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Abstract
Both local and global climate phenomena shape the hydrologic regimes of watersheds. For aridland rivers in

the southwestern United States, peak flows occur during two distinct periods: spring snowmelt and summer
monsoons. Although discharge (Q) is a primary driver of variation in the production and consumption of
instream organic matter, or stream metabolism, few connection have been made regarding how climate impacts
ecosystem processes through changes in flow and related disturbances. We considered how variation in distur-
bance variables, specifically Q and associated changes in turbidity, affected gross primary production during
spring snowmelt and summer monsoons in the Rio Grande. Nine years of continuous environmental data (Q,
turbidity, light) and climate indices (i.e., El Niño-Southern Oscillation and Monsoon Index) were used to
explain the variation in gross primary production estimates. We found that relationships were sensitive to the
timescale of disturbance: at the seasonal scale, high snowmelt Q decreased spring mean gross primary produc-
tion, while at the daily scale, high turbidity, and to a lesser extent Q, reduced gross primary production during
summer. Also, mean Q and turbidity disturbances were uncoupled in spring and inversely related in summer.
We conclude that long-term datasets are essential to uncover emergent relationships between broad-scale cli-
mate patterns and ecosystem processes and are necessary to better understand how hydroclimatic variability
drives ecosystem processes at varying time scales in rivers across Earth.

Interrelated global and regional climate phenomena,
including those associated with sea surface temperature fluctu-
ations (e.g., El Niño-Southern Oscillation [ENSO]), monsoon
systems (e.g., North American Monsoon), and large-scale

disturbances (e.g., atmospheric rivers), all influence the hydro-
logic regimes of streams and rivers (Dettinger and Diaz 2000;
Gochis et al. 2006; Dettinger et al. 2011; Sagarika et al. 2015).
For example, ENSO delivers seasonally predictable precipita-
tion that varies according to global position and temporally
with the phase of the phenomenon (Ropelewski and Hal-
pert 1996; Stone et al. 1996). These precipitation patterns, in
turn, drive characteristic changes in discharge in streams and
rivers draining affected catchments (Molles Jr and Dahm 1990;
Wanders and Wada 2015; Clark et al. 2014). ENSO-related var-
iation in precipitation and discharge also affects surface water
quality, including nutrient and sediment loads, and the trans-
port of these constituents to downstream receiving water bod-
ies (Keener et al. 2010; Acuña et al. 2005; Morera et al. 2017).

Although the effects of broad-scale climate phenomena are
known for streamflow, sediment and solute transport, and
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biogeochemical cycling, few links have been made to river
metabolism. Gross primary production (GPP) and ecosystem
respiration (ER) in streams and rivers are dynamic and highly
variable across years, causing the balance between these two
processes (carbon production vs. carbon consumption), and
hence carbon availability, to vary annually (Marzolf et al.
2024; Ulseth et al. 2018; Summers et al. 2020). The dominant
controls on stream metabolism are light and discharge
(Bernhardt et al. 2018, 2022) and these environmental con-
trols vary spatially across climate regions (Savoy et al. 2019)
and river networks (Young and Huryn 1996; Dodds et al.
2018; Hosen et al. 2019), and temporally across seasons
(Beaulieu et al. 2013). For example, high flow reduces GPP by
decreasing light availability for photosynthesis as water depth
and turbidity increase (Julian et al. 2008), shifting metabolism
toward heterotrophy, as primary producers are more suscepti-
ble to increases in discharge than heterotrophic assemblages
(Uehlinger and Naegeli 1998; Atkinson et al. 2008; O’Connor
et al. 2012). However, we know less about how flow variation
controls metabolism across and within years as a function of
broad-scale climate patterns. This uncertainty in relationships
that span varying temporal scales (e.g., hours to years) risks
misunderstanding the drivers of GPP in absence of multi-year
time-series data.

The impacts of broad-scale climate drivers on stream meta-
bolic processes are particularly relevant in regions where cli-
mate patterns strongly control precipitation and subsequent
stream flow. In the southwestern United States, hydrologic
variation occurs seasonally, with periods of high discharge in
spring from snowmelt and in summer from short-lived and
spatially discrete monsoon rainstorms. Winter precipitation as
snow in high-elevation headwaters is linked to ENSO, with
elevated snowfall in El Niño years causing increased spring
runoff. Drivers of the North American Monsoon pattern are
complex, with seasonal shifts related to variation in land and
sea surface temperatures (Grantz et al. 2007) and extreme
events linked to moisture surges from the Gulf of California
and the occurrence of convective and frontal systems (Duan
et al. 2024). Although both climate phenomena affect precipi-
tation in this region, hydrologic conditions differ between sea-
sons. Snowmelt discharge originates in high-elevation
portions of the watershed that are highly vegetated and mini-
mally erosive, and thus associated increases in turbidity are
due to mobilization of in-channel sediments (Nordin and Bev-
erage 1965). In contrast, monsoon events occur throughout
the watershed, including in lower elevation portions with
minimal vegetation and highly erosive geology (Wilcox et al.
2003), dramatically increasing turbidity as soils are moved
from the landscape into stream channels. Interestingly, during
summer, turbidity can greatly increase in perennial stream
reaches with only minimal increases in discharge when low-
volume, but sediment-rich inputs occur from small intermit-
tent tributaries (Fig. 1). Additionally, the temporal scale of
these disturbances differs, with (sub)monthly-scale changes in

discharge and turbidity associated with snowmelt, whereas
monsoons produce (sub)daily-scale impacts (Fig. 1).

