPP (median 0.12 g m day™!) were lower than found in other agricultural streams; for example,
Frankforter et al. (2010)'7 reported a median of 0.6-1.7 g m day! across 33 agricultural
streams. In general, agricultural sites typically have higher GPP than forested streams due to
elevated nutrient concentrations and increased light availability!'**. Hagadn is slightly lower in
nutrient concentrations compared to other Swedish agricultural catchments potentially due to
mixed land use (e.g. 1.9 mg L' vs. 6.3 mg L' Total-N and 0.06 mg L' vs. 0.19 mg L' PO4-P'8,
Table S4.1), and compared to other agricultural streams globally. For instance, streams in the
United States had a median Total-N concentration of 4 mg L' and Total-P concentration of 0.25
mg L' compared to 1.9 mg L' and 0.06 mg L' at Higaan, respectively'®. Although our stream
metabolism estimates passed applied quality checks and displayed low equifinality when
comparing ER and GPP and keoo and ER (R? = 0.07 and 0.29), we acknowledge potential
uncertainties in our metabolism estimates. While we also removed days with strong diel
discharge signals, subtle or low-amplitude fluctuations may still have influenced depth and keoo

estimates, potentially contributing to underestimation of GPP.
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Implication for CO: emissions estimates from agricultural streams

CO:z emissions from Hagadn were low (median 4.0 g C m day™') below global (7.1 g C m?
day') and north temperate streams (5.6 g C m2 day™')!%. In contrast, CO2 concentrations in
Hégaén were high (median 3,500 patm) exceeding both global (2,150 patm) and north temperate
stream averages (1,540 patm)'2. This discrepancy is explained by a lower keoo in Higaén
(median 1.5 m day™!) versus global estimates (9.4 m day!) and estimates in north temperate
streams (9.1 m day™")!'?. Our derived keoo values for Higaén were slightly lower than those
modelled for agricultural streams in Sweden (3.5-5.1 m day™'), and much lower than for forested

streams (9.3 to 10.3 m day™!) and alpine regions (19.6-44.5 m day")>%,

Surprisingly, emissions at Hagain peaked in late summer when CO:2 concentrations were highest,
rather than in spring when keoo and discharge were at their peak. This pattern contrasts with
findings from Blackburn and Stanley (2021)'%°, who reported an increase in CO2 emissions with
floods in ten agricultural reaches, although they did not report the slopes of the study streams.
Typically, CO2 emissions correlate strongly with discharge-driven increases in keoo!>2!, though
the relationship weakens in low-gradient reaches®* 1?2, Indeed, keoo values estimated from
metabolism at Hagadn were weakly related to discharge (R? = 0.15). This weak coupling likely
reflects the flat topography and slow, more laminar-like flow typical of many agricultural
systems, where low gas exchange persists even during high-flow events. This decoupling of
discharge and gas exchange allows COz2 to accumulate in the water column over time,
particularly during summer when elevated respiration in both stream and surrounding soils

coincides with minimal flushing'®®. Thus, rather than being driven by episodic flood events,
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seasonal emissions in Hagaan are shaped by sustained CO2 buildup during low-flow periods with

low keoo.

Although our observations are limited to one site, previous studies have shown that agricultural
streams often behave differently from other ecosystems, with higher CO2 concentrations, lower
gas exchange, and potentially elevated primary production!4%- 164166 Tt has been suggested that
these streams could be important CO2 sources in regions with increasing precipitation and

flooding!4?

, yet our results emphasize the importance of topography. In flatter catchments like
Hégadn, emissions appear more strongly influenced by the supply of CO2 under low-flow
conditions than by transient flood events. At our site, CO2 concentrations generally declined with
increasing flow, except during the highest flow events, where concentrations increased. At other
sites, the CO2—discharge relationship has been observed to vary seasonally, with a positive
correlation often occurring after periods of low flow when CO2 accumulates in the stream or
adjacent soils'®. However, the pulse was typically short-lived, as the accumulated COz is
quickly flushed. We did not observe this pulse of CO2 during periods of low flow with discharge,

highlighting that the relationship between discharge and COz is event-dependent and site-

specific.

