Received: 19 March 2020

Revised: 4 March 2021

W) Check for updates

Accepted: 6 March 2021

DOI: 10.1002/hyp.14124

RESEARCH ARTICLE

WILEY

River network travel time is correlated with dissolved organic
matter composition in rivers of the contiguous United States

Jacob D. Hosen'%3 | George H. Allen* |
Matthew J. Cohen? |
Brett A. Poulin® |

Peter A. Raymond?

Sara Breitmeyer>® |
Jéréme P. Payet’ |
Byungman Yoon'? |

1School of The Environment, Yale University,
New Haven, Connecticut

2School of Forest Resources & Conservation,
University of Florida, Gainesville, Florida

3Department of Forestry & Natural Resources,
Purdue University, West Lafayette, Indiana

“Department of Geography, Texas A&M
University, College Station, Texas

5U.S. Geological Survey, Boulder, Colorado

6U.S. Geological Survey, Lawrenceville, New
Jersey

7College of Earth, Ocean, and Atmospheric
Sciences, Oregon State University, Corvallis,
Oregon

8Department of Geological Sciences,
University of Alabama, Tuscaloosa, Alabama

?Departments of Marine and Environmental
Sciences, Civil and Environmental Engineering,
and Chemistry and Chemical Biology,
Northeastern University, Boston,
Massachusetts

Correspondence

Jacob D. Hosen, 195 Marsteller Street West
Lafayette, IN 47906.

Email: jhosen@purdue.edu

Present address

Brett A. Poulin, Department of Environmental
Toxicology, University of California Davis,
Davis, CA, USA.

Funding information

Division of Environmental Biology, Grant/
Award Number: 1457549; National Science
Foundation Program Grants from
Macrosystems, Grant/Award Numbers:
1442140, 1340749: 1824613

Giuseppe Amatulil |

Byron C. Crump’ | YueHan Lu®

Aron Stubbins’ |

Abstract

Most terrestrial allochthonous organic matter enters river networks through headwa-
ter streams during high flow events. In headwaters, allochthonous inputs are substan-
tial and variable, but become less important in streams and rivers with larger
watersheds. As allochthonous dissolved organic matter (DOM) moves downstream,
the proportion of less aromatic organic matter with autochthonous characteristics
increases. How environmental factors converge to control this transformation of
DOM at a continental scale is less certain. We hypothesized that the amount of time
water has spent travelling through surface waters of inland systems (streams, rivers,
lakes, and reservoirs) is correlated to DOM composition. To test this hypothesis, we
used established river network scaling relationships to predict relative river network
flow-weighted travel time (FWTT) of water for 60 stream and river sites across the
contiguous United States (3090 discrete samples over 10 water years). We estimated
lentic contribution to travel times with upstream in-network lake and reservoir vol-
ume. DOM composition was quantified using ultraviolet and visible absorption and
fluorescence spectroscopy. A combination of FWTT and lake and reservoir volume
was the best overall predictor of DOM composition among models that also incorpo-
rated discharge, specific discharge, watershed area, and upstream channel length.
DOM spectral slope ratio (R? = 0.77) and Freshness Index (R? = 0.78) increased and
specific ultraviolet absorbance at 254 nm (R® = 0.68) and Humification Index
(R? = 0.44) decreased across sites as a function of FWTT and upstream lake volume.
This indicates autochthonous-like DOM becomes continually more dominant in
waters with greater FWTT. We assert that river FWTT can be used as a metric of the
continuum of DOM composition from headwaters to rivers. The nature of the
changes to DOM composition detected suggest this continuum is driven by a combi-
nation of photo-oxidation, biological processes, hydrologically varying terrestrial sub-

sidies, and aged groundwater inputs.
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1 | INTRODUCTION

Dissolved organic matter (DOM) is an important variable in freshwa-
ters, acting as a fundamental heterotrophic energy source to food
webs (Bernhardt et al., 2003; Hall & Meyer, 1998) and influencing the
physicochemical environment (Kaplan & Cory, 2016). Yet, how eco-
system processes combine to form the DOM continuum of inland
waters (Massicotte et al., 2017; Mosher et al, 2015; Vannote
et al., 1980) remains a central knowledge gap for understanding inland
water carbon cycling (Bernhardt et al., 2018; Kothawala et al., 2020;
Palmer & Ruhi, 2019). Thus, identifying the factors linked to DOM,
which represents half the flux of organic matter in freshwaters
(Li et al., 2017), is necessary to inform the understanding of ecosys-
tem processes that take place in individual lakes and rivers, as well as
the global carbon cycle.

Freshwater DOM is often placed into two groups: allochthonous
DOM that is fixed in terrestrial ecosystems and transported to aquatic
environments and autochthonous DOM fixed by autotrophs within
freshwaters (Kaplan & Cory, 2016). Allochthonous DOM is typically of
higher apparent molecular weight, composed of more aromatic com-
pounds that are often of less recent biological origin than
autochthonous-like organic matter (Inamdar et al., 2013; Lynch
et al., 2019), and compositionally resembles DOM found in terrestrial
pore water (Fellman et al., 2009). Autochthonous-like DOM generally
has a lower apparent molecular weight and higher microbial bioavail-
ability than allochthonous DOM (Boyer et al, 2006; Hosen
et al., 2014; Wiinsch et al., 2018). Yet, freshwater DOM is a complex
and heterogeneous mixture (Dittmar & Stubbins, 2014) and DOM
source and molecular composition do not necessarily coincide
(Inamdar et al., 2013). This is partly due to processing of terrestrial
allochthonous DOM in streams and rivers, groundwater flowpaths
and watershed networks by mineral sorption, bacterial uptake, and
photo-oxidation (Koenig et al., 2019; Lynch et al., 2019; Tranvik &
Bertilsson, 2008). Interestingly this processing of terrestrial DOM
reduces the amount of DOM, but can leave behind material that com-
positionally resembles autochthonous DOM (Kaplan & Cory, 2016;
Repeta, 2015).

Hydrology influences delivery of terrestrial DOM to inland
waters. DOM concentrations generally increase with increasing dis-
charge (Zarnetske et al., 2018) as allochthonous, terrestrial organic
matter is flushed from organic-rich surficial soils and wetlands into
waterways (Aitkenhead & McDowell, 2000; Boyle et al., 2009;
Raymond & Saiers, 2010). Notably, during high flow events, fluvial
DOM composition becomes more terrestrial (Hornberger et al., 1994;
Raymond et al., 2016; Raymond & Saiers, 2010). In contrast, shifts
from shallow upland flowpaths to greater groundwater contributions
at low flow are accompanied by lower DOM concentrations that have
less terrigenous signatures (Hosen et al., 2018; Inamdar et al., 2011).
High flow events shorten fluvial travel times, leading to the “shunt” of
DOM through the networks due to a processing time limitation
(Raymond et al., 2016; Wollheim et al., 2018). Thus, although water-
shed geology, climate, and land use influence the composition of

DOM entering waterways from watersheds, the terrigenous DOM

proportion generally increases with increasing discharge (Shultz
et al,, 2018; Wagner et al., 2019) and decreasing river travel time
(Lynch et al., 2019).

