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1 | INTRODUCTION

Catalina Segural® |

Dana R. Warren®

Abstract

Headwater streams influence the carbon cycle, but their productivity estimation
remains challenging. We propose the use of dissolved oxygen data (% saturation,
DOsat) and on-site photosynthetically active radiation (PAR) data to develop
DOsat~PAR curves as an analogy to the well-known photosynthesis-irradiance (P-E)
curves. The premise of our research is that although these curves are simple, they pro-
vide detailed information of stream ecosystem productivity dynamics. We used data
from two streams in the Oregon Coast Range to investigate daily gross primary pro-
ductivity (GPP). We used properties of the light-limited portion of the DOsat~PAR
regression curves to produce a model to estimate GPP. We found that the slope of the
DO-PAR relation varied widely between 1.6 x 10~* and 0.045 and had strong correla-
tions (? > 0.78). The data from one of the two study sites (Oak Creek) was used for
model development while the data from the other site (South Fork Mill Creek) was
used for model validation. The model's ability to quantify the effects of a discrete
storm event on stream productivity was tested by comparing GPP estimates calculated
through a Bayesian framework (streamMetabolizer) and our raw data-driven estimates
of GPP which were based on the variability of the DOsat~PAR regression curves. The
proposed methodology was successful in estimating GPP in headwaters. We foresee
that this method may be used to assess disturbances and construct a baseline under-
standing of productivity dynamics in other headwater ecosystems that is independent

of the methodological challenges of the current stream metabolism models.
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it is still difficult to accurately model stream primary production in

these systems (Appling et al., 2018), we have a diminished capacity to

Gross primary productivity (GPP) is a key ecosystem function that
influences stream nutrient cycling, stream food webs, and overall
stream carbon dynamics (Hall & Hotchkiss, 2017). However, estimat-
ing stream productivity in small headwater ecosystems continues to
be challenging due to low overall rates of primary production and a
high degree of uncertainty in oxygen exchange rates with the atmo-
sphere (reaeration) (Ulseth et al., 2019; Hall & Ulseth, 2020). Because

quantify how primary production changes within and across seasons
or how primary production responds to disturbance events.

Dissolved oxygen (DO) is a key metric in the modeling of stream
primary production (Hall & Hotchkiss, 2017). In most cases, the concen-
tration of DO increases through the day in conjunction with in-stream
primary production because oxygen is a byproduct of photosynthesis.

Dissolved oxygen then declines at night as it is consumed by respiration
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of both autotrophs and heterotrophs. When primary production and
respiration are the only processes influencing diurnal variability in DO,
the range in DO between day and night can be used to estimate rates
of primary production. However, DO levels in streams can be affected
by air pressure, water salinity and temperature, and flow turbulence
which affects the rate of atmospheric oxygen exchange. Dissolved oxy-
gen, expressed as percent saturation (DOsat), is likely to be more
closely associated to the productivity dynamics of the stream than DO
concentration because the percent saturation value accounts for local
water temperature (Diamond et al., 2021). Given the strong influence
that primary production has on diurnal variations of DOsat levels, stud-
ies have suggested that the photoperiod daily ranges of DOsat, com-
bined with other abiotic factors, can provide reliable proxy metrics for
primary production that can be used to capture seasonal changes as
well as to quantify the impacts of disturbance events such as high flows
that disrupt benthic autotrophs—the main autochthonous primary pro-
ducers in temperate mountain forested streams (Canadell et al., 2021;
Diamond et al., 2021; Hill, 1996; Hornick et al., 1981; McCutchan &
Lewis, 2002). For example, Bernhardt et al. (2018) used daily DOsat
data to illustrate fundamental differences in stream metabolic regimes
throughout the year, and Diamond et al. (2021) found that the daily
range of DO combined with stream temperatures were strongly corre-
lated with metabolism estimates in a fifth-order agricultural stream net-
work in spring, summer, and fall. Because one of the most dominant
factors influencing stream metabolism is light availability (Bernhardt
et al,, 2022; Blaszczak et al., 2023), we hypothesized that including data
on light along with DOsat would yield a potentially strong proxy for
stream primary production, in particular during the morning, given the
increasing activity of primary producers as the system emerges from
total darkness. We expected that coupling DOsat data with solar radia-
tion data [photosynthetically active radiation (PAR)] at the same high-
resolution time intervals, that is, DOsat-PAR curves, could provide a
viable proxy metric for the relative amount of primary production.