In this study, we use long-term continuous dissolved oxy-
gen (DO) and water quality data to assess how two types of
disturbance that are influenced by broad-scale climate phe-
nomena, discharge and turbidity events, affect variation in
primary production in a large aridland river during two hydro-
logically distinct periods, spring snowmelt (March–June), and
summer monsoons (July–September) (Fig. 1). We developed
an a priori data analysis plan that we conducted at two time
scales, seasonal and daily means, to match the scales of the
analyses to the disturbances. We hypothesized that a coarser
temporal scale (seasonal mean) would be most appropriate for
long-duration disturbances (i.e., spring snowmelt) whereas a
finer temporal scale (daily mean) would best identify short-
duration disturbance (i.e., discrete summer rainfall-runoff)

Fig. 1. Hypothesized linkages between climate (El Niño-Southern Oscilla-
tion—ENSO [black arrows] and the North American Monsoon—NAM
[gray arrows]), physical disturbances (discharge [blue] and turbidity
[tan]), and ecosystem response (gross primary production—GPP) during
dynamic seasonal periods, spring snowmelt and summer monsoons. Con-
ceptual graph shows idealized flow and turbidity disturbance patterns.
Each arrow represents a testable relationship between predictor and
response variables. Thick arrows are hypothesized to have stronger effects
between predictor and response variables compared to thin arrows.
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impacts on GPP. Additionally, climate patterns were struc-
tured differently in statistical models based on the time scale
of analysis to understand the role of complex climate-
disturbance-ecosystem linkages. We predicted that in the
spring, ENSO affects seasonal discharge, and to a lesser extent
turbidity, such that El Niño conditions (increased snowpack,
discharge, and turbidity) reduce GPP, while La Niña condi-
tions (decreased snowpack, discharge, and turbidity) enhance
GPP. We predicted that North American Monsoon precipita-
tion events in the summertime would affect short-duration
increases in turbidity that are often associated with minimal
increases in daily mean discharge, lowering rates of GPP dur-
ing wetter monsoon years.

Methods
Study site

The Rio Grande is the fifth longest river in the
United States, flowing 2830 km across three states. The Mid-
dle Rio Grande is defined as the reach extending from the
Otowi streamflow gauge (US Geological Survey, USGS
#08313000) above Cochiti Reservoir to Elephant Butte Res-
ervoir in New Mexico (Fig. 2). Within the Middle Rio
Grande, snowpack from high-altitude sub-basins contrib-
utes to spring runoff, while monsoonal rainstorms control
variation in baseflow summer discharge. Most rainfall
occurs during the North American Monsoon Season in July
and August, based on point precipitation frequency esti-
mates (NOAA Atlas 14; https://hdsc.nws.noaa.gov/hdsc/
pfds/) and is highly variable in space and time. During
periods of elevated discharge derived from snowmelt or
rainfall runoff, intermittent streams contribute flows and
transport sediments to the Middle Rio Grande (Ortiz 2004;
Swanson et al. 2011).

Our study site located in Bernalillo, New Mexico at the
US 550 Highway Bridge (“Bernalillo”; 35�19019.5300N,
106�33026.8700W) is in a transitional zone for river geomor-
phology and land use (Fig. 2). Upstream of this site, the river-
bed is armored with coarse substrate. At the study site, the
substrate is a mixture of coarse gravel and sand throughout
the low sloped channel, � 0.001 m m�1 (Massong et al. 2010)
and changes downstream to sand riverbed. This site is also at a
land use transition point from a predominately grassland,
riparian forest, and shrub/scrub land-cover upstream to an
urban development land use downstream of the site (Regier
et al. 2020).

The Middle Rio Grande region has undergone considerable
geomorphic changes due to the engineering of the channel
and construction of Cochiti Dam in 1973, which is located
� 45 km upstream of this study site and is operated for flood
and sediment control. Specific changes to the Middle Rio
Grande at Bernalillo include increased river depth and
decreased width (degradation) due to changes in sediment
loads downstream of Cochiti Dam (Davis et al. 2014).

Channel incision and high riverbanks prevent overbanking
(Massong et al. 2006) and the river is constrained in a single
main channel while historic minor flow paths are mostly
abandoned.

Data sources
We combined high temporal resolution data for water qual-

ity, meteorological, and hydrological variables to model
metabolism parameters (GPP, ER, and gas exchange [K]). We
used 9 yr of daily metabolism estimates to explore relation-
ships between GPP and physicochemical variables at different
time scales.

Physicochemistry
A long-term water quality record from 2007 to 2019 pro-

vided high resolution (15-min intervals) time series of DO
(mg L�1), water temperature (�C), turbidity (NTU), specific
conductance (μS cm�1), and pH. Data were collected with Yel-
low Springs Instruments (YSI); YSI 6920 and YSI 6920 V2
instruments were used from 2007 to 2012, and YSI EXO
instruments were used from 2013 to 2019. A difference in
these sensor models is the improvement in maximum detec-
tion limit in turbidity from 1200 NTU to > 4000 NTU, so we
capped the maximum value at 1200 NTU to compare turbidity
measurements across years. Instruments were serviced every
2–4 weeks following USGS standard operating procedures
(Wagner et al. 2007). Time gaps in the water quality record
were due to burial of the probe or instrument, biofouling,
malfunctioning of the probe, or temporary removal of the sen-
sor from the site (e.g., data from 2009 are absent). When pos-
sible, time gaps were filled using data collected by the
United States Geological Survey (USGS gauge #08329400) and
Albuquerque Metropolitan Arroyo Flood Control Authority.
Data quality was assessed for the entire record using Aquarius
Workstation 3.10 (Aquatic Informatics) and corrected for drift
and fouling with the spline interpolation function when
applicable.