Hydrology influences autochthonous production via channel
depth and water clarity. Riverine water clarity increases during low
flow/long travel time conditions due to lower levels of highly chromo-
phoric allochthonous organic matter (Hensley et al., 2019) and partic-
ulates (Hosen et al., 2019). Increased light availability during low flow
conditions favours increased aquatic photosynthesis (Hall et al., 2015;
Hosen et al., 2019). Greater travel time during low flows allows more
time for photosynthetic communities to develop biomass (Glibert
et al.,, 2014; Paerl et al., 1998; Vannote et al., 1980). Productive algae
release labile photosynthetic products, including sugars and proteins
that have low apparent molecular weight and aromatic content, for-
ming distinct compositional signatures (Aluwihare & Repeta, 1999;
Bertilsson & Jones Jr, 2002; Hosen et al., 2021; T. Zhang &
Wang, 2017).

Factors promoting production of autochthonous-like DOM during
low flows also favour DOM processing via photo-oxidation and sec-
ondary production. Allochthonous organic matter travelling through
river networks is continually degraded by photo-oxidation and biologi-
cal activity (Catalan et al., 2016; Massicotte et al., 2017). Sunlight
breaks aromatic rings and produces hydroxyl radicals, resulting in
smaller DOM compounds that may have increased lability (Moran &
Zepp, 1997; Tranvik & Bertilsson, 2008) and biological processes con-
vert allochthonous DOM to biomass that is re-released as more
autochthonous-like compounds (Hansen et al, 2016; Kamjunke
et al.,, 2020; Lynch et al., 2019), which can include accumulation of
proteins with increasing flow-weighted travel time (FWTT) of surface
water within a river network (Peter et al., 2020). Lateral allochthonous
inputs vary across ecosystems, but allochthonous inputs are greatest
in headwaters and decrease in downstream rivers (Creed et al., 2015).
Thus, as discharge decreases and the average travel time of surface
water increases, greater light exposure and greater processing time
lead to increased biological and photo-oxidative transformation
(Lynch et al., 2019; Peter et al., 2020).

The relative contribution of aged groundwater to streamflow gen-
erally increases as river flow decreases, though the contribution of
deep groundwater to surface flow is highly spatially variable (Poulsen
et al., 2015). High groundwater storage time enhances DOM
processing and sorption to mineral surfaces, and therefore groundwa-
ter generally carries low concentrations of DOM that lacks terrige-
nous optical and chemical markers and instead appears
autochthonous-like (Kulkarni et al., 2017; O'Donnell et al., 2012).
Thus, groundwater may add to the autochthonous-like signal of DOM
observed with low flows and high water travel times (Hansen
et al., 2016; Helms et al., 2014; Morling et al., 2017).

Major factors controlling DOM composition—contribution of ter-
restrial OM, rates of primary production, percent groundwater, and
rates of processing—are all strongly related to flow and align so that
high flows and associated fast travel times should carry more allo-
chthonous terrestrial DOM and low flows should have DOM of

autochthonous and autochthonous-like material. Studies of individual
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systems indicate that riverine DOM composition can change drasti-
cally when it is transported through lakes or reservoirs (Maranger
et al., 2018; Morling et al., 2017). Longer travel time through river net-
works due to travel through lakes and reservoirs also results in a tran-
sition of allochthonous to autochthonous DOM (Kellerman
et al., 2015; King et al., 2019).

The importance of water travel time—that is, the average time
that a drop of water has spent within a river network—is often dis-
cussed, but is difficult to estimate directly without tracers
(Kirchner, 2019). One can use hydrogeomorphic scaling relationships
to estimate relative variability in river or stream reach travel times
(Allen & Pavelsky, 2018; Hay, 2019; Leopold & Maddock, 1953;
Strahler, 1952; Worrall et al., 2014). Scaling relationships can be esti-
mated using U.S. Geological Survey (USGS) river network hydrology
records (U.S. Geological Survey, 2016) and stream, river, lake, and res-
ervoir data from the National Hydrography Dataset (NHD) Plus (U.S.
Geological Survey; McKay et al., 2012).

We applied river network scaling principles to quantify how the
DOM continuum transitions from headwaters to major rivers of the
United States. Specifically, we tested if DOM composition was consis-
tently correlated with river network FWTT across the contiguous
United States (CONUS). Thus, we (1) developed a model of relative
river FWTT of water for streams and rivers included in the NHDPIlus
flow network; (2) estimated directly connected lake and reservoir vol-
ume for stream and river sites; and (3) assessed the correlation
between FWTT and upstream lake and reservoir volume on composi-
tion of DOM quantified using ultraviolet-visible (UV-Vis) absorbance
and fluorescence spectroscopy at 60 stream and river sites with

watersheds of varying size located across CONUS.

2 | METHODS

21 | General approach

Here, we estimated FWTT for sites across CONUS by calculating the
relationship between flow percentile and velocity for each stream
order of each basin (see Figure S1 in Data S1 for workflow). For each
stream reach, a random velocity and area were assigned given the
mean and standard deviation of these values for a given flow percen-
tile, stream order, and basin. Based on stream reach length and mean
velocity, travel time for each stream reach upstream of a given point
was calculated using NHDPIlus flow maps. Muskingum-Cunge flow
routing (Garbrecht & Brunner, 1991) was applied to determine the
river water FWTT based on the relative amount of water coming from
different tributaries (making the estimate flow-weighted). This
approach was then replicated 1000 times for each site in order to
obtain an estimate of model error (Figure S1 in Data S1). Based on the
relationship between flow percentile and FWTT for a given stream
site, we then assigned FWTT values for each DOM composition sam-
ple included in our analysis. We then assessed the relationship
between FWTT of water within a river network and DOM composi-

tion and DOC concentrations of collected samples.

2.2 | Study sites

Water samples were collected from 60 sites in 14 basins (n = 3090)
across CONUS (Table 1; Figure 1). Samples from 29 of these sites were
collected as part of the USGS National Water Quality Network (NWQN)
from 2008 through 2017 (Breitmeyer et al., 2019). Samples from 15 sites
in the Connecticut River basin were collected from 2015 through 2017
(Hosen et al., 2019; Wagner et al., 2019). Samples from 11 sites in Mary-
land were collected from 2011 through 2013 (Hosen et al., 2014, 2017).
Samples from seven sites studied as part of the National Science Foun-
dation (NSF) Critical Zone Observatory (CZO) program were collected
from 2009 through 2013 (Burns et al., 2016; Miller et al., 2016). Samples
from one site, Mayfield Creek in the Mobile River basin, were collected
from 2015 through 2016 (Shang, 2019). Sites were also grouped into
five CONUS climatological regions (Midwest, Northweast, Northwest,
South, Southwest) following Bukovsky (2011) and Prein et al. (2016).