The use of proxy metrics is potentially powerful because they
allow for a higher resolution understanding of stream processes over
time and for an assessment of responses, even if an absolute measure
of primary productivity is unattainable (Canadell et al., 2021; Diamond
et al., 2021). Stream primary production estimates using open-channel
metabolism methods depend on accurate estimates of reaeration. This
is especially true in systems where primary production is low (Appling
et al.,, 2018;Hall & Ulseth, 2020; Ulseth et al., 2019). If a model fails to
accurately estimate reaeration in a stream (e.g., due to equifinality
issues, see Appling et al. (2018)), we lose data and with it a “complete
picture” of the site over time, which can be critical to understanding
highly dynamic systems like small streams (Blaszczak et al., 2023;
Munn et al.,, 2023). When data or synthetic ecosystem metrics are
missing for multiple days, key information may be lost—especially
regarding rapid changes during short storm events, which can cause
notable declines in stream primary production estimates (Blaszczak
et al., 2023; Roberts et al., 2007). For example, Beaulieu et al. (2013)
found that they were unable to estimate ecosystem metabolism for
c. 30% of the days in their 700-day monitoring effort due to the
inability to adequately estimate gas exchange (87 days of missing

data). Similarly, working across a watershed and a range of stream
sizes (43 stream sites), Diamond et al. (2021) found that only about
30% of their 8800 daily DO data had associated acceptable metabo-
lism estimates with most failed estimates occurring in smaller streams.
The inability to model air exchange rates can be addressed by direct
empirical estimates from gas releases over the range of flow condi-
tions to create a rating curve. While this process is possible (Beaulieu
et al.,, 2013; Roberts et al., 2007), it is labor-intensive and often
impractical, particularly in remote headwaters or under high flow con-
ditions. Clearly, if an accurate estimate of GPP is required, true reaera-
tion estimates must be produced; however, in many ecological
studies, scientific questions can be answered based on comparisons
of relative or proxy values, for example, when the focus is on whether
and to what degree a system changes over time or in response to a
disturbance (natural or anthropogenic).

In this study, we assessed the use of proxy measures to estimate
stream primary productivity and to identify and quantify dynamics of
stream primary production over time. Our objective was to investigate
the use of the DOsat-PAR relationships in forested headwater
streams to develop relative estimates of stream productivity. Specifi-
cally, we evaluated whether parameters associated with the linear
component of the relationship between DOsat and PAR and the
observed DOsat range provided viable proxy measures of ecosystem
productivity (GPP) that occur early in the day. These stream character-
izations and the proxy metrics evaluated here, offer the ability to esti-
mate the response of ecosystem processes to short- and long-term

changes in headwater streams based on raw field observation data.

2 | STUDY AREA

This study was conducted in two third-order mountain streams in the
Oregon Coastal Range, Oregon (USA) (Figure 1). Oak Creek was used
to calibrate the GPP model, while South Fork Mill Creek was used for
method validation. Oak Creek is a 6.7-km? watershed underlain pri-
marily by Siletz River volcanics with basalt as its major lithologic con-
stituent (Walker & Macleod, 1991). Oak Creek drains within the
McDonald-Dunn Research Forest of Oregon State University. The site
has a Mediterranean climate with wet winters and mild summers,
mean annual precipitation of 1620 mm (1997-2018), and mean
annual temperature of 7.6 °C (PRISM Climate Group, Oregon State
University, http://prism.oregonstate.edu/, created 12 November
2021). The watershed has rugged topography with slopes ranging
between 30% and 90% and a 140-650 m.a.s.l. elevation range. The
main overstory consists of the conifer Douglas fir (Pseudotsuga men-
ziesii) in the uplands of the watershed and deciduous big leaf maple
(Acer macrophyllus), red alder (Alnus rubra), and black cottonwood
(Papulus trichocarpa) along the riparian corridors (Cargill, 2019). The
study reach is 160 m long with a bankfull discharge of 3.4 m?® s,
average bankfull width of 6 m, a slope of 0.014 m m~L, and a median
grain size (Dsg) of the channel bed of 47.6 mm (Katz et al., 2018). The
mean daily flow between December 2017 and February 2019 was
013m3s %
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FIGURE 1

South Fork Mill Creek is a 4.3-km? catchment located near the
center of the Oregon Coast Range. The stream drains west into
the Siletz River and ultimately to the Pacific Ocean. The catchment is
underlain primarily by sandstone and siltstone of the Tyee Formation
(Walker & MacLeod, 1991), and its climate is also Mediterranean with
a mean annual precipitation of 2300 mm and mean annual tempera-
ture of 11 °C (PRISM Climate Group, Oregon State University, http://
prism.oregonstate.edu/, created 12 November 2021). The watershed
is formed by steep forested mountain slopes (5-90%) with a 100-
700-m elevation range. South Fork Mill Creek has a more open under-
story vegetation than Oak Creek, including ferns, grasses, stinging
nettle, and salmonberry; the riparian vegetation is primarily deciduous
including vine maple (Acer circinatum), red alder (Alnus rubra), and
black cottonwood (Papulus trichocarpa). The study reach in South Fork
Mill Creek is 160 m long with a bankfull discharge of 2.5 m® s~2, aver-
age bankfull width of 7 m, a slope of 0.008 m m™?, and a Dsq of the
channel bed of 29.7 mm (Bair et al.,, 2019). Mean annual discharge
between December 2017 and 2019 was 0.19 m® s~

3 | METHODS

3.1 | Field observations

We used 10-min data collected between December 2017 and May
2019. Each site was instrumented with a MiniDOT optical sensor
(Precision Measurement Engineering; Vista, CA, USA) to measure
DO (mg L™Y) and temperature (°C) within the water column. Three

cosine-corrected Odyssey Photosynthetic Irradiance Loggers

Location of the two study streams, Oak Creek and South Fork Mill Creek. Both streams are in the Oregon Coast Range.