We propose a conceptual framework for CO2 emissions from Hégadn (Figure 4.5). During higher

168 " Groundwater CO2

flows, ER increases fueled by nutrient and organic matter loading
contributions may rise or dilute depending on event characteristics'3® 1%, However, in low-slope
systems, gas exchange remains subdued even at peak flow!?2, potentially limiting emissions

despite high CO: supply®®. As a result, NEP can be a large percentage of total carbon emissions

during high flow. Conversely, during low-flow periods, the combination of reduced gas
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exchange, high metabolic activity, and potential sustained CO2 inputs from soils and

groundwater allows COz to accumulate in the stream. This leads to modest but persistent

emissions that are higher than during peak flow. These patterns likely vary with land use,

ecosystem traits, and climate!82 194201 reinforcing the need for site-specific, high-resolution data

to constrain agricultural stream carbon budgets.
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Figure 4.5 Conceptual framework for carbon cycling and CO; emissions low-gradient agricultural
streams. During high flow, ER will increase with increased inputs of organic matter and nutrients while
GPP will decrease with increased turbidity and less light. The gas transfer velocity (keoo) will only
increase slightly in low sloped networks ultimately limiting CO, emissions. During low flow typically
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occurring in the summer, the CO; source into the network can remain high with high ER driven by non-
limiting nutrients and high temperatures. While the groundwater and soil inputs of CO, remain
unresolved, increased respiration in both soil and the stream during the summer months could support
high observed CO, concentrations (and therefore decrease the metabolism contribution to total
emissions), which in turn cause slightly higher CO, emissions in the summer.
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Conclusions

Our findings highlight the unique carbon dynamics in agricultural streams, where in-stream
metabolism can play a disproportionate role in driving CO2 emissions. At the Higaan stream,
metabolism contributed close to half of total CO2 emissions, a higher proportion that typically
observed in similar sized streams. Despite elevated in-stream CO:2 concentrations, overall CO2
emissions from Hagaan were relatively low compared to other ecosystems due to consistently
low keoo. Seasonal patterns further revealed that CO2 emissions peaked not during high-flow
spring periods, but in late summer when respiration was high and gas exchange remained low.
Collectively, these results suggest that agricultural streams exhibit distinct CO2 emissions
patterns compared to streams draining other ecosystems, with emissions more tightly linked to
biological activity than hydrologic variability. Recognizing that agricultural streams behave
differently than other systems is crucial for refining carbon budgets and modeling efforts across

human-impacted landscapes.
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Supplementary Information

Text S4.1. Sensor measurements

The sensor was calibrated against known gas standards (400, 1000, 5000, and 20,000 patm)
before and after deployment, with no significant drift observed during the study period. The
sensor was connected to a CR1000X data logger (Campbell Sci, UK) measuring a 1 minute
interval and storing average values at 30 minute intervals. The sensor outputs were corrected for
variations in temperature and pressure (atmospheric and water depth) using the methods
described in Johnson et al. (2010)?°2. To validate sensor pCO2 measurements, grab samples of
pCO2 were collected near the stream sensor over a 24-hour period. Manual and sensor based
measurements were on average within 10%, and the same diel pattern was observed in both
manual and sensor pCOz2 sensor data (Figure S4.1). We removed the 1st and 99th percentile
thresholds for turbidity and specific conductivity, as well as outliers based on visual inspection.
We removed outliers associated with sensor cleaning and power outages for continuous pCO2

and O2 data based on visual inspection (Figure S4.2).