2.3 | Sample collection

Connecticut River Basin Study. For Connecticut River basin samples—
identified as “PulseShunt” in Table 1—water samples were filtered in the
field through 0.2 pm polyethersulfone (PES) filters (Waterra USA Inc;
Peshatin, Washington, USA). Samples were transported to the laboratory
on ice and stored at 4°C until processing. Baseflow samples were col-
lected at least monthly, and stormflow samples were collected season-
ally. USGS NWQN Study. Samples collected for the USGS NWQN
program (Table 1) were filtered in the field to 0.45 um through Versapor
filters (Pall Corporation; Port Washington, New York, USA) and stored at
4-6°C until analysis (Breitmeyer et al., 2019). Samples were collected fol-
lowing a pre-determined schedule. Thus, sampling captures a random
sampling of flow conditions. CZO Study. Samples collected for the CZO
study (Table 1) were stored on ice, filtered in the laboratory to 0.7 um
using pre-combusted Whatman GF/F filters, and the filtrate was stored
at 4°C until analysis. Samples were collected approximately monthly dur-
ing baseflow conditions (Miller et al., 2016). Maryland Study. Samples col-
lected for the Maryland study were filtered in the field to 0.7 um using
pre-combusted Whatman GF/F filters (GE Healthcare, Chicago, lllinois,
USA), and filtrate was stored at 4°C until analysis (Hosen et al., 2014).
Baseflow samples were collected at least monthly, and stormflow sam-
ples were collected seasonally. Mayfield Study. All water samples were
transported on ice and filtered through 0.2 pm PES filters. The filtrates
were stored in pre-cleaned polycarbonate bottles at —20°C in the dark
for the analysis of DOC and at 4°C in the dark for the analysis of DOM
optical measurements. Samples were collected biweekly including base-

flow and random stormflow conditions (Shang, 2019).

24 | DOM composition
UV-Vis and fluorescence protocols followed standard practice includ-
ing blank subtraction. Fluorescence data were corrected for inner-

filter effects and Raman-normalized (Cory et al., 2010).
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(Continued)

TABLE 1

Immediate
upstream

Upstream
lake

Watershed

Stream
order

lake volume (km®)

volume (km?)

area (km?)

Longitude

Latitude

Study

Basin

Station name

USGS ID

0.02855

1

38.512 -76.523

Maryland

Chesapeake

Parkers F4

Bay

0.0713179 0

1

38.511 -76.522

Maryland

Chesapeake

Parkers F11
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Bay

0.167499

2

38.512 -76.524

Maryland

Chesapeake

Parkers F7

Bay

97
43

3.62 x107°
0.662

3.62x107¢
3.798

7.018868

2
6

-75.784
—72.554

39.861
41.542

Czo

Susquehanna

White Clay Creek at Swrc Pumphouse
Connecticut R. at Middle Haddam, Ct

2822312.1

PulseShunt

Connecticut

01193050

Note: Data were compiled from numerous studies. The relevant studies for each site are provided in the table. Studies include the Critical Zone Observatory (CZO) study (Miller et al., 2016), the Mayfield study,
Maryland Coastal Plain streams (Febria et al., 2015; Hosen et al., 2014, 2017), the PulseShunt study (Hosen et al., 2019; Wagner et al., 2019), the National Water Quality Network (NWQN) dataset (Breitmeyer

et al., 2019), and the Mayfield Creek Study (Shang, 2019).

For Connecticut River samples, UV-Vis absorption spectra and
fluorescence excitation-emission matrices (EEMs) were collected
using a Horiba Aqualog spectrofluorometer. Spectra were measured
on samples in a quartz cuvette with a 1 cm pathlength. UV-Vis absor-
bance from 200-800 nm was collected at 1 nm increments with an
integration time of 1 s. EEMs were collected at excitation wave-
lengths of 240 to 800 nm at 3 nm increments and fluorescence emis-
sion from 247.808 to 828.528 nm at 2.06 nm increments using
4 CCD pixel integration. Raman scattering area was determined using
Type | (18.2 MQ-cm) water from a Milli-Q Advantage A-10 water
purification system, integrating fluorescence from 247.808 to
828.528 nm emission at an excitation wavelength of 350 nm with an
integration time of 10 s (Stedmon et al., 2003). Spectra of at least
4 water blanks were collected during each analytical run.

The USGS NWQN study measured UV-Vis absorbance using an
Agilent HP8453 spectrophotometer, fluorescence using a Horiba
Fluoromax-3 fluorometer, and dissolved organic carbon (DOC) con-
centrations using an OI700 carbon analyser. The CZO study measured
UV-Vis absorption using a Shimadzu UV-1800 spectrophotometer,
fluorescence using a Horiba Fluoromax-4 spectrofluorometer, and
DOC with a Shimadzu TOC-Vcpy analyser (Miller et al., 2016). The
Maryland study measured absorption using a Thermo Scientific Evolu-
tion 60 spectrophotometer, fluorescence using a Horiba Fluoromax-4
spectrofluorometer, and DOC with a Shimadzu TOC-Vcpy analyser
(Hosen et al., 2014). The Mayfield study measured absorption using a
Shimadzu UV-1800 spectrophotometer, fluorescence using a Horiba
FluoroMax-3 spectrofluorometer, and DOC using a Shimadzu TOC-
Vcpy analyser (Shang et al., 2018).

Spectral slope ratio (Sg) and specific ultraviolet absorbance at
254 nm (SUVA,54), metrics of DOM composition obtained from UV-
Vis spectra, were calculated for most sites. Sg is the ratio of log-
transformed absorbance slopes between 275-295nm and 350-
400 nm (Helms et al., 2008). SUVA,s4 is the decadic absorption coef-
ficient at 254 nm divided by the DOC concentration and is presented
in units of L mg-C m~! (Weishaar et al., 2003). Freshness index is the
ratio of fluorescence emission at 380 nm divided by the maximum
emission intensity from 420 to 435 nm at excitation wavelength of
310 nm (Parlanti et al., 2000, p. 200; Wilson & Xenopoulos, 2009). FI
is the ratio of fluorescence emission at 470 and 520 nm at excitation
370 nm (Cory et al., 2010; McKnight et al., 2001). HIX is the summa-
tion of fluorescence emissions at 435-480 nm divided by the sum of
fluorescence emission at 300-345nm, at excitation 254 nm
(Ohno, 2002).