(Dataflow Systems Ltd; Christchurch, New Zealand), calibrated with
a LI-COR quantum sensor (Campbell Scientific; Logan, UT, USA),

~2 571 along the reach. PAR loggers were

measured PAR (umol m
placed immediately above the stream to capture an average of the
available radiation reaching the stream surface. Although measure-
ments of PAR at the stream benthos can yield better estimates of
GPP in a full metabolic model (Kirk et al., 2020), we focused on PAR
measurements just above the stream surface because (1) most stud-
ies have and can access surface data more practically than benthic
data and (2) many temperate headwaters are relatively shallow and
clear, and therefore, we assume that light attenuation has a limited
effect relative to deeper and/or darker streams (Kirk et al., 2020). A
Levelogger Edge water level and a Barologger (Solinst; Georgetown,
Ontario, Canada) provided barometric-compensated water depth
(m) that was transformed into discharge (m® s~1) based on a depth-
discharge rating curve previously developed for each system (Bair
et al.,, 2019; Katz et al., 2018). There were sampling interruptions
due to sensor malfunction and operative decisions at both sites
resulting in semicontinuous time series rendering 367 days of
effective data between December 14, 2017 and February 14, 2019,
at the Oak Creek site, and 285 days of effective data between
March 20, 2018 and May 10, 2019, at the South Fork Mill
Creek site.

3.2 | Gross primary productivity modelling data

In a previous investigation, we modeled winter season daily GPP (g O,
m~2 day™?) during the 2017-2019 period at the two study sites
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(Cargill et al., 2021). The estimated GPP values varied between
2x10% and 82x 107t g O, m 2 day ! for Oak Creek and
2 x 1072 and 6.9 x 107* g O, m™2 day? for South Fork Mill Creek.
All GPP estimates were obtained using a single-station open-channel
method through the streamMetabolizer R package (Appling
et al., 2018). Although in Cargill et al. (2021) we aimed to model GPP
over a wet season in which we had 190 days in Oak and 82 days in
South Fork, the model only provided a reliable result for 76 days
in Oak Creek (40% of all days with available data) and 68 days in
South Fork Mill Creek (83% of all days with available data) (Figure 2).
Metabolizer failed in all these instances due to negative GPP values or
failure to converge. We used the GPP estimates of Cargill et al. (2021)
for the winter season (December 1-February 15) for model

calibration.

3.3 |
metrics

DOsat-PAR relationship and abiotic stream

Key proxy metrics in this analysis are based on the DOsat-PAR rela-
tionship, which is analogous to the structure of the photosynthesis-
irradiance (P-E) curves (Figure 3). The P-E curves describe the
response of a given community of primary producers to the available
solar irradiance (Ryther, 1956). These curves have been applied to
both terrestrial and aquatic systems to understand underlying ecosys-
tem processes (Bouman et al., 2018; Forget et al, 2007; Sand-
Jensen, 1997; Staehr et al., 2016). A P-E curve has an initial linear
slope (a) related to light-limited conditions (i.e., the capacity of photo-
synthetic pigments to capture photons) and a maximum productivity

value (P,,) that is reached under light-saturated conditions either
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saturation (DOsat) in stream water.
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asymptotically or as a peak. In the latter case, photoinhibition occurs
and productivity decreases at the highest observed irradiances
(Figure 3A) (Kirk, 1994b). The photosynthetic response of benthic
algae is typically modeled with a two-parameter (the initial linear slope
a and the specific photosynthetic rate at optimal illumination Pp,)
hyperbolic tangent equation (Boston & Hill, 1991; Jassby &
Platt, 1976) with an additional parameter (5) when photoinhibition
occurs (Platt et al., 1980). For either case, it is possible to determine
the onset of photosaturation (Ey), an irradiance value corresponding
to the point at which the maximum photosynthetic rate (P,,) would be
reached if the system was exclusively under light-limited conditions
(i.e., the intersection point between P, and the line with slope a).
Analogous to this P-E dynamic, the relationship between irradiance
values (PAR) and the DOsat content can be used to construct a
DOsat-PAR curve during the photoperiod of each day (Figure 3B).
When changes in DOsat are attributed to changes in GPP, the day-
light response of DOsat as a function of PAR may then be used as an
approximation of the whole system's primary productivity (Canadell
et al,, 2021).