Hydrology and river depth
Discharge data were collected at 15-min intervals at stream

gages maintained by the USGS (Nos. 08317400, 08317950,
08319000, 08328950, 08329835, 08329918). We used water
quality parameters to calculate a mean travel time from
Bernalillo to USGS gage 08329918 (Rio Grande at Alameda
Bridge) of 5 h. We then estimated discharge at Bernalillo based
on the time corrected discharge at USGS gage 08329918 by
removing intermittent flows measured between the two loca-
tions based on USGS gage 08329900 (North Floodway Chan-
nel near Alameda). The remaining USGS gages were used as
hydrographic comparisons to further distinguish between
flows at USGS gage 08329918 which originated above and
below Bernalillo. Field measurements of channel width, area,
velocity, and discharge taken by the USGS that spanned the
study period (2007–2019) were used to develop power law
functions to estimate mean river depth from the continuous
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(Figure legend continues on next page.)
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discharge record (Leopold et al. 1953). The river channel was
assumed to be rectangular.

Meteorology
Air pressure and shortwave radiation were obtained from

the National Aeronautics and Space Administration’s (NASA)
North American Land Data Assimilation System (NLDAS) as
gridded datasets at 1-h intervals and 0.125� spatial resolution.
Shortwave radiation (I) was converted to photosynthetic
active radiation (PAR [μmol m�2 s�1]) following Meek et al.
(1984); PAR = I � 2.04. The daily light integral (μmol m�2

d�1) was calculated from instantaneous measurements of PAR.
We accessed the MesoWest data portal (https://mesowest.
utah.edu) for barometric pressure (mb) collected in hourly
to 5-min intervals at the KABQ station (35�2030.0100N,
106�36052.9900W). Barometric pressure was corrected for
elevation differences between meteorological and water
quality sites. Meteorological data were interpolated by
applying a cubic spline function from the zoo package
(Zeileis and Grothendieck 2005) in R (2018, R Core Team,
Vienna, Austria) to match the 15-min interval of water
quality data.

Climate
Historical climate information on the ENSO phenomenon

was taken from the National Oceanic and Atmospheric Associa-
tion (https://origin.cpc.ncep.noaa.gov). We used the Oceanic
Niño Index (ONI) value that references the 3-month running
mean of sea surface temperature anomalies for the December–
February period as a continuous variable. Typically, ENSO
categories—El Niño (EN), La Niña (LN), Medial (M)—are identi-
fied from this ONI and are used to represent precipitation and
subsequent flow conditions, which occur as snowpack and snow-
melt discharge in the southwestern US region (Molles Jr and
Dahm 1990; Summers et al. 2020). During this study, a combina-
tion of EN (2007, 2010, 2015–2016, 2019; n = 5), LN (2008,
2011–2012, 2018; n = 4), and M (2013–2014, 2017; n = 3) con-
ditions occurred from 2007 to 2019, excluding the year 2009.
We used the ONI as a continuous variable of ENSO condition
with positive and negative values for ONI representing varying
EN (wet) and LN (dry) conditions, respectively, based on devi-
ations from the ONI zero defined by the centered 30-yr period
that is updated every 5 yr. Note that a couple of years had the
same ONI values, specifically years 2013 and 2014
(ONI = �0.4) and 2012 and 2018 (ONI = �0.9); there were
seven unique ONI values during this study (Fig. 3).

We developed a site-specific Monsoon Index using monthly
mean PRISM precipitation data (https://cran.r-project.org/
web/packages/prism/vignettes/prism.html) from June through

September for each year (2009–2018) relative to the drainage area
above the study site but downstream from Cochiti Dam, to cap-
ture the high spatial heterogeneity in rainfall (Gutzler 2004). The
approximate drainage area impacting the study site was cropped
using the USGS Hydrologic Unit Codes as guidance for extracting
PRISM precipitation data with a 4-km grid resolution using the
prism package (Edmund et al. 2025) in R. Monthly mean precipi-
tation data were summed across the summer season for each year
and compared to a 30-yr mean to generate anomalies that repre-
sented interannual variation with positive and negative values
for the Monsoon Index representing wet and dry conditions,
respectively. A total of nine Monsoon Index values were unique
(i.e., one for each year) for this study (Fig. 3).

Metabolism estimation
We estimated reach-scale metabolism using streamMetabolizer

(version 0.11.3) which allows for gross primary production
(GPP), ER, and gas exchange between air-water to be free
parameters in the DO model (Odum 1956; Appling
et al. 2018). The DO model, Eq. 4, was implemented to esti-
mate metabolism at each timestep:

ΔOmod,i,d ¼ GPPd

zi,d
�PPFDi,d

PPFDd

� �
þ ERd

zi,d

� �
þ f i,d K600dð Þ Osati,d�Omod,i,d

� �� �
�Δt

ð1Þ

where the change in modeled oxygen concentration (ΔOmod

[mg L�1]) at i (15-min timestep interval) for a day (d) is a func-
tion of daily average rate of gross primary production (GPP [gO2

m�2 d�1]), observed photosynthetic photon flux density (PPFD),
and daily mean of PPFD (PPFD); the daily average rate of ER (gO2

m�2 d�1) and GPP; estimated mean river depth (z [m]); and
K600 is the gas exchange rate coefficient scaled for temperature
using a Schmidt number of 600 and converted to an oxygen spe-
cific gas exchange rate through the function (f) (Jähne
et al. 1987) and driven by the difference of theoretical saturation
(Osat [mgL�1]) and modeled (Omod [mgL�1]) oxygen concen-
trations (Appling et al. 2018). In this state-space model, Omod

represents the unobserved state of oxygen concentration.
Continuous data were prepared into two overlapping time

period batches for streamMetabolizer and run on a high perfor-
mance computer. We implemented a Bayesian model variant
with identical partial pooling of K600 across days for both
batches, then compared K estimates for across years (Supporting
Information Fig. S1). For each batch run, a piecewise relation-
ship, consisting of seven linearly connected points, was used to
relate K600 values to daily mean Q (Appling et al. 2018) with the
relationship bounded by the minimum and maximum Q values.

(Figure legend continued from previous page.)
Fig. 2. Study site (Bernalillo) located on the Middle Rio Grande noted by a water quality sensor (pink square), along with meteorological stations (trian-
gle), and US Geological Survey gauge for discharge (circle). Water quality station is 45 km from Cochiti Dam. National Land Cover Dataset (NLCD) is
shown for 2016. Meteorological stations SolRad and Kabq are separate stations but overlap due to the spatial scale.
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Default and previous estimates of metabolism in the Middle Rio
Grande from Summers (2019) and (Lusk et al. 2012) were used
to inform priors of mean (3.1 and � 3.1 g O2 m

�2 d�1) and stan-
dard deviation (3.1 and 7.1 g O2 m

�2 d�1) values of GPP and ER,
respectively. Additionally, we used a mean center for K600 of 9.4
d�1, a log-normal distribution with a standard deviation of 0.7,
and a sigma of 0.05 based on methods identified by Ulseth et al.
(2019). Markov chain Monte Carlo simulations were run with
1000 burn-in steps and 500 saved steps, similar to (Arroita
et al. 2019) and (Appling et al. 2018). We used the following
criteria for selecting reasonable model estimates of GPP: (1) the
Gelman-Rubin R < 1.1 (Gelman et al. 1996) to indicate conver-
gence of Markov chain Monte Carlo simulations for each param-
eter (GPP, ER, and K); (2) comparison of subdaily observed and
modeled DO concentrations to validate goodness of fit
(i.e., timing and concentrations values); and (3) identifying unre-
alistic estimates where the mean daily value exceeded 1.96 times
the daily standard deviation in the negative and positive direc-
tion for GPP and ER, respectively. We excluded days from the
data analyses if the model selection criteria were violated.
Instances when GPP was < 0 but > �0.5 were rounded to 0.1
because these days still represent reasonable, albeit low, biologi-
cal activity (Appling et al. 2018). We checked for covariance in
GPP and ER with K estimates (Supporting Information Fig. S2),
which could indicate equifinality in parameter estimates.
Although post-processing steps included both GPP and ER model
output, our paper solely focuses on GPP. Daily estimates of GPP,
Q, PAR, and water quality variables (Supporting Information
Fig. S3) are available at the Environmental Data Initiative data
repository (Van Horn and Summers 2025).

Data analysis
We selected 9 yr (2010–2018) from the larger GPP dataset

to test for relationships between climate indices, disturbance

variables, and GPP during two hydrologically distinct seasonal
periods (Fig. 1). These 9 yr were more complete (> 80% of
daily GPP estimates available for two consecutive months in
spring and summer seasons) than the first 3 yr (2007–2009) of
data, which contained substantial gaps and were thus
excluded from the analyses. Seasonal periods were designated
as spring snowmelt (March 1–June 30) and summer monsoon
(July 1–September 30) based on known seasonal and annual
variation in hydrologic patterns. To understand the effects of
climate on interannual variation in physical drivers and eco-
system processes, we framed these testable connections
between climate index—watershed condition—ecosystem pro-
cess in Fig. 1 at two time scales (seasonal and daily means)
and we organize our results into two distinct seasonal periods,
spring and summer, that vary in disturbance time scale.

Seasonal scale analysis
We regressed seasonal mean Q, turbidity, and GPP with two

climate indices—the Oceanic Niño Index as a continuous vari-
able of ENSO condition and our developed relative Monsoon
Index—for the snowmelt and monsoon time periods. We also
used simple linear regression models to test relationships
between seasonal mean GPP and physical drivers (Q, turbidity)
during the spring snowmelt and the summer monsoon
periods—variables were log transformed. We report the strength
and uncertainty in these relationships using predictor variable
coefficients, including slope, 95% confidence intervals (CIs),
and (r2).

Daily scale analysis
We investigated the functional response in daily GPP to

multiple environmental predictors (Q, turbidity, and PAR) dur-
ing spring and summer periods using hierarchical generalized
additive models (HGAMs) with the mgcv package version
1.8-34 (Wood 2011). The HGAMs provide flexibility in