To confirm that the results of this study are not contingent on
analytical differences between laboratories, we tested whether rela-
tionships reported were significantly altered by potential study effects
tied to individual instruments. To do this, we incorporated Study
(NWQN, CZO, Maryland, PulseShunt, and Mayfield) as a categorical
covariate in our mixed effects models (see Bivariate Statistical Analysis
below for methods; Figure S2 in Data S1). Incorporating Study as a
factor did not improve the overall fit of the models tested and was
removed. To investigate the influence of filter type used in this study

(GF/F vs. 0.2 um PES), we compared the results from 14 matched
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Study Basins
[ Atamaha
[ Apalachicola
[ Brazos

[ Colorado
[ Columbia
[ Connecticut
[ Delaware

[ Hudson

ID_|Name ID Name Name ID |Name

1 |Altamaha 11 |Gordon Guich MS River (Baton Rouge) |31 |Sacramento

22 |Apalachicola 12 |Hudson MS River (Belle Chasse) 32 |San Joaquin

3 |Atchafalaya 13 |lllinois MS River (St. Francisville) 33 |Shale Hills

4 |Brazos 14 |lowa (Ohio (Cannelton Dam) 34 |Susequehanna
5 |Colorado 15 |Lower Atchafalaya (Ohio (Olmsted) 35 |Wabash

6 |Columbia 16 |Mayfield Creek P301 (Southern Sierras) 36 White

7 [CT (Middle Haddam) |17 |Middle Connecticut Sites Parkers Creek Sites 37 |White Clay Creek Sites
8 |Delaware 18 |Mississippi (IA) Passumpsic River Sites

9 |Des Moines 19 Missouri Platte

110 _|[Farmington River Sites |20 |Mobile Potomac

. [ Mississippi
=1 Mobile
[ Potomac
[ Sacramento
[ san Joaquin
[ Susquehanna

FIGURE 1 A map of the 60 study sites within CONUS. The 14 different river basins, with the addition of sites located along the Chesapeake
Bay, are distinguished by colour. Individual sites are identified with numbers. If multiple sites were too close to distinguish individually, these sites
were identified by a single marker. This was the case for the Farmington River sites (10; Still River, Hubbard River, Nepaug River, Phelps Brook,
Bunnell Brook, Farmington River at Tariffville, Farmington River at Unionville), the Middle Connecticut Sites (21; Ottaquechee River, Sugar River,
Chicopee River), the Parkers Creek Sites (27; Parkers F1, F2, F3, F4, F6, F7, F8, F9, F10, F11), the Passumpsic River Sites (28; E. Branch
Passumpsic River, Moose River, Pope Brook Tributary W9, Pope Brook, Sleepers River, Passumpsic River) and the White Clay Creek Sites (37,
White Clay Creek at SWRC Pumphouse and White Clay Creek near Newark). For more detailed site information see Table 1

samples collected as part of the Connecticut River study. We found
that DOC concentrations (R? = 0.99), Sg (R? = 0.76), HIX (R? = 0.94),
Freshness (R? = 91), FI (R? = 0.86), and SUVA,s, (R? = 0.78) were
highly correlated between the two filter types in all cases (ndf = 1,
ddf = 13, p < 0.0001; Table S2 in Data S1). This is consistent with
research showing the vast majority of DOM is smaller than 0.2 pm
(Wiinsch et al., 2018). Thus, we argue that incorporating data from

multiple studies did not impact our analysis.

25 | Travel time

We estimated flow-weighted river travel time across flow levels based
on Muskingum-Cunge flow routing (Garbrecht & Brunner, 1991) as is
done for the USGS National Hydrologic Model (Hay, 2019) and
recently published work (Worrall et al, 2014). For each basin we
accessed USGS hydrology data from the National Water Information

System (U.S. Geological Survey, 2016). We downloaded daily discharge
for the study period (water years 2008-2018) and field-surveyed esti-
mates of mean channel velocity and channel cross-sectional area
(converted to m?) for all gaged sites within a study basin. Given that
hydraulic geometry has been shown to be consistent within a given
stream order across individual basins (Allen, Pavelsky, et al., 2018) this
approach was deemed appropriate. We identified upstream networks
and USGS gage sites by subsetting NHDPlus (http://www.horizon-
systems.com/nhdplus/) flowlines to include only features located above
a given study reach using the connectivity information provided. We
estimated hydrology (velocity, area, and discharge) for each upstream
stream order using USGS data. Larger basins with sufficient numbers of
USGS gaging stations were selected for sites where sufficient upstream
data were not available. The basin from which hydrological data were
drawn is indicated for each site in Table 1.

While USGS gage locations are sometimes located at unre-

presentative positions within the river network, there are several


http://www.horizon-systems.com/nhdplus/
http://www.horizon-systems.com/nhdplus/
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reasons why we elected to use these data. First, the scaling estimates
that we generated do not deviate substantially from those established
by Leopold and Maddock (1953) during surveys of rivers of the United
States of America. The reason is due to at-many-stations hydrologic
geometry (AMHG; Gleason & Smith, 2014), which shows that depth,
width, velocity, and discharge geometry values are spatially invariant
across stations in a river (Barber & Gleason, 2018). Thus, our hydraulic
scaling estimates are robust to sampling location along a reach. We
generated scaling relationships with contemporary data rather than
using hydraulic scaling equations that were developed previously
(Leopold & Maddock, 1953) because changes to climate patterns
have changed hydrologic geometry in many basins (Dunne &
Leopold, 1978). Instead, we have limited hydrologic analysis to hydrol-
ogy data collected over the course of the study period (2008-2018).
We apply 10 years of data to capture the full set of hydrologic condi-
tions over the study period. Due to the availability of large amounts
of data, we take a data-driven approach to estimate hydraulic geome-
try properties of stream networks. For regions or time periods lacking
stream gage data, other methods to estimate hydraulic geometry,
including emerging remote sensing techniques (Gleason et al., 2014),
could also be used.

We computed flow-exceedance curves using the hydroTSM
(Mauricio Zambrano-Bigiarini, 2017) package in R 3.6.0 (R Core Team,
2018) to estimate discharge percentiles over the study period (2008-
2018). For ease of interpretation, increasing flow percentile numbers
correspond to increasing flow. For each stream order in each basin,
we determined the average and standard error for mean channel
velocity and channel cross-sectional area at flow percentiles from
1 through 99 at 1-unit intervals. Plots of model results for study sites
are available as Figure S8 in Data S1.

We combined the estimates of velocity and cross-sectional area
across flow levels with the subsetted NHDPIlus networks. For each
flow percentile, we assigned a cross-sectional area and stream flow
velocity to each NHDPIus reach based on the given flow percentile,
stream order, and basin. The cross-sectional area and stream velocity
values for each reach were randomly selected from a normal distribu-
tion with a mean and standard deviation for the appropriate flow per-
centile, stream order, and basin. Next, we obtained travel time for
each reach by dividing reach length (supplied by NHDPlus) by the
stream velocity. We obtained discharge for each reach by multiplying
cross-sectional area by stream velocity. Lastly, we calculated FWTT
for water in each reach, beginning at the top of each river network
and following river network flowpaths. For each NHDPIlus reach,

cumulative FWTT was calculated as follows.

FWTTi _ L, i Z'niaches FWTTj * Q}- (1)
Vi j=1 (eaches Q
j J

Q=vj A (2)

Here, i, indicates the reach for which cumulative FWTT (FWTT;) is
calculated using length () and velocity (v;) of reach i. FWTT; from each

upstream reach (j) is scaled by the relative amount of discharge from

each upstream reach (Qy). Equation (1) was calculated for each reach
within a given network, starting at the headwaters and continuing
downstream to the reach that includes the sampling site for this study.
The result of Equation (1) for that most downstream reach becomes
the estimate of the FWTT for a given sampling location. For each flow
percentile (1st to 99th) at each site, this process was completed 1000
times, using different random drawings of cross-sectional area (A;) and
velocity (v)) for each reach on each replicate. To generate a final FWTT
estimate for each site at a given flow percentile, we took the mean

and 95% confidence interval of the 1000 replicate estimates.