For our analysis, we focus on three key metrics associated with
the linear component of the daily relationship between DOsat and
PAR: (1) the slope which is similar to the slope (a) in the P-E relation-
ship (Figure 3); (2) the coefficient of determination (R?) of the fit
between DOsat-PAR, which provides an indication of the strength of
the assumption that changes in DOsat result from changes in GPP;
and (3) the range of DOsat (DO.range, % saturation) similar to Py,
within the linear portion of the DOsat-PAR relationship, which is
analogous (although clearly not identical) to the peak photosynthetic
rate (P,) in the P-E curve. The total daily range in DO saturation
through the full photoperiod (DO.range.photo, % saturation) has been
found to be a valuable proxy metric in other studies (Diamond
et al., 2021), and it is included in a larger model comparison analysis
discussed below. In exploring the linear component of the daily rela-
tionship between DOsat and PAR, we only used data from the early
portion of the day when the system is transitioning from a period of
no light (with no GPP and O PAR) to a period of elevated light. By
focusing on this part of the day, we avoid issues with potential hyster-
esis in the relationship between PAR and DOsat over the course of
the day. Because daylight hours, sun angle, and the timing of peak
PAR vary throughout the year, it is inappropriate to pick a set period
or a set time of day in identifying the “first part of the day.” We there-
fore focused on selecting a set maximum PAR value as a cutoff for the
DOsat-PAR relationships that could be applied to the proxy data anal-
ysis. We selected the PAR range by testing how daily values of each
of the three focal metrics related to “known” daily GPP estimates
(Cargill et al., 2021) in our model training stream across PAR values
that ranged from 0-50 to 0-200 pmolm~2 s~ (Figure S1). We chose

to use the 0-100pmolm=2 s~

range because this range had high
consistent linearity with our three focal predictors, and this range
could be transferrable to systems where light saturation occurs at
lower PAR ranges than our exploratory site.

Given the analogous nature of the DOsat-PAR relationship to P-

E curves, we expect a clear positive linear relationship between PAR

and DOsat during the day from O to 100 umol m~2 s~%. On days with
high GPP, the resulting linear regression should have a strong R, a
positive and significant slope (&), and a large DO.range. In contrast,
on days with less GPP or on days when other processes (e.g., turbidity
or channel bed mobility) are disrupting GPP, we would expect a weak
R?, a shallower and less significant slope (o), and a low DO.range.

3.4 | Developing models to estimate stream GPP
from the DOsat-PAR relationships and abiotic stream
metrics

Beyond the three metrics derived from the DOsat and PAR relation-
ship (slope, R?, DO.range), we also consider as covariates mean water
temperature (°C), mean daily water depth (m), total photoperiod hours
(hours.photo), the full photoperiod range of DOsat (DO.range, %), and
two metrics proposed by Diamond et al. (2021): the daily range of DO
(g m~2) and the daily DO range multiplied by the average water depth
(gm™2). A correlation matrix was used to identify the independent
variables to include in a set of linear models to estimate daily GPP

(Figure S2 and Table S1). Ultimately, we selected eight potential

TABLE 1 Potential predictors for gross primary productivity (GPP)
in Oak Creek.
Predictor Code Description
Dissolved oxygen DOrange DO.range
range (% saturation)” DOrange. DO.range normalized to the
norm maximum observed value.
R?* R? Coefficient of determination
Slope* slope Slope
Water temperature temp Mean water temperature for
(°C) data points used in the DOsat-
PAR plot (0-100 umol m—2s™%)
Water depth (m) Depth. Mean water depth, normalized
norm to the maximum observed value
Depth. Natural log-transformed mean
norm.In water depth, normalized to the

maximum observed value

Total photoperiod (h)  hours.
photo

Daily number of light hours

Full photoperiod DO.range. Total daily DO range during the

range of DOsat (% photo photoperiod

Sat)

Total PAR (umol m~2  PAR.total.  Total PAR observed during the
day ) photo photoperiod

Daily range of DO D24h. Parameters in Diamond et al.
gm™) DORange  (2021)

Daily DO range D24h.

times average water DORange.

depth (g m2). depth

Eight variables in bold were used in linear models (Table S2).
*Parameters of the fit between DOsat-PAR in the range of O-
100 pmol m~2s7%,

**Variables discarted based on correlation matrix (Figure S2).
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predictors of GPP at Oak Creek (Table 1); given our goal of creating a
model with transferability and to compare more directly between our
two focal streams, we normalized two of the predictors (DO.range
and Depth) with respect to their maximum observed value at the site.
We considered 89 models with 1-5 covariates (Table S2).

We conducted an AIC analysis (Symonds & Moussalli, 2011;
Wagenmakers & Farrell, 2004) to determine the best linear models con-
sidering different combinations of covariates (Table 1) to predict the
GPP at Oak Creek using the aictab function within the R “AlCcmodavg”
package (Mazerolle, 2023) supplemented by AIC weights (Burnham &
Anderson, 2002). The variance inflation factor (VIF) (vif function within
the R “car” package) (Fox & Weisberg, 2019) was used to inform model
selection. As such, we discarded models with VIF above 4. Finally, we
used a cross-validation (fourfolds) to evaluate the predictive power of
the top models to predict GPP at Oak Creek using the train function
within the R “caret” package (Kuhn, 2008). Covariate pairs with abso-
lute correlation coefficient greater than 0.6 were not included in the
same model. The top candidate models to predict GPP at Oak Creek
were used to estimate GPP in South Fork Mill Creek. We compared
these predictions of GPP to the GPP estimates calculated with stream-
Metabolizer (Cargill et al., 2021).