Discharge was measured using an established stage height-discharge relationship based on
manual velocity-cross section area measurements covering most of the observed discharge range.
Stage height was continuously recorded at 30 min interval using a Tru-Track capacitance sensor
(Tru-Track, New Zeeland). In the absence of data on photosynthetically active radiation (PAR),
shortwave incoming radiation served as a proxy for available photosynthetic light. Shortwave
radiation data were obtained from a nearby meteorological station ca 5 km from the stream
sampling point. Manual water sampling as the site for a wide range of chemical variables has be

conducted bimonthly since 2016 as part of a national monitoring program of surface waters
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(Table S4.1). Water chemistry was analyzed using accredited methods at Swedish University of

Agricultural Sciences, Uppsala.
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Text S4.2. Stream metabolizer model description and quality checks

We estimated NEP based on the oxygen data using streamMetabolizer in R, a state-space
Bayesian stream metabolism model that gives the best fit of GPP, ER, and air-water gas
exchange of oxygen to match modeled and measured dissolved oxygen®!. We estimated PAR
using shortwave incoming radiation data with a ratio of PAR to shortwave radiation of 0.44 203,
Average stream channel depth was calculated using a linear relationship from manual
measurements of depth and stage height. We grouped discharge into six bins to associate with
binned air-water gas exchange rate (Keoo; d!) estimates in the modeling framework to decrease
the likelihood of equifinality of metabolism parameter estimates and constrain the air-water gas
exchange as a function of discharge®. Before running streamMetabolizer we removed days that
exhibited strong diel signals. First we removed event days as described in Lannergard et al.
(2021)?%* to not mistake events for a diel signal. Next, we created a detrended time series where
we determined the median streamflow and subtracted the time series from the original time series
to create a time series with daily fluctuations isolated??®. Strong diel days were then defined as
those with more with a standard deviation more than 25% above the median daily variability

(Figure S4.3).

We considered the impact of groundwater inputs of stream Oz concentrations to ensure model

assumptions were valid. We considered a uniform reach area of 400 m based on observations in
the field indicating the reach was relatively uniform for 800 m above the outlet. We estimated a
reach area of 1940 m? (based on a 4.8 m average width) and groundwater inputs of 0.01 m? s°!

(based on a median discharge of 0.36 m? s”! and a 0.3% increase in drainage area along the

reach). The ratio between the groundwater input and reach area was therefore 0.48 m day-!, and
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we concluded the groundwater inputs would had minimal impact (< 10%) on our estimation of
respiration®® 185,

To assess model convergence, we inspected the Gelman-Rubin convergence statistic (Rhat) and
removed days when Rhat > 1.1 626>, We also removed days with biologically impossible
parameter estimates of negative GPP or positive ER. To check for equifinality (multiple
parameter combinations producing the same result), we plotted Keoo versus ER and Keoo versus
GPP (Figure S4.3). We determined the relationship was weak between both variables for
metabolism estimates (R = 0.29, R? = 0.07). After removing days that did not pass our model

quality checks, we were left with 773 days of metabolism estimates from 2020 — 2023.
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Text S4.3. CO2 emissions estimates
We used the continuous CO: data to estimate CO2 emissions (F¢o,, g m2 day™!) at the site where
emissions are calculated by:

Fc02= hx (Cs — Capm) * Kcoz
Where Cs is the CO2 concentration in the water measured by the sensor (g m), Cypp, is the CO2
concentration that would have existed if in equilibrium with the atmosphere (assuming an

atmospheric COz of 410 ppm) (g m™), h is the average depth of the stream (m), and Kco, 1s the
gas-transfer coefficient (day™'). Ko, was converted to k¢, , the gas-transfer velocity (m day™')
by multiplying times h. ko, was calculated from ksoo (m day™!) using a temperature-corrected
Schmidt number for CO: (sc;) and a scaling factor of 0.5 3'-67:

k k600
€02= (600/sc,) 05

The Schmidt number for CO2 was calculated from the stream temperature (7; K) as follows!?*:
sc; = 1923.6 — 125.06T + 4.3772T% — 0.0857T3 + 0.00070284T*
We compared emissions estimates using the kso0 predicted from streamMetabolizer to estimates
predicting keoo from seven different physical model regression equations from the literature
(Figure S4.4)°'. We selected the regression model that resulted in kso0 values most similar in
magnitude to those predicted from streamMetabolizer estimates’':
kgoo = 970 X 1y0:9050-80

where v is the velocity (m/day) of the stream and s is the slope of the stream, calculated from a