2.6 | FWTT validation

The scale of this study means that tracers and other traditional
methods of measuring water travel times were not feasible. Thus, we
compared the present results to those of Allen, David et al. (2018).
The results by Allen, David et al. (2018) were developed using a kine-
matic wave model to estimate river FWTT under bankfull conditions.
The recurrence interval of bankfull conditions in rivers is variable, but
generally lies between 1.2 and 1.5 years for rivers in the United States
(Castro & Jackson, 2001; Simon et al., 2004). Thus, we compared the
bankfull results from the existing study to the high flow level calcu-
lated here—99th percentile, which is a 1 in 100-day recurrence
interval flow.

2.7 | Lakes and reservoirs

For each watershed, we determined the volume of lakes and reser-
voirs that were directly connected to the river network. We used the
v.overlay function in Grass GIS 7.4.0 (GRASS Development Team,
2018) to identify lakes and reservoirs directly connected to river net-
work flowlines. Attributes from the NHDPlus Waterbody shapefile
were used for lake and reservoir locations and volumes. We identified
upstream water bodies and used this information to determine the
total upstream in-network lake volume for a given stream reach using
characteristics for each water body provided by NHDPlus. We also
calculated the volume of only lakes and reservoirs that were immedi-
ately upstream of the study site. Here we define immediately upstream
as being within the study reach or directly connected tributary

reaches of a lower order.

2.8 | Bivariate statistical analysis

We calculated repeated-measures mixed effects models with DOM
composition metrics as the dependent variables and watershed and
hydrological variables as independent variables. Models were com-
puted using the Ime4 (Bates et al., 2015) and ImerTest (Kuznetsova
et al., 2017) packages in R 3.6.0. For each DOM metric (Sg, SUVA,s4,
Freshness, Fl, HIX), we tested a set of models using the following

combinations of independent variables: (1) logio(t), (2) logio(t)
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+LV_conn, (3) logio(t)+LV_conn_imm, (4) logio(Q), logio(Q)
+LV_conn, (5) logio(Q)+ LV_conn_imm, (6) log1o(SQ), log10(SQ)
+ LV_conn, (7) log10(SQ) + LV_conn_imm, log;o(WA), (8) logio(WA)
+LV_conn, (9) logio(WA)+LV_conn_imm, (10)
(11) logqo(L_km) + LV_conn, (12) logio(L_km) + LV_conn_imm. Here
logio(z) is log10(Q) is
log-transformed water discharge (Q) in m® s7%, log:o(SQ) is log-

logso(L_km),
log-transformed FWTT (t) in days,

transformed specific discharge (SQ) in m? s72, logio(WA) is log-
transformed watershed area (WA\) in hectares, and logo(L_km) is the
sum of upstream channel length according to NHDPIlus. LV_conn is
total water volume (m®) of upstream lakes and reservoirs directly con-
nected to the river network as determined from NHDPlus V2.
LV_conn_imm is the total volume (m®) of lakes and reservoirs immedi-
ately upstream of the sampling site directly connected to the river
network (as described above). Models were tested for homoscedastic-
ity and normal distribution of residuals.

Most models tested returned highly significant values (p < 0.001)
due to large sample sizes. Thus, we used conditional Aikaike Informa-
tion Criterion (cAlC), which is appropriate for linear mixed effects
model selection (Greven & Kneib, 2010; Saefken et al., 2014) using
the cAlC4 package (Sifken et al., 2018) in R 3.6.0. Due to maximum
likelihood estimation, traditional R? calculations cannot be estimated
with mixed-effects. Marginal R? values provide information on
the goodness of model fit across experimental units (sites), while
conditional R? provides information on goodness of fit within experi-
mental unit model fit (Nakagawa et al, 2017; Nakagawa &
Schielzeth, 2013). Both were computed using the R piecewiseSEM
package (Lefcheck, 2016).

We analyzed mean FWTT and DOM composition for each site
included in the study (Table 1, Table S1 in Data S1). We compared
each DOM composition metric to the set of predictor values selected
by mixed effect model selection using Im in R. For models that were
not unimodal, a quadratic polynomial model was adopted if model
assumptions were met. Model fits were evaluated in R using second-
order Aikaike's Information Criterion (AlCc; using the MuMIn package
in R [Barton, 2018]), R?, and adjusted R?.

2.9 | Multivariate statistical analysis

We compared hydrology and DOM composition using co-inertia anal-
ysis in the R ade4 package (Dray & Dufour, 2007). Co-inertia analysis
compares multivariate datasets with the objective of finding the maxi-
mum shared variance between two discrete groups of variables
(Doledec & Chessel, 1994; Dray et al., 2003). Here, we divided the
dataset into two groups of variables. The first group was composed of
variables related to hydrology—site FWTT, lake and reservoir volume,
immediate upstream lake and reservoir volume, upstream channel
length, and watershed area. The second group included metrics of
DOM composition—Sg, freshness index, Fl, SUVA,s4, and HIX. First,
principal component analysis (PCA) was computed on the two groups
of variables then co-inertia analysis was used to estimate the relation-
ship between the two PCA models. Similarity between the datasets is

measured with the RV coefficient, which varies between 0 and 1, with

1 indicating the greatest overall similarity between the two datasets.

3 | RESULTS

3.1 | FWTT scaling

Streamflow velocity (Figure S3a-c in Data S1), channel length
(Figure S3d-f in Data S1), and resulting travel time for water within
each stream order (Figure 3g-i in Data S1) varied across the 13 major
basins of this study (Table 1). Streamflow velocity, channel length, and
travel time increased with stream order (Figure S3 in Data S1). How-
ever, because length increased at a faster rate than velocity, mean
travel time per stream order increased with increasing stream order
(Figure S3g-i in Data S1) although travel time per km decreased with
stream order (Figure S3j-1 in Data S1). FWTT at 50th percentile flow
for the 14 study basins ranged from 0.04 to 27.9 days (Table S1 in
Data S1; Figure 2). Consistent with river network scaling relationships
(Church & Mark, 1980; Leopold & Maddock, 1953), travel time at
average flow was correlated with river order, upstream channel
length, watershed area, and 50th percentile discharge of a site
(Figure 2). The most consistent predictor of travel time was upstream
channel length (F(1,70) = 583.3; R? = 0.907; p < 0.0001). This relation-
ship showed power scaling: FWTT = 0.07888*(StreamLength)®4?,
where FWTT is in units of days and StreamLength is total upstream
length in km of all upstream channels mapped as part of NHDPlus V2.
We found agreement between previous estimates of flood wave
travel time by Allen, David et al. (2018) and estimates of river network
FWTT at 99th percentile flows in the present study (F(134) = 41.6;
p < 0.0001; R? = 0.55; Figure 54 in Data S1). While there was variabil-
ity, the regression generated for the comparison was similar to a 1:1
line, TravelTime[Allen] = 1.20 x TravelTime[PresentStudy] - 0.20.