3.5 | Capacity of proxies and models to capture
event and seasonal GPP dynamics

We explored the use of the developed model of GPP to capture exter-
nal controls of GPP. We used one of the top candidate models to esti-
mate GPP over the winter period with available data at Oak Creek
and South Fork Mill Creek and to investigate the effects of a relatively
large flood on GPP. In doing this, we isolated a single storm event per
site to evaluate how the predicted GPP using our model structure
responded to these high flow events; we aimed to investigate pre-,
during, and post-event conditions in the daily resolution that our

model structures were able to provide. The single focal storm at Oak

Creek was 1 m® 571 (30% of bankfull flow) (Katz et al., 2018) while
the single focal storm at South Fork Mill Creek was 1.6 m3 s~ (64%
of bankfull flow) (Bair et al., 2019).

4 | RESULTS

4.1 | Dissolved oxygen-DO-PAR relationship

We estimated daily values of slope, R?, and DO.range of the DOsat-
PAR relationship in the 0-100 pumol m~2 s~* range for 132 days in
Oak Creek and 69 days in South Fork Mill Creek between 2018 and
2019 (Figures 4 and 5). The slope varied between 1.6 x 10~* and
4.5 x 10~2in Oak Creek and between 4.2 x 103 and 3.51 x 10 2in
South Fork Mill Creek. As expected, R? was strong for both Oak Creek
(mean = 0.72) and South Fork Mill Creek (mean = 0.79) (Figures 4
and 5). The DO.range was similar between sites and varied between
0.38 and 2.81 in Oak Creek and between 0.55 and 2.60 for South
Fork Mill Creek (Figures 4 and 5).

Pearson correlations indicated strong positive relationships between
GPP and all the three parameters of the DO-PAR relationship (r > 0.49)
and with DO.range.photo, the total daily DO.range during the photope-
riod (r = 0.74). Strong negative relationships were found between GPP
and depth (r<—0.58) and the daily depth-scaled DO
(r = — 0.37). Weaker relationships were found between GPP and the
daily DO range (r = 0.28), the daily number of light hours (r = — 0.16),
and water temperature (r = — 0.30) (Table S1 and Figure S2).

range

4.2 | Model development to estimate gross
primary productivity

The total weight for each of the potential predictors across the con-
sidered models varied between 3.03 x 107> for depth-scaled DO diel
range (D24h.DORange.depth) and 0.46 for total photoperiod hours
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(hours.photo) (Table S3). The AIC analysis indicated four candidate
models with similar statistical power (Table S4) as indicated by the
Delta AIC < 2 (Burnham & Anderson, 2002). All top model structures
included as covariates the coefficient of determination of the fit
between DOsat and PAR (R?), total photoperiod hours (hours.photo),
and photoperiod range of DOsat (DO.range.photo) (Table 2). Three of
the top four models included mean water temperature (temp), one
model included natural log-transformed mean water depth, normal-
ized to the maximum observed value (Depth.norm.In), and one model
included depth-scaled DO diel range (D24h.DORange.depth)
(Table 2). Cross-validation on the four top models to predict GPP at
Oak Creek yielded strong model performance with cross-validation r?
between 0.72 and 0.80 (Table 2 and Figure 6). However, the model
yields a negative GPP value for 1 day. The VIC for the covariates in
the four best-supported models was below 3.0 (Table S5).

4.3 | Testing the Oak Creek GPP model at the
South Fork Mill Creek site

We used data for 59 days over the winter season (Figure 2) that had
available GPP data (Cargill et al., 2021) and complete daily DO-PAR
data to derive model parameters. The performance of three of the top
4 models was strong with r? between 0.64 and 0.72 (Figure 7). These
three models (Figure 7A,B,D) accurately depicted the temporal pat-
terns of GPP (Figure S3, S4, S6) yielding one to three negative values.
One of the top four models, m.five.4, underestimates GPP vyielding
46 negative GPP estimates (Figures 7C and S5). The three models that
best predicted GPP at South Fork Mill Creek, m.five.3, m.three.23,
and m.four.8, shared as covariates the coefficient of determination of
the DOsat-PAR relationship (R?), the daily number of light hours
(hours.photo), and the full photoperiod range of DOsat (DO.range.
photo). Two of these models, m.five.3 and m.four.8, included water

temperature. The worst model to predict GPP at South Fork Mill

Creek, m.five.4, was the only model that included the daily DO range
times the average water depth (D24h.DORange.depth) as a covariate.