DEM of the site.
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Table S4.1. Hdgadn water chemistry from 2016-2023

Median Mean Min Max Median for other
stream sites'

pH 7.55 7.55 7.14 8.04 NA

Water Temp (deg C) 7.50 8.20 0.00 20.7 NA
Conductivity (mS 46.1 46.6 18.6 72.3 NA

m)

Turbidity (FNU) 15.0 21.0 3.40 120 NA

02 (mg/L) 10.6 9.95 4.01 19.0 NA

O2 saturation (%) 83.5 82.1 150 42 NA
NH4—N (mgL™!) 0.034 0.069 0.004 0.58 0.09
NO3-N (mgL™) 1.10 1.10 0.002 3.35 4.95

Total N 1.85 1.82 0.37 4.2 6.3

POs—P (mgL') 0.026 0.035 0.006 0.20 0.05

Total P 0.06 0.069 0.029 0.34 0.19

TOC (mg L") 16.7 15.8 5.90 29.8 13.0

1. We compared Hagaédn stream data compared to 18 agricultural catchments in Sweden

from 2022 — 2023 for nutrients and TOC!°8,

Table S4.2. Breakpoints for concentrations and process based discharge plots

Variable Unit p value Estimated Slope Slope Slope
from breakpoint  below above difference
Davies (Ls™) breakpoint breakpoint (p value)
Ecosystem g Oam?2day! <0.001 189 -0.56 0.48 <0.001
respiration
Gross primary g Orm?day! <0.001 252 -0.21 0.15 <0.001
production
Turbidity FNU 0.04 240 0.13 0.39 0.006
Specific uS/cm <0.001 163 -0.011 0.32 0.27
Conductivity
Temperature deg C 0.011 123 -0.10 -0.80 0.003
Dissolved oxygen mg L'! <0.001 58.3 0.93 0.14 <0.001
pCO2 mg L! <0.001 536 -0.80 0.37 <0.001
pH <0.001 829 0.047 -0.11 <0.001
NOs -N pg Lt <0.001 60 24 0.30 <0.001
TOC mg L! <0.001 827 0.25 0.017 <0.001
PO4-P pug Lt 0.76 1360 0.15 0.34 0.232
NHa-N ug L1 0.16 624 0.29 -0.1 0.037
Total.N ug Lt <0.001 158 0.48 0.20 <0.001
Total.P ug Lt 0.23 470 0.11 0.23 0.047
Alkalinity meq L! 0.45 83 0.05 -0.11 <0.001