Total upstream lake and reservoir volume increased gradually with
river size before a strong increase with 9th and 10th order streams.
This pattern was not repeated for immediate upstream lake and reser-
voir volume, where a small increase was found for 9th order streams
before volume decreased in 10th order streams (Figure 2e,f). Immedi-
ate upstream lake and reservoir volume—which includes lakes and res-
ervoirs in the upstream reach and all direct tributaries of that reach
(see Methods section for details)—did not scale as consistently with
stream order. Some relatively large rivers did not have any immediate
upstream lake or reservoir surface volume including the Potomac River
at Washington, DC and the Wabash River in Indiana (Table 1).

3.2 | FWTT and DOM composition

We evaluated the hydrologic links to DOM composition on both a
sample-wise and site-wise basis. For the sample-based analysis, we
compared whether river network FWTT, discharge, or specific dis-
charge (calculated as discharge divided by watershed area) associated

with a particular sample were better predictors of DOM composition.
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For the site-based analysis, we compared mean DOM composition at
a site to mean values of FWTT, specific discharge, and discharge.

We found that estimates of FWTT were the best hydrologic pre-
dictors of DOM composition across all sites (Figures 3 and 4, Table 2,
Table S3 in Data S1). We also found that a model incorporating both
FWTT and the sum of in-network lake and reservoir volume in the
river reach and upstream tributaries significantly improved DOM com-
position correlations. Immediate upstream lake and reservoir volume
(encompassing connected lake and reservoir volume that was in the
study reach or tributary reaches directly connected to the study
reach) was a significantly better covariate for predicting Sg and Fresh-
ness Index than total upstream lake and reservoir volume for Sg and
Freshness Index values (Figure 3; Table 2; Table S3 in Data S1).

FWTT was consistently a better predictor of Sg Freshness Index,

and SUVA,s, than other hydrologic variables tested (i.e., discharge,

Watershed Area (m?)

specific discharge, watershed area, or upstream channel length;
Table 2 and Table S3 in Data S1). In the case of Sg, using log-
transformed FWTT as a predictor gave a marginal R? of 0.58, com-
pared to 0.32, 0.20 and 0.13 for upstream channel length, discharge,
and specific discharge, respectively. For Sg, a model incorporating log-
transformed FWTT and immediate upstream lake and reservoir vol-
ume had the lowest cAIC value (Conditional R? = 0.86; Marginal
R? = 0.61; Figure 4a; Figure S5a in Data S1; Table 2; Table S3 in Data
S1). Site mean values of Sg and FWTT were also correlated (R? = 0.77;
Figure 3b; Table 2). For the Freshness Index, models incorporating
immediate upstream lake volume along with FWTT returned best fit
among options evaluated for both the mixed effects (Figure 3a;
Figure S5b in Data S1; Conditional RZ = 0.90; Marginal R? = 0.59;
Table 2) and linear regression of site mean values (R?> = 0.78;

Figure 3d; Table 2) analyses.
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FIGURE 3 FWTT (in days) of a water sample was compared to DOM composition variables where immediate in-network upstream lake and

reservoir volume (m®) significantly improved the overall model fit according to cAlIC statistics. Results for spectral slope ratio (Sg; (a,b) and
freshness index (c,d) are presented. The first column of plots (a,c), present results of the mixed effects model incorporating the estimate of the
overall fit with associated 95% confidence band. Each point represents an individual sample. The second column of plots (b,d), present results
using site mean values; each point represents the mean value of all samples for a site and the error bars represent standard error of the mean for
each site, and lines represent results of linear regression models with associated 95% confidence bands. Each point is colour-coded according to
the volume of in-network lakes and reservoirs immediately upstream of the sampling site

Aromatic and humic-like DOM fractions (SUVA,s4, HIX) consis-
tently decreased with increasing FWTT and lake and reservoir volume.
For SUVA,s54, a model incorporating FWTT and in-network upstream
lake area returned the lowest AICc value (Conditional R? = 0.44; Mar-
ginal R? = 0.66; Figure 4a; Figure S5c in Data S1; Table 2). For site
mean SUVA,s4 values, a model that included log-transformed FWTT
and total connected lake volume was the best fit (R = 0.68;
Figure 4b; Table 2). In the case of humification index (log;o[HIX]),
model results were similar to SUVA,s4 (Marginal RZ = 0.29; Condi-
tional R? = 0.68; Figure 4c; Figure S5d in Data S1; Table 2; Table S3 in
Data S1). Site-wise mean HIX values indicated that log-transformed
FWTT combined with total upstream lake area were correlated to HIX
across sites (R? = 0.44; Figure 4d; Table 2). FI was best predicted by
log-transformed FWTT and total upstream connected lake and reser-
voir volume (Marginal R? = 0.33; Conditional R? = 0.94; Figure 4e;
Figure S5e in Data S1). To fit model assumptions, models involving
site means of Fl required predictor values included as quadratics for
analysis of site-wise mean values. Unlike other DOM composition
metrics, the relationship between FWTT and Fl was not monotonic.
Thus, the quadratic predicting Fl including log-transformed FWTT,
log-transformed FWTT squared, and immediate upstream lake volume
(R?=0.43; Figure 4f; Table 2) was the best-fitting model considered.

In contrast to DOM composition, DOC concentration and DOC
watershed yield were not strongly correlated to FWTT or other

hydrological variables evaluated (Figure S6 in Data S1). Instead,

among the variables evaluated DOC concentration and yield at sites
were most strongly correlated to discharge (Table S4 in Data S1).
Across sites, DOC concentration was explained best by watershed
area and immediate upstream lake volume (R? = 0.25, Table S6 in Data
S1). The relationship between DOC concentration and FWTT and
immediate upstream lake volume was not as strong (R? = 0.22). DOC
yield across sites was not significantly correlated to any of the metrics
evaluated (Table S5 in Data S1).

Plots are presented with samples plotted according to the basin
(Figure S7a,c,e,g,i in Data S1) and region of CONUS (Figure S7b,d,f,h,j
in Data S1) of the sample sites. Statistical analysis showed that adding
either basin or region marginally improved model fit in some cases
(Table S6 in Data S1). Yet, for many levels of basin and region only
one site was sampled for this study (Tables S7 and S8 in Data S1) and
the range of FWTT values are limited (Figure S7 in Data S1). Thus, fur-

ther data are needed to better test regional differences.

3.3 | Hydrology and DOM composition:
Multivariate analysis

We used co-inertia analysis to compare river network hydrology vari-
ables to DOM composition (Figure 5). We found that a substantial
proportion of variance was explained between these two groups
(RV = 0.40). We present mean projected co-inertia scaling values for
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TABLE 2  Statistical results of DOM composition and river site hydrology comparisons
Dependent Log Marginal
variable Independent variables n cAlC likelihood R?