44 | Capacity of the site-specific models to
capture event and seasonal GPP dynamics

We selected the most parsimonious model to predict GPP (model m.
five.3, Table 2), to analyze changes in GPP during the winter period
for both Oak Creek and South Fork Mill Creek (Figure 8). We used the
model not only for the days in which we had GPP estimates from
metabolizer but also for days in which metabolizer failed to produce
values (Figure 2). That is, we solved for GPP for 161 days in Oak
Creek and 81 days in South Mill Creek. This encompasses a potential
strength of the proxy metrics because we were able to increase the
number of winter days with GPP estimates from 55 to 161 days in
Oak Creek and from 59 to 81 days in South Fork Mill Creek.

The values of GPP we estimated using the top model m.five.3
(Table 2) varied between 0 and 0.64 g m—2 d? for both Oak Creek
and South Fork Mill Creek. A high streamflow event in January 2018
illustrates the impact of high flows in both systems (Figure 9). Oak
Creek responds quickly to flow disturbances with GPP declining to
almost zero (Figure 9A,B). The system did not return to pre-storm
GPP levels 29 days after the storm. The same storm at South Fork Mill
Creek also reduced GPP but the reduction was modest, and the sys-
tem returned to pre-storm conditions between 21 and 24 days after

the end of the storm event.

5 | DISCUSSION

Primary production is a fundamental ecosystem process that has
implications for biogeochemical cycling and food web dynamics in

both aquatic and terrestrial ecosystems. In streams, advances in DO
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TABLE 2

Model code name Covariate b (SE)?

m.five.3 Intercept 0.638 (0.287)
R? 0.262 (0.08)
Depth.norm.In — 0.092 (0.048)
temp 0.005 (0.009)
hours.photo — 0.101 (0.026)
DO.range.photo 0.149 (0.032)

m.three.23 Intercept 0.907 (0.253)
R? 0.227 (0.08)
hours.photo —0.12(0.025)
DO.range.photo 0.191 (0.025)

m.five.4 Intercept 0.819 (0.257)
R? 0.24 (0.08)
temp — 0.003 (0.007)
hours.photo —0.103 (0.026)
DO.range.photo 0.176 (0.026)
D24h.DORange.depth —2.313(1.412)

m.four.8 Intercept 0.918 (0.254)
R? 0.236 (0.081)
temp — 0.006 (0.007)
hours.photo — 0.117 (0.025)
DO.range.photo 0.184 (0.027)

Parameter estimates and summary statistics for the best-supported models to predict GPP at Oak Creek.

XCr? AIC AlCw Ai RMSE
0.77 —139.6 0.3 0 0.065
0.80 -~ 1389 0.2 0.65 0.066
0.74 — 1385 0.2 1.04 0.064
0.72 —137.6 0.1 1.98 0.066

These models were selected based on the Akaike information criteria (AIC), the change in the AIC relative to the best-supported model (Ai), and AIC

weights (AICw) for the best supported (i.e., with Ai < 2).

Abbreviations: XCr?, mean cross-validation r%; RMSE, root-mean-square prediction error (fourfolds).

2Coefficient value and standard error in parenthesis.

logging capabilities and in the models for open-channel metabolism
have greatly expanded the range of systems in which aquatic ecolo-
gists can estimate rates of primary production (Bernhardt et al., 2018).
Headwater streams however remain areas where highly complex
reach hydraulics create conditions that may prevent modeling of
reaeration and substantially limit our ability to obtain consistent esti-
mates of GPP (Appling et al., 2018; Ulseth et al., 2019). When data for
synthetic ecosystem metrics are missing for multiple days, key infor-
mation may be lost—especially in capturing ecosystem responses to
short-term events. Having incomplete information prevents
researchers from understanding the “complete picture” of the site.
We found that the raw, high-resolution time series of DO and PAR
may be used to construct DOsat-PAR curves, in a similar manner as
the P-E curves, and that the parameters of these DOsat-PAR curves
may be used to estimate GPP in forested headwater streams. The
GPP estimates from multiple linear models aligned well with observed
GPP in a headwater stream, and the estimates effectively captured
ecosystem dynamics during an acute disturbance event. The use of
these high-resolution raw data does not replace the value of accurate
estimates of GPP when specific carbon fixation data is needed, but
the strong relationship that we found suggests that these proxy esti-

mates are valid in assessing relative rates of GPP. Further, the clear

responses in our proxy metric estimates to a streambed disturbance
indicate that these proxy-derived estimates are valid in stream studies
where one is interested in quantifying the response of GPP to
changes imposed upon streams and stream riparian areas (naturally or
in an experimental context).