Fig. 3. (a) Oceanic Niño Index (ONI) and (b) Monsoon Index for the study period. The ONI value represents the 3-month running mean of sea surface
temperature anomalies for the December–February (DJF) period. The ONI zero value is based on a centered 30-yr base period updated every 5 yr. El Niño
or La Niña conditions occur when ONI is � 0.5, respectively, as indicated by dashed blue and red lines, respectively. The Monsoon Index represents
regional conditions from the contributing watershed for summer precipitation. The Monsoon Index zero value is based on a 30-yr mean, and deviation
indicates relative wetter (positive values) or drier (negative values) conditions.
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capturing nonlinear relationships in environmental data,
allow for predictor variables to be additive, and account for
structured data that is nested in multiple levels by grouping
data (Wood 2017; Pedersen et al. 2019). Following our concep-
tual figure (Fig. 1), we first used HGAMs to test for the effects
of climate index (ONI, Monsoon Index) as a grouping variable
for predictor variables in explaining the response variable.
Although climate indices are inherently continuous values
with respect to long-term mean, we treated these as groups or
as a categorical factor to account for potential repeatable
values (i.e., repeatable ONI values). We compared model struc-
tures of HGAMs by varying the influence of a common or
“global” smoothing parameter and “wiggliness” or change in
functional response of the smoother for the predictors
(Pedersen et al. 2019), and whether the climate variable
influenced the model structure (Table 1). We started with a
simple model structure that included global smoothing func-
tions of predictors (log Q, log turbidity, and PAR) in
predicting the response of (log) GPP. Then, we added struc-
ture to the model by incorporating climate index (ONI for
spring and Monsoon Index for summer) as a random inter-
cept or grouping variable (or both) to explain the change in
functional response relative to the global trend. We selected
the HGAM that produced the lowest Akaike Information Cri-
terion (Akaike 1979) in explaining daily GPP for each sea-
sonal period (see Supporting Information 1 for model
testing). This final model was the HGAM model structure
that accounted for random intercept and intergroup varia-
tion from the global smoother and differing change in func-
tional response across climate groups but had a similar
function response shape. In summary, the “best” model
structure included ONI or Monsoon Index as a random effect
and allowed for varying coefficients. Each HGAM structure
included the restricted maximum likelihood method to pre-
dict the smoothing variable (i.e., lambda) that fits the data
with a Gaussian distribution (Wood 2001). We assessed
model residuals for normality and random effects for appro-
priateness using quantile plots. The HGAM outputs were
visualized using the gratia (Simpson and Singmann 2021)
and visreg packages (Breheny et al. 2020). After selecting the
HGAM structure, we assessed the effects of global smoothers
on daily GPP based on deviation from the zero y-axis. Simi-
larly, we assessed the effect of climate (ONI, Monsoon Index)
on intergroup variation in the response of daily GPP to pre-
dictors by examining the deviation of the CI from the zero y-
axis from each group, which represents the departure from
the global smoother trend. We also included a p-value in the
model output where p < 0.05 provides evidence that a group
varies from the global trend (Supporting Information 1). For
example, when the functional response (effect) becomes neg-
ative, this indicates lower GPP at higher Q compared to the
global trend, whereas convergence toward the zero y-axis
means a similar response shape (coefficient) to the global but
differs by intercept (Pedersen et al. 2019).

Results
Springtime linkages (ENSO–snowmelt–GPP)
Seasonal scale analysis—High snowmelt Q decreased GPP

During snowmelt, mean discharge varied greatly, ranging
from 16.3 m3 s�1 in a La Niña year (2018) to 82.6 m3 s�1

(2017—M). Spring mean log Q tended to be higher when
ONI was positive (i.e., EN category) with a 24% increase in
Q per unit increase in ONI (slope = 0.24, CI = �0.08, 0.56,
r2 = 0.21) but this relationship was stronger when a pro-
nounced outlier, 2017 (M), was removed (slope = 0.27,
CI = 0.08, 0.45, r2 = 0.61). This year followed a sequence of
two higher snowmelt and average monsoon years (Fig. 4;
Supporting Information Fig. S4). Spring mean turbidity was
relatively low (< 200 NTU) for most years, except for 2012
when mean turbidity (390 NTU) was nearly twofold higher,
likely attributed to wildfire effects (Dahm et al. 2015; Reale
et al. 2015), resulting in no clear relationship between
annual mean log turbidity and mean log Q (slope = 0.32,
CI = �0.83, 1.46, r2 = 0.0) (Fig. 4). ONI had little explana-
tory power over spring mean log turbidity (slope = 0.04,
CI = �0.46, 0.55, r2 = 0.0).

During the snowmelt period, spring mean (log) GPP
declined with mean log Q (slope = �1.01, CI = �1.7, �0.3,
r2 = 0.59), with a 101% decrease in GPP values associated with
a 100% increase in Q (Fig. 4). A few years of high spring mean
GPP corresponded with lower spring mean log turbidity (2018,
2011, and 2013), although the turbidity effect on GPP was
uncertain due to a highly influential year (2012) (slope = �0.42,
CI = �1.2, 0.4, r2 = 0.08). The effect was larger (� 100%
decrease in GPP) but still uncertain (CI = �2.2, 0.3, r2 = 0.28)
when 2012 was removed. When linking climate patterns and
ecosystem processes, spring mean rates of GPP were higher
when ONI values were negative (i.e., LN category, low snowmelt
Q) (slope = �0.29, CI = �0.70, 0.11, r2 = 0.19) with a stronger
relationship when 2017 was removed (slope = �0.32,
CI = �0.64, �0.01, r2 = 0.43) (Fig. 4; Supporting Information
Fig. S4), indicating that high snowmelt years lower spring mean
GPP. Overall, mean GPP was highest in 2018 (2.4 g O2 m

�2 d�1;
LN) and 2011 (2.3 g O2 m�2 d�1; LN) while in other years
(2014–2017) mean GPP was generally low (GPP < 1.0 g O2 m�2

d�1) during the spring snowmelt period.