Significant p values are p < 0.05. Slope difference is based on a two-sized Z-test®?.
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Figure S4.1. Manual pCO2 measurements compared to continuous sensor measurements. The
samples were collected using a headspace equilibrium method by equilibrating gas-tight syringes
with ambient air in the field?°% 207, Samples were analyzed within 24 hours with an Ultraportable
Greenhouse Gas Analyzer (Los Gatos, USA). Manual and sensor based measurements were on
average within 10% of each other, and we observed the same diel pattern with both the manual
and sensor pCO2 measurements.
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Figure S4.2. Data before and after quality checks. We removed the 1st and 99th percentile
thresholds for turbidity and specific conductivity, as well as outliers based on visual inspection.
We removed outliers associated with sensor cleaning and power outages for continuous pCO2
and Oz data based on visual inspection.
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Figure S4.3. Diel discharge data identified and removed to run streamMetabolizer. Diel
discharge days were identified as described in Text S4.2.
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Figure S4.4. Metabolism checks for equifinality. We checked that ER and GPP and ER and keoo
did not have a strong relationship to check for equifinality, multiple parameter combinations
producing the same result. We found R? was small for both relationships.
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Figure S4.5. Comparison of streamMetabolizer keoo and Raymond equations. We selected
equation Raymond 4 because of a similar mean to the streamMetabolizer estimated keoo.
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Figure S4.6. Departure from atmospheric equilibrium of CO2 and Oz. Each point represents a 30
minute observation in 2020. The points are above the 1:1 line, suggesting that a portion of the
CO2 originated from inputs not coupled to in-stream oxygen dynamics, such as groundwater or
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Figure S4.7. ER versus GPP. Rates of ER were consistently higher than GPP, indicating in-
stream respiration was a sustained source of net source of CO2 to the stream network.
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Figure S4.8. Discharge (plotted as natural log Q for clarity) versus keoo as predicted by
streamMetabolizer. There is not a strong relationship between discharge and keoo at the site (R? =
0.15)
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Figure S4.9. C-Q and P-Q plots for remaining variables. Breakpoints were determined using
Davies tests. Points are colored by temperature. We show variables with significant breakpoints
with breakpoints and slopes labeled here (O2, pH, and specific conductivity). Variables without
significant breakpoints were PO4-P, NHs-N, Total P, Total N, and alkalinity.

150



Chapter 5 Conclusions

To better quantify the global carbon cycle, it is imperative that we resolve current uncertainties.
In this dissertation, I focused on the carbon emissions and export from headwater streams; an
unresolved flux in the carbon cycle that could alter the calculation of terrestrial net ecosystem
exchange (NEE). Our findings highlight carbon dynamics in headwater streams behave
differently across stream networks with differences in biomes, topography, hydrologic regimes,
land use and geology all underscoring the complexity of accurately quantifying carbon losses
from headwater streams. Hydrologic regimes emerged as an especially important factor across

stream networks in a diverse group of biomes.

In Chapter 2, we demonstrated how carbon emissions from a single stream network in
Washington can vary substantially between high flow and base flow with increases in
groundwater inputs, gas exchange velocity, and stream network area. In Chapter 3, we expanded
this analysis to five stream networks in different biomes and found that at all five sites, a
disproportionate amount of emissions and carbon losses (in the form of DIC and DOC) occurred
during high discharge events. Within the networks in both chapters, we found the majority of
emissions occurred in higher-sloped first order streams, emphasizing the importance of including
first-order streams in emissions estimates and the role of topography in regulating emissions.
This was further emphasized in Chapter 4, where we found at a low-sloped agricultural
catchment, the expected coupling between discharge and CO2 emissions was dampened because
of a weaker relationship between slope and gas exchange velocity. Instead, we found the
hydrologic regime regulated the magnitude of emissions by regulating the source, namely the

higher in-stream metabolism contribution to emissions at a site with high nutrient and organic
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matter inputs. In all chapters, I highlight how the source of CO:zto the stream networks remains a
large uncertainty, and better quantifying spatial and temporal inputs of groundwater and soil CO2

1s crucial for better emissions estimates.

Ultimately, we must understand how emissions estimates compare to the watershed terrestrial
carbon flux. In Chapter 2, we compared CO2 emissions estimates to the NEE of the Martha
Creek watershed and found daily stream emissions in November (low terrestrial productivity and
high flow) accounted for a much larger percentage of NEE than in August (high terrestrial
productivity and low flow): 54% vs. 0.62%. While outside of the scope of Chapter 3, I can
compare our estimates of carbon losses for each site to estimates of NEE at each site on an

annual scale (Table 5.1).