Other recent studies have shown that proxy metrics can be used
to estimate GPP and identify spatial patterns in GPP in agricultural
and glacial stream systems (Canadell et al, 2021; Diamond
et al., 2021; Mulholland et al., 2005), but few proxy metric assess-
ments have been made in forested headwaters, which are often highly
shaded and have small daily fluctuations in DO saturation, making
them difficult systems in which to estimate GPP. Studies assessing
proxy metrics for stream GPP have found the daily range in DO
through the day (Canadell et al, 2021; Diamond et al., 2021;
Mulholland et al., 2005) and stream depth (Diamond et al., 2021) to
be effective metrics with more detailed aspects of daily light fluxes
having been included less frequently (general measures of daily PAR
or canopy cover have been more widely used) (e.g., Blaszczak
et al.,, 2023; Kirk et al., 2020; Munn et al., 2023). In our study, stream
depth was a factor in some of our models, but it was not a consis-
tently important metric across all top models. Diamond et al. (2021)

suggested that the importance of depth in their proxy estimate
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FIGURE 6 Observed
(Metabolizer) versus predicted GPP at
Oak Creek using the best-supported
models (Tables 2 and S4): (A) best
model (AAIC = 0) with five
explanatory variables: R?, Depth.
norm.In, temp, hours.photo, and DO.
range.photo; (B) second model

(AAIC = 0.64) with three explanatory
variables R?, hours.photo, and DO.
range.photo; (C) third-best model
(AAIC = 1.04) with five explanatory
variables: R2, temp, hours.photo, DO.
range.photo, D24h.DORange.depth;
and (D) fourth-best model

(AAIC = 1.98) with four explanatory
variables: R2, temp, hours.photo, and
DO.range.photo. The cross-validation
r? (XCr?) is indicated. Solid line
indicates the relationship between
observed and predicted GPP, and the
dashed line is a 1:1 relationship.

FIGURE 7 Observed versus
predicted GPP at South Fork Mill
Creek using the best-supported
models derived from the Oak
Creek model selection (Figure 4,
Table 2). (A) Best model with five
explanatory variables: R?, Depth.
norm.In, temp, hours.photo, and
DO.range.photo; (B) second model
with three explanatory variables:
R?, hours.photo, and DO.range.
photo; (C) third-best model with
five explanatory variables: R?,
temp, hours.photo, DO.range.
photo, and D24h.DORange.depth;
and (D) fourth-best model with
four explanatory variables: R?,
temp,hours.photo, and DO.range.
photo. Solid line indicates the
relationship between observed and
predicted GPP, and the dashed line
is a 1:1 relationship.
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A Metabolizer Predicted GPP ——Q ‘ FIGURE 8 Estimates of GPP for
7 1 0.5 1.6 Oak Creek (A,B) and South Fork Mill
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models was likely due to the wide range of stream sizes included in
their study, thereby increasing the range of depths and the relative
influence of depth on GPP across their study streams. We focus on
only two streams of comparable size, but during our focal period (win-
ter), these sites had substantial fluctuations in stream flow, and we
therefore attribute the inclusion of depth in one of our top models to
the effects of high flow events on GPP (Cargill et al., 2021; Cronin
et al,, 2007; Katz et al., 2018; Segura et al., 2011) rather than as a
result of a wide range of stream sizes and depths. Daily DOsat range
was included within all four of our top AIC models in our study, but
DO metrics and depth alone did not produce strong models to predict
GPP. The AIC analysis indicated that the R? of the fit between PAR
and DOsat in the first part of the day was also an important predictor,
more important in fact than stream temperature or water depth.
Overall, we found that the collective use of DOsat-PAR curve metrics
(slope, coefficient of determination, and DOrange) substantially

improved the proxy GPP estimates in this system. Our findings

12/19-12/23
12/29-1/2
1/3-1/7
1/8-1112
113-117

12/24-12/28

support the value and viability of using daily DO range and depth as a
proxy for GPP as suggested by others; however, we found that light
metrics were also important additional factors to include with daily
DOsat range to improve GPP estimates in our forested headwater
ecosystems.

Stream PAR data for this study was derived from a single mea-
surement of light above the stream, which we acknowledge may not
reflect reach-scale PAR or the amount of light reaching the stream
benthos (Kirk et al., 2020). In forested streams, light may be spatially
variable along a stream (Kaylor et al., 2017; Warren et al., 2013) and
temporally variable over seasons (Hill & Dimick, 2002) or within a day
(Heaston et al., 2017). The water column attenuates light exponen-
tially due to scattering and absorbing of photons by water, water-
soluble humic substances, tripton and phytoplankton (Kirk, 1994a),
and although the depth of the water column is not large in headwater
mountain streams, moderate and large floods may suspend silts and

clays which can significantly reduce light penetration through the
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water column (Davies-Colley et al., 1992; Davies-Colley &
Smith, 2001; Kirk et al., 2020). Kirk et al. (2020) found that measure-
ments of benthic light yield better estimates of GPP than those from
the stream surface. Although our light measurement was from only
one location and above the stream, it still clearly captured key sea-
sonal light dynamics and the potential attenuation of light during and
after storms manifested in a poor fit between PAR and DOsat and so
was accounted for to some degree in our analysis (although it does
not determine whether a poor fit was a result of light attenuation or
loss of benthic biofilms). Although it is not a perfect reflection of light
flux to the system, based on the AIC model results here, we suggest
that a single measurement of PAR above the stream is a valuable raw
data metric that should be logged along with stream depth and DO if
researchers plan to conduct proxy estimates of GPP.