Fl log1o(t) + LV_conn + logyo(t) * 2213 -8195.8 3975.3 0.329
LV_conn

Freshness log1o(t) + LV_conn_imm + logyo(t) * 1787 —6239.8 3053.1 0.586
LV_conn_imm

logao(HIX) logyo(t) + LV_conn + logso(t) * 1888 -1711.8 803.0 0.286
LV_conn

Sk logqo(t) + LV_conn_imm + logs(t) * 2841 —-8036.8 3937.0 0.605
LV_conn_imm

SUVA,s54 log1o(t) + LV_conn 2931 5420.7 -2772.0 0.441

FIGURE 4 FWTT (in days) of a
water sample was compared to DOM
composition variables where total in-
network upstream lake and reservoir
volume (m®) significantly improved the
overall model fit according to cAIC
statistics. Results for specific
ultraviolet absorbance at 254 nm
(SUVA,54; (a,b), humification index

(c, d), and fluorescence index (e,f) are
presented. The first column of plots
(a,c,e), present results of the mixed
effects model incorporating the
estimate of the overall fit with
associated 95% confidence band. Each
point represents an individual sample.
The second column of plots (b,d,f),
present results using site mean values;
each point represents the mean value
of all samples for a site, the error bars
represent standard error of the mean
for each site, and lines represent
results of linear regression models
with associated 95% confidence
bands. Each point is colour-coded
according to the volume of in-network
lakes and reservoirs immediately
upstream of the sampling site

Cond. # of Overall
R? Sites mean R?
0.938 56 0.428
0.900 41 0.781
0.677 45 0.438
0.857 52 0.770
0.657 56 0.679

Note: Only the best-fit models, as determined by cAIC, are presented. For full statistical results, see Table S3 in Data S1. Dependent variables were
spectral slope ratio (Sg), freshness index (freshness), specific ultraviolet absorbance at 254 nm (SUVA,s4), fluorescence index (FI), and log-transformed
humification index (log1o[HIX]). Independent variables include: logs(t) - Log-transformed FWTT of water in days; the volume of all in-network upstream
lakes and reservoirs (LV_conn); the volume of in-network lakes and reservoirs immediately upstream of the sampling site (LV_conn_imm). Model
conditional Aikaike's Information Criterion (cAIC), log-likelihood, marginal R?, and conditional R? (Cond. R?) are reported. We also report the R? for the site
mean linear models (overall mean Rz) and the number of sites for which data on a given variable are available (# of sites). Not all DOM composition
variables were reported at all sites. Thus, the sample size (n) reported for each variable is different.

each site, with error bars representing standard error of the mean for
each site over the repeated sampling events (black circles in Figure 5).
Overall, most of the model variance was captured by co-inertia dimen-
sion 1 (98.3% inertia). Consistent with the bivariate analysis, FWTT

was the factor most strongly related to optical measures of DOM

composition (Figure 5).

FWTT was positively correlated with

Freshness Index and Sg and negatively correlated with HIX and
SUVA,54. Lake volume and FWTT had similar model weight, but
diverging influence on DOM composition. Lake area was positively
correlated to Freshness Index, but more closely related to Sg
(Figure 5; Table 2, Table S3 in Data S1). By contrast, FWTT was most

positively correlated to Freshness Index values (Figure 5).
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FIGURE 5 Co-inertia bi-plot comparing hydrologic and DOM
composition variables. Hydrologic variables applied include: Log-
transformed flow-weighted travel time in days (FWTT), log-
transformed watershed area (WS area), log-transformed discharge (Q),
total upstream lake and reservoir surface area (Total LV), and
immediate upstream lake and reservoir surface area (Imm. LV). The
DOM composition variables included specific ultraviolet absorbance
at 254 nm (S2s4), fluorescence index (Fl), log-transformed HIX,
freshness index (freshness), and spectral slope ratio (Sg). Co-inertia
factor loadings for hydrological variables (purple arrows) and DOM
composition variables (blue arrows) are presented. Mean co-inertia
scores for each site are represented as black circles. Error bars
represent standard error of the mean for each site across multiple
samplings for dimension 1 co-inertia scores (x-axis) and dimension

2 co-inertia scores (y-axis)

4 | DISCUSSION

We found that river network FWTT is broadly correlated with DOM
composition in fluvial ecosystems across the contiguous United
States. We applied established relationships and concepts of river net-
work hydrology (Leopold et al., 1995), scaling (Horton, 1945;
Strahler, 1952), and flow routing (Garbrecht & Brunner, 1991) to esti-
mate FWTT with a similar approach to a recent watershed-scale study
(Peter et al., 2020). Upstream river network FWTT of water trans-
ported by a given stream or river reach can vary greatly depending on
hydrologic flow status and overall stream length. Even though river
network FWTT of water within a reach increased significantly with
increasing upstream river length, travel time still varied substantially in
a reach depending on flow status at the time of sampling (Figure S3g-
i in Data S1). Variation of mean travel time within sites was suffi-
ciently large that travel times for water under low flow (e.g., 10th per-
centile) at a given order typically exceed water travel times at median

flow (e.g., 50th percentile) in the next higher stream order

(Figure S3j-1in Data S1). Thus, static measures of river or stream size,
such as watershed area, upstream channel length, or stream order, do
not capture how greatly the travel time of water through a river net-
work changes depending on flow level.

Previous studies have demonstrated a relationship between
water travel time and DOM composition at the reach or basin scale
(Lynch et al., 2019; Morling et al., 2017; Peter et al., 2020; Worrall &
Moody, 2014). In this study, we demonstrate that this relationship
between DOM composition and FWTT is present across CONUS.
Limited evidence presented here suggests that the exact slope of rela-
tionship between DOM composition and FWTT may vary between
regions, but presently available data do not permit a statistically
robust examination of this question. We observed a correlation
between DOM composition metrics and FWTT without accounting
for the variability in allochthonous DOM composition entering differ-
ent river networks or differences in environmental conditions within
or between river networks. In fact, we conducted an analysis on the
subset of samples for which temperature was available and found no
improvement in the model compared to models that incorporated
only FWTT and upstream lake volume. Watershed geology
(Aitkenhead & McDowell, 2000), hydrology (Jepsen et al., 2019), land
use (Hosen et al., 2014; Lu et al., 2013; Wilson & Xenopoulos, 2009),
and climate (de Wit et al., 2016) influence the composition of organic
matter within river networks. Yet, we find that decreasing FWTT con-
sistently leads to more aromatically dominated DOM of terrestrial ori-
gin regardless of environmental setting (Figures 3-5). In contrast to
DOM composition, DOC concentrations and watershed yields were
strongly correlated to discharge within individual sites, but did not
demonstrate a strong correlation with FWTT across sites (Figure Sé;
Tables S4 and S5 in Data S1). From this analysis it seems likely that
FWTT is strongly correlated to DOM composition, but that DOC con-
centrations and yields are driven by watershed source.