Table 5.1 Total carbon losses per watershed area and proportion of total carbon losses’

Stream Sum C NEE* % total C loss
Network  losses, g m™ gm?y! of NEE
y—l
WALK 12.0 -500 2%
(11-13)
MART 16.5 -232 7%
(11-23)
CARP? 6.9 -13.7 50%
(6.5-7.3)
COMO?? 3.9 136 3%
(3.3-4.6)
KING 5.1 -149 3%
(5.0-5.3)

1. All flux estimates are provided in g m year! and normalized by watershed area. Uncertainty is
provided in parentheses.

2. Carbon losses are only estimated for non-frozen stream periods — May — September for Caribou Creek
and May — October for Como Creek.

3. NEE estimates obtained from nearby Rocky Mountain National Park — positive NEE indicates a net
release of CO; from the site, while negative NEE represents a net uptake of CO;

4. Estimates derived from NEON, 20238 208-210

For the majority of the five stream networks, the export of carbon from the stream network was

small compared to the terrestrial ecosystem (2 — 7%). Even the network with the highest total
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carbon losses (largely due to high slopes and the highest annual discharge), Martha Creek, only
emitted a fraction of the NEE of the surrounding watershed (7%). Only Caribou Creek, a boreal
watershed with low overall terrestrial productivity, had a large portion of the terrestrial sink
exported by the stream (50%). I highlight that the terrestrial ecosystem is the main driver for how
important stream carbon export will be, and not the stream ecosystem itself. However, when
examining trends in percent of NEE loss by streams across years, we find evidence that the
stream will influence the magnitude of loss on a year to year basis. For sites with multiple years
of NEE data (Martha Creek, and Como Creek, King’s Creek), I found that streams appear to
export a higher percentage of carbon from the total NEE during higher discharge years, mainly

due to a tight relationship between discharge and carbon losses (Figure 5.1).

MART COMO KING
3 8% ' 20%
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Figure 5.1 Discharge versus percent total carbon losses of NEE. The relationship is mainly driven by a
tight relationship between discharge and carbon losses.

NEE has been previously observed to increase with precipitation, which is less apparent in our
small dataset’'!. While we are limited by the number of years available to compare carbon losses
and emissions, our findings suggest that, at some sites, the strong coupling between hydrology

and stream carbon fluxes could outweigh the increase in NEE with precipitation. As climate
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change is expected to cause some regions to become drier and others wetter?!2, it will be
essential to understand how these hydrologic shifts may alter the balance between terrestrial
carbon uptake and aquatic carbon losses. In Chapter 3, I also explored how emissions estimates
might change when accounting for variations in stream network size. As climate change is
expected to alter the distribution of flow intermittency understanding these dynamics is
increasingly important?>'*>. While our modeling approach indicated that incorporating stream
permanence did not significantly affect annual emissions estimates, it did suggest potential shifts

in the timing and spatial distribution of emissions across the network.

I also highlight the importance of considering differences in biomes. At Caribou Creek, a low-
productivity boreal watershed, I show that carbon losses from the stream network are substantial,
accounting for nearly 50% of net ecosystem exchange (NEE). Boreal climates are projected to
undergo some of the most severe changes under climate change, where rising temperatures and
widespread permafrost thaw are expected to mobilize large amounts of previously frozen organic
carbon?'*. Warmer conditions will also shorten ice-covered periods and shift precipitation
patterns toward more rainfall, which may increase stream discharge or result in more flashy
streams?!®, Clearly defining how these systems behave with changes in discharge will therefore
be crucial for accounting of aquatic carbon fluxes. Conversely, in Chapter 4, we found that an
agricultural stream network exhibited relatively low carbon emissions, with fluxes that were less
tightly coupled to changes in discharge. Nonetheless, significant uncertainty remains regarding
the variability in emissions across agricultural systems, influenced by biome, topography, and
the magnitude of carbon inputs. While agricultural landscapes are known to contribute

substantial greenhouse gas emissions?!6, the pathways and drivers of stream carbon fluxes
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remain less well understood. Recognizing that stream networks in different biomes respond

uniquely to climate and land-use pressures is essential for accurate aquatic carbon budgets.
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