Daily scale analysis—ONI grouping explains the effects of Q
on GPP in Springtime

Global trends for Q, turbidity, light, and ONI were influen-
tial in explaining daily GPP (CI did not include 0); both ele-
vated Q and turbidity lowered GPP while light increased GPP
(Fig. 5). However, Q had a more negative effect on GPP at
Q > 40 m3 s�1 than turbidity. The influence of ONI indicated
that inter-group variation in the rate of response of GPP to
Q differed from the global response behavior for six of the
seven ONI groups (ONI = �1.4, �0.9, �0.4, �0.3, 0.5, 2.5)
(Fig. 5). We confirmed through testing HGAM structures that
the inclusion of ONI as a grouping variable, which includes
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ONI as a random effect (i.e., intercept and slope), best
explained relationships between daily GPP and Q (Table 1,
Supporting Information I). This finding supports our hypothe-
sis that climate is linked with disturbance (i.e., Q) and GPP.
However, inter-group variation in light and turbidity contrib-
uted less to the response in GPP given the lesser extent of cli-
mate group explaining the effect of light (two of seven ONI
groups) and turbidity (three of seven ONI groups) on GPP
(Fig. 5). This finding indicates the global response in GPP to
turbidity and PAR was generally consistent across ENSO co-
nditions, as seen in the response that overlaps with the zero
y-axis (Fig. 5e, f).

Summertime linkages (monsoon–turbidity–GPP)
Seasonal scale analysis—The effect of monsoon and
turbidity on GPP was uncertain

During the monsoon period, summer mean turbidity
increased dramatically, ranging from 131 NTU (2016) to
505 NTU (2013) due to multiple monsoonal rainstorms
even though summer mean Q was always low (range: 13.5–
24.9 m3 s�1). However, summer mean log turbidity was vari-
able when compared to the Monsoon Index, with one
extremely wet year in 2013 (MI = 0.78) (slope = 0.56,
CI = �0.77, 1.89, r2 = 0.001) (Fig. 6). Interestingly, the year
with the highest mean turbidity (2013) had the lowest
mean Q, with mean log turbidity being inversely related to
mean log Q during the monsoon period (slope = �1.75,
CI = �3.06, �0.44, r2 = 0.53). Summer log Q was not
explained by Monsoon Index (slope = �0.16, CI = �0.77,
0.44, r2 = 0.0).

During the monsoon period, summer mean log GPP was
not clearly related to mean log turbidity (slope = �0.52,
CI = �1.78, 8.51, r2 = 0.09) as there was considerable

variability in GPP at lower turbidity. Additionally, mean log
GPP did not covary with either the Monsoon Index
(slope = �1.11, CI = �2.34, 0.42, r2 = 0.18) or the log
Q (slope = �0.32, CI = �5.27, 7.98, r2 = 0.0). Overall, summer
mean GPP was greater than 2.0 g O2 m

�2 d�1 in multiple years
(2016, 2011, and 2017) and lowest in 2014 (0.6 g O2

m�2 d�1).

Daily scale analysis—Monsoon grouping explains the effect
of turbidity on daily GPP in summertime

Global trends for turbidity, Q, and Monsoon Index were
influential in explaining daily GPP. Turbidity had a negative
effect on GPP, especially when turbidity was greater than
� 200 NTU (Fig. 7), which we attribute to decreased light
availability required for photosynthesis. Discharge also had a
negative effect on GPP, although not as strong as turbidity;
the effect of Q on GPP included large uncertainty at higher Qs
because Q typically did not exceed � 40 m3 s�1 (Fig. 7e). The
positive effect of light on GPP was stronger in spring com-
pared to summer (Figs. 5, 7) given that PAR was not significant
for the global trend in summer.

The Monsoon group explained the effect of turbidity on
daily GPP, with four of nine Monsoon groups differing from
the global response of GPP to turbidity (MI = �0.063,
= �0.145, �0.171, 0.34; Fig. 7e). Interestingly, the effect of
Q on GPP for five out of nine Monsoon groupings also dif-
fered from the global trend (Fig. 7d). Again, we confirmed
through testing HGAM structures that the inclusion of
Monsoon as a grouping variable best explained relation-
ships between daily GPP and turbidity (Table 1; Supporting
Information II). This finding supports our hypothesis that
climate is linked with disturbance (i.e., turbidity as well as
Q) and GPP (Fig. 7d, e).

Table 1. Testing of hierarchical generalized additive model structure to identify best fit based on Akaike Information Criterion (AIC).
Response variable is log gross primary production (GPP); predictors are log transformed discharge (log Q) and turbidity (log turbidity),
and photosynthetic active radiation (PAR), with observations at the daily scale. Grouping variable is climate indices (Oceanic Nino Index
[ONI] and Monsoon Index [MI] for spring and summer periods, respectively). Model type follows a similar convention as Pedersen et al.
(2019) with “G” indicating global smoother functions.