The specific models and model parameters developed for the cur-
rent study are likely applicable for winter-season GPP estimates in
forested low- and mid-order streams in western Oregon, Washington,
and northern California because those areas have similar winter cli-
mate regimes and similar lithologies (Segura et al., 2020; Wissler
et al., 2022). In other regions, we suggest that the GPP estimates
derived from models in this study are likely to correctly reflect relative
GPP rates, but they may produce inaccurate actual GPP estimates due
to differences in temperature, light, and nutrient levels. Both tempera-
ture (Demars et al., 2011) and nutrient levels (Bernhardt et al., 2018)
affect stream GPP and likely the slope of the DOsat-PAR relationship
and the magnitude of the DO increase during the period of increasing
morning light. However, even if the parameter values differ, we
expect that the fundamental relationships will hold. Therefore, even if
the use of metrics from this study may systematically overestimate or
underestimate GPP, the use of these metrics to estimate a proxy GPP
value can be used in pre- and post-analysis to quantify changes in pro-
cesses following a disturbance or stream modification. An additional
consideration in broader extrapolation of these metrics is changes in
streamflow that substantially reduce water volume and can therefore
affect water surface area to volume ratios. Depth is accordingly also
an important consideration. While depth is included in two of our top
models, at much lower summer flow, changes in surface area to vol-
ume in streams may more substantially influence the exchange of oxy-
gen with the atmosphere and therefore the degree of DO saturation
(Mulholland et al., 2001). This may in turn affect the slope of the
DOsat-PAR relationship and the maximum DO saturation level.
Although different temperatures, lithologies, and depths may affect
the slope or max DO saturation levels, we expect the parameter for
the fit of the relationship between DOsat and PAR at the start of the
day (R? value of the relationship between DOsat and PAR with PAR
values from O to 100 pmol m~2s7Y) to remain relatively robust.
Finally, even though we demonstrated that three of the top four
models were able to provide substantially more daily estimates of
GPP than stream metabolizer, the models still yield one negative GPP
estimate in Oak Creek and one to three negative GPP estimates in
South Fork Mill Creek, all of which are impossible and would therefore
need to be excluded. However, these numbers of negative (excluded)

values are far lower than the number of days stream metabolizer

failed to provide an estimate (117 days in Oak Creek and 35 days in
South Fork Mill Creek).

Overall, although specific values derived from this study's
model parameter values may not be as directly applicable to all
other systems, we suggest that the metrics themselves are valid in
developing proxies, even if regional parameterization is required
for more accurate estimates. This is because the metrics here not
only are founded on strong empirical relationship between proxy
estimates and those derived from stream metabolizer but also
because the development of these metrics are grounded in a fun-
damental and well-established relationship between light and pri-
mary production. By focusing on light dynamics at the start of the
day—beginning when there is no light—and running to a light expo-
sure level restricted to the linear part of the PAR-DOsat curve, this
framework should apply to both forested and shaded or more open
systems. This is because all systems are light limited at the start of
the day, and thus, GPP will increase with light. However, a new set
of regional or seasonal parameters may need to be developed in
order to generate accurate GPP estimates for other regions or at

other times of year.

6 | CONCLUSION

We found that high-frequency measurements of DO saturation and
light availability in streams together can yield strong proxy estimates
for stream primary production and that the proxy estimates from
these metrics can clearly identify ecosystem-level impacts to stream
GPP. The AIC analysis identified four models to predict GPP in Oak
Creek with similar statistical power. Three of these models performed
well to predict GPP in South Fork Mill Creek. These models included
coefficient of determination of the DOsat-PAR relationship (R?), the
daily number of light hours (hours.photo), the full photoperiod range
of DOsat (DO.range.photo), and two of the models included water
temperature. The proxy metrics here did a good job of capturing the
disruptive effects of storm events on GPP in these systems. The proxy
metrics clearly identified impacts of a storm event on GPP with results
that were comparable with the full GPP estimates from stream meta-
bolizer (Cargill et al., 2021). For both sites, flow pulses generated a
negative response in GPP, but the effect was stronger at Oak Creek.
Even though the flow pulses appear to imprint a weaker signal on the
GPP estimates at South Fork Mill Creek, the site-specific model is able
to produce a time series of GPP that responds to both flow events.
The proxy metrics also provided an advantage over the metabolizer
GPP estimates because we were able to obtain data for every day.
The proxy data provided continuous estimates that allowed for a
clearer picture of GPP recovery following storm events. Overall, the
ability to estimate total or relative GPP in forested headwater ecosys-
tems opens opportunities to use simple instrumentation to assess sea-
sonal and annual GPP trends as well as responses of forested
headwater systems to disturbances such as floods, forest manage-
ment, wind-throw events, ice storms, wildfire, urban/suburban devel-

opment and flooding, as well as stream restoration efforts.
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