We hypothesize that river network FWTT is correlated to DOM
composition in river networks because it captures the covariance of
processes and gradients spanning from reaches to river basins. At a
reach scale, longer travel times when discharge is lower are correlated
with reduced aromatic DOM inputs due to a minimal interaction of
water and organic matter-rich soil O-horizons of catchments during dry
periods (Aitkenhead & McDowell, 2000; Lynch et al., 2019; Raymond &
Saiers, 2010), greater light availability fueling photosynthesis and
photo-oxidation (Hensley et al., 2019; Hosen et al., 2019), and more
time for in-stream processing (Catalan et al., 2016; Glibert et al., 2014).
By contrast, stormwater mobilizes DOM on the landscape and reduces
stream travel times, pushing the transition from allochthonous to
autochthonous DOM further downstream (Raymond et al., 2016;
Wollheim et al., 2018). At basin scales, increased travel time is corre-
lated with greater relative groundwater contributions from soil and
bedrocks with lower permeability and greater light exposure as rivers
widen downstream (Julian et al., 2008). This may explain why we found
that when FWTT is short, allochthonous DOM (high HIX and SUVA,s4)
is dominant, but as FWTT increases, the proportion of autochthonous-
like DOM (with high Sg and Freshness values) increases and the propor-

tion of allochthonous DOM decreases (Figures 3-5).
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The tight link we observed between DOM metrics and FWTT
suggests that downstream shifts in DOM source-composition charac-
ter are driven primarily by in-channel processes, rather than allo-
chthonous inputs. Sg increases in response to autochthonous DOM
production (Y. Zhang et al., 2013) and photo-oxidation (Hansen
et al., 2016; Helms et al., 2008). By contrast, Freshness Index values
increase with autochthonous primary and secondary production
(Hosen et al., 2021), but not photo-oxidation (Hansen et al., 2016).
The observed decrease in SUVA,s4 values, which are indicators of
aromatic compounds in DOM (Weishaar et al., 2003), with increased
FWTT provides evidence that terrestrial allochthonous DOM
becomes increasingly less prevalent over time. This may indicate
photo-oxidation of these compounds given that high SUVA,s, DOM
is generally resistant to biodegradation, but is readily photo-oxidized
by sunlight (Tranvik & Bertilsson, 2008; Ward et al., 2017). Increased
contribution of groundwater in large rivers during low flows may also
help make riverine allochthonous terrestrial DOM appear more
autochthonous at long travel times, yet the importance of this ground-
water DOM may be quite variable (Fellman et al, 2014; Hosen
et al., 2021).

Increasing lake and reservoir volume had a similar impact to
FWTT, increasing the dominance of autochthonous-like DOM. Lake
volume explains residuals for sites with high amounts of upstream vol-
ume (Figures 3 and 4 and Figure S8 in Data S1). For Yukon and
St. Lawrence sites, we found that Sg values were consistent with
expectations based on the system. For example, the St. Lawrence
River site had the highest Sk values of any site in this study, consistent
with the expectation of long water travel time through the Great
Lakes (Figure S8 in Data S1). In contrast to river network FWTT, we
found that only including the volume of lakes and reservoirs immedi-
ately upstream of the study site was better at predicting DOM com-
position than total upstream lake and reservoir volume in some cases.
Such an observation can be explained if the bioavailability of DOM
produced in lakes and reservoirs is generally high, leading to short
uptake lengths within river networks. High rates of autochthonous
primary production and photodegradation of aromatic DOM results in
delivery of autochthonous, photodegraded DOM from lakes to
streams and rivers downstream (Larson et al., 2007) due to an
enhanced light field (Julian et al., 2013). This lacustrine DOM is thus
highly labile and can be quickly taken up by microbial communities
(Chrést et al., 1989; Mostovaya et al., 2016; Yoon et al., 2021) and
the influence of lakes and reservoirs on DOM composition may disap-
pear quickly as water moves downstream. Thus, the signal of lake
processes on DOM composition may be lost downstream if all the
lake-associated DOM is converted to biomass, mineralized, or trans-
formed into dissolved compounds that resemble riverine DOM.

Multivariate analysis confirmed that changes to DOM composi-
tion linked to lake and reservoirs were subtly different compared to
those associated with FWTT. Both lake and reservoir volume and
FWTT were related to increasing levels of autochthonous DOM, but
each process impacted DOM composition in slightly different ways
(Figure 5). These results are intriguing because they suggest that the

three measures of autochthony reported here—Freshness Index, Sg,

and Fl— measure fractions of the overall DOM pool that are result
from distinct ecosystem processes.

Estimates of FWTT correlated to DOM variability, but we recog-
nize that our estimates likely underestimate total FWTT due to contri-
butions from groundwater, perifluvial retention, and eddy storage
(Allen, David et al., 2018), yet our findings are generally consistent
with recent research indicating much of global streamflow is less than
3 months old (Jasechko et al., 2016). Further, how travel time through
different parts of river corridors impacts DOM composition and fluxes
remains to be seen. This model was built using the NHDPIus dataset,
which is a remarkable resource, but does not capture a larger propor-
tion of headwater stream network length (Allen & Pavelsky, 2018).
Further, the complexity of river network hydrology (e.g., the influence
of geomorphology on the statistical distribution of river network
FWTT) cannot be fully captured by our parsimonious model. Abstrac-
tion was required to quantify the influence of lake and reservoir travel
time. Despite the recognition that these water bodies are dynamic
systems with preferential flowpaths and travel times that change with
flow level and temperature (Gardner et al., 2019; Schmadel
et al., 2018), we were unable to identify an approach to reliably esti-
mate travel time for many lakes and reservoirs with any reliability
without measuring how thermal stratification and bathymetry influ-
ence travel times in many individual systems.

The mechanism(s) and relative importance of the processes that
drive the transition of DOM composition from terrestrial to
autochthonous-like composition is still unclear. Recent continental-
scale analysis of DOM concentrations suggests that riverine DOM
concentrations are in part regulated biologically (Creed et al., 2015),
indicating biological activity changes DOM composition. Yet, other
analysis suggests DOM transport is conservative (Moatar et al., 2017),
and groundwater inputs change composition.

Interestingly, studies of *C-DOC indicate DOM age increases
with increasing autochthonous DOM (Butman &
Raymond, 2011) and watershed area (Fellman et al., 2014), but this is
not necessarily an indication of age of fixation. Autochthonous pro-

character

duction using groundwater-aged DIC will generate DOM with **C-
DOC that appears aged, but is young and recently produced. Further,
we note that while the present study reports a trend from
allochthonous-like to autochthonous-like DOM related to FWTT, this
does not necessarily indicate that bioavailability of this organic matter
increases as well (Fellman et al., 2014).

We hypothesize that the freshwater DOM composition contin-
uum (Vannote et al., 1980) is broadly linked to FWTT, particularly in
temperate watersheds where temperature co-varies with discharge.
While regional variables including temperature, available substrates,
microbial metabolism, groundwater inputs, and a multitude of other
factors control DOM uptake and production in rivers, our findings
indicate that FWTT explains a large proportion of DOM composition
at a national scale. By contrast, DOC concentrations and fluxes were
not. We argue that our models of river network FWTT provide a use-
ful tool to understand how riverine processes control DOM composi-
tion in drainage networks from headwaters to large rivers draining to

coastal oceans.
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