Model type Structure Hypothesis

AIC

Spring Summer

G Global smoothers for predictors (Q, Turb, PAR) A single, common functional

response

in GPP for each predictor

2712 2109

G.ONI or G.MI Global smoothers for predictors + random intercept for

climate group

G + random intercept for climate

group

1781 1353

GS.ONI or GS.MI Global smoother for predictors + random intercept for

group + group-level smoothers with same coefficients

G + intergroup variation has the

same wiggliness

1569 1237

GI.ONI or GI.MI Global smoother for predictors + random intercept for

group + group-level smoothers with different

coefficients

G + intergroup variation has different

wiggliness

1548 1201
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Discussion
Primary productivity in the Middle Rio Grande was

dynamic and highly variable across years depending on cli-
matic, watershed, and local environmental conditions, which
are commonly linked phenomena. We identify time periods
of high interannual variation in GPP that coincide with spring
snowmelt discharge and summer monsoons and that varying
magnitudes of disturbances at the seasonal and/or daily time
scale are associated with substantial within and across-year dif-
ferences in GPP estimates. This study provides some evidence
for linkages between instream carbon production and global
climate phenomenon, suggesting that hydroclimatic variables
can covary with interannual variation in metabolism (Young
and Huryn 1996; Summers et al. 2020). However, this work
also reveals the complexity of these patterns due to factors

such as the impact of a series of wet or dry years, highlighting
the need for long-term metabolism estimates to better under-
stand climate effects on instream carbon dynamics.

Spring snowmelt controls on GPP
Snowmelt discharge in this river reach affected both annual

and daily mean GPP in spring, with high snowmelt years typi-
cally associated with EN conditions reducing spring GPP. The
impact of snowmelt discharge on spring GPP is strong in
montane, open-canopy rivers (Ulseth et al. 2018; Summers
et al. 2020; Canadell et al. 2021). This work extends these
findings to large, lower elevation river systems, highlighting
the importance of broad-scale hydroclimate variables in deter-
mining instream carbon production at the seasonal time scale;
however, the impacts and underlying mechanisms vary
between contexts.

Fig. 4. Mean discharge (Q), turbidity, gross primary production (GPP), and Oceanic Niño Index (ONI) during spring snowmelt (March to June). Linear
relationships were found between log GPP and log Q (slope = �1.01, CI = �1.7, �0.3, r2 = 0.59). GPP, Q, and turbidity are log transformed; the axes
also have a transformation but are reported as untransformed values to ease interpretation of values. [Correction added on 25 November 2025, after first
online publication: Figure 4 has been updated to the correct version because the figure was mistakenly provided from the Supporting Information for
Figure 4 and used in the article’s initial online publication.]
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Hydrologic pulses induced by snowmelt can enhance
spring GPP at the daily and seasonal scales in smaller high-
elevation streams (Ulseth et al. 2018; Summers et al. 2020),
likely from delivery of nutrients to instream primary pro-
ducers (Sebestyen et al. 2008; Pellerin et al. 2012). In con-
trast, in the Rio Grande, elevated discharge from snowmelt
likely physically disturbs highly mobile substrate
(Uehlinger 2006) or attenuates light at the riverbed (Kirk
et al. 2021), which limits GPP (Young and Huryn 1996).
Thus, the reduction in mean GPP during high snowmelt
years suggests that the impacts of high flows are a predict-
able seasonal driver of instream carbon production.
Although the relationship between seasonal mean Q and

global-scale ENSO climate events in this study was uncer-
tain, other findings in the southwestern US show that
snowpack and snowmelt are largely linked to ENSO patterns
(Molles and Dahm 1990). Causes of uncertainty in
predicting snowmelt hydrology based on climate conditions
are likely attributed to antecedent conditions within the
catchment, such as soil moisture and snow water equivalent
(McNamara et al. 2005). Sequences in climate patterns may
also control snowpack and snowmelt dynamics through
antecedent conditions mentioned above. Specifically, in
this study, snowpack during two sequential EN years (2015
and 2016) likely caused high soil moisture conditions
within the watershed leading into a weak LN year with

Fig. 5. Global smoother effects (a) discharge (m3 s�1), (b) turbidity (NTU), and (c) photosynthetic active radiation (PAR, μmol m�2 d�1) on daily GPP in
spring. Group level variation in the effect of (d) discharge, (e) turbidity, and (f) PAR on daily GPP with Ocean Niño Index as the grouping variable. The
effect on GPP varies from the global smoother when the response deviates from the zero y-axis. Legend shows ONI groups and categories (El Niño [EN],
La Niña [LN], and medial [M]). Discharge, turbidity, and GPP are log transformed. Upper ribbon in (a–c) represents data for predictors and all plots have
a 95% CI band around the smoothing trendline.
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higher-than-expected snowmelt discharge in 2017. Other
climate-related disturbances, like the Las Conchas wildfire
that burned within the contributing watershed in the sum-
mer 2011, not only had immediate impacts on water quality
from rainfall runoff (Dahm et al. 2015; Reale et al. 2015)
but had longer-term impacts on water clarity the following
spring from snowmelt (Fig. 4), reducing our ability to parse
the effect of ENSO on turbidity and hence GPP. Com-
pounding factors including climate, disturbance, and ante-
cedent conditions add to the multidimensionality of
ecosystem response in space and time. Future research
aimed at understanding these complex relationships will
require the collection of multi-decade datasets.

The multilevel structure in this dataset (climate-distur-
bance-GPP) that we explored using HGAMs (Pedersen
et al. 2019) also revealed that climate patterns explained the
within-year effect of Q on daily GPP in the spring. The model

structure including ONI as a random intercept and slope
(i.e., intergroup variation) best captured these multilevel rela-
tionships and provides support for the hypothesis that ENSO
affects GPP through Q, and to a lesser extent turbidity. Regard-
less of temporal scale, few studies have directly linked climate
and stream metabolism signals and have instead relied on
“space for time” approaches (Ulseth et al. 2018).

Summer monsoon controls on GPP
During the summer, our finding that turbidity covaried

with GPP at the daily scale supported our hypothesis that
annual averages during the monsoon period do not capture
the influence of abrupt, short-lived disturbances on primary
production. Instream conditions, including the frequency and
duration of turbidity pulses within a year, which appear to
influence the recovery trajectory of daily GPP following a dis-
turbance (Summers 2019), do not additively explain annual

Fig. 6. During the summer monsoon period (July through September), relationships between mean turbidity and Monsoon Index (r2 = 0.001), mean
gross primary production (GPP) and Monsoon Index (r2 = 0.18), and mean GPP and turbidity (r2 = 0.09) were not evident. Note that GPP, turbidity,
and Q are log transformed but show values on log scaled axes to ease interpretation.

Summers et al. Global and local disturbances shape gross primary production

3196

 19395590, 2025, 11, D
ow

nloaded from
 https://aslopubs.onlinelibrary.w

iley.com
/doi/10.1002/lno.70173, W

iley O
nline L

ibrary on [17/03/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



mean relationships between ecosystem processes and distur-
bance variables (Fig. 6d–f). Thus, while annual mean turbidity
increased during the summer monsoon season compared to
spring, the monsoon index we created to capture rainfall
inputs within the immediate upstream catchment did not
accurately predict summer mean GPP or turbidity levels at the
annual time scale (Fig. 6a–c).

In contrast, at the daily scale, the global effect of turbidity
(i.e., general trend in HGAMs) was a decrease in daily GPP.
Although the global trend of Q also decreased daily GPP, the
effect size was not as large (i.e., less negative) as turbidity
(Fig. 7a, b), suggesting that turbidity was the predominant dis-
turbance variable impacting GPP during summer months.
While spring disturbances were linked to periods of elevated
discharge detectable at the annual and daily scale, declines in
GPP that occurred during the summer monsoon season

coincided with increases in turbidity only at the daily scale.
Additionally, we found annual mean turbidity to be
inversely related to Q in summer (Fig. 6f). Our finding sug-
gests that in arid land regions with highly erosive soils and
sparse vegetation to prevent overland flow (Wilcox
et al. 2003), relatively small quantities of water contribute
high sediment loads to the mainstem of the river during the
summer monsoon period, dramatically increasing turbidity
with only small increases in discharge (Moore and
Anderholm 2002). Thus, during the summer, sediment
transport may be more important in controlling GPP than
disturbance from flow due to increased light limitation as
water clarity decreases (Fellows et al. 2009) as opposed to
scouring from high discharge events.

Uncertainty in summer linkages between climate, distur-
bance, and ecosystem processes is likely influenced by

Fig. 7. Global smoother effects (a) discharge (m3 s�1), (b) turbidity (NTU), and (c) photosynthetic active radiation (μmol m�2 d�1) on daily GPP in sum-
mer. Group level variation in the effect of (d) discharge, (e) turbidity, and (f) PAR on daily GPP with Monsoon Index as the grouping variable. The effect
on GPP varies from the global smoother when the response deviates from the zero y-axis. Legend shows MI groups. Discharge, turbidity, and GPP are log
transformed. Upper ribbon in (a–c) represents data for predictors, and all plots have a 95% CI band around the smoothing trendline.
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spatially isolated monsoon rainstorms and antecedent condi-
tions that add complexity when observing at the larger time
scale (i.e., annual averages). For example, soil characteris-
tics, such as soil moisture, influence surface runoff and sedi-
ment mobilization during rainstorms (Seeger et al. 2004).
Another potential influential factor contributing to data
complexity includes interactions between climate phenom-
ena; specifically, there is evidence that ENSO and the North
American Monsoon are inversely correlated in the south-
west United States (Gutzler 2000), although this relation-
ship weakens outside the 1965–1992 period analyzed by Lo
and Clark (2002), or that the timing of the monsoon season
is delayed when snowpack is greater (Grantz et al. 2007).
Uncertainty in parsing climate effects on disturbance vari-
ables and GPP could also stem from the need for longer-
term data, even longer than the 9-yr data used in this study.
Understanding linkages between monsoon climate patterns,
disturbance, and carbon dynamics is needed because mon-
soon dynamics are predicted to change (i.e., onset, amount)
with climate change (Hoell et al. 2015, Pascale et al. 2017),
which will likely impact instream carbon dynamics.

Conclusions
Using 9 yr of continuous data we investigated the effect

and certainty in global climate forcing on disturbance vari-
ables and gross primary production patterns in an aridland
river. Climate affected watershed and ecosystem processes at
annual and daily time scales, with regional to local conditions
(i.e., wildfire disturbance and antecedent conditions) influenc-
ing the relationship between climate and gross primary pro-
duction, and thus complicating inference. These findings
highlight current knowledge gaps in the timing, magnitude,
and duration of optimal organic carbon production as related
to hydroclimatic variability (Bernhardt et al. 2018). This is a
pressing area of research as changes in precipitation regimes
(onset, intensity) and form (snowfall and rainfall types) are
predicted, with likely impacts to instream carbon (Ulseth
et al. 2018; Summers et al. 2020) and nutrient dynamics
(Smits et al. 2019). Current questions include determining
how much data are needed to detect climate effects on ecosys-
tem processes, like stream metabolism, and creating and
implementing time series modeling tools to parse fast and
slow time-scale signals in environmental variables. We con-
clude that long-term datasets are essential to uncover emer-
gent relationships between broad-scale climate patterns and
ecosystem processes (Rudgers et al. 2018) and are necessary to
better understand how hydroclimatic variability drives ecosys-
tem processes in rivers across vast areas of Earth.
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