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ABSTRACT 

Streambeds are thought to play an important role in reducing downstream nitrate export 

since they provide habitat for microorganisms that use nitrate to build biomass and generate 

energy. Hydropsychid (net-spinning caddisfly) larvae inhabit the streambed, where they 

construct silk net and retreat structures. Previous work suggests that the ecosystem engineering 

activity of net-spinning caddisfly larvae can support higher levels of streambed sediment 

biomass and create habitat for denitrifying microorganisms, yet it remains unclear whether these 

effects lead to changes in whole-stream nitrate uptake. We hypothesized that net-spinning 

caddisflies increase the capacity of the streambed microbial community to take up nitrate. To test 

this hypothesis, we constructed 15 stream mesocosms and added caddisflies to each according to 

one of five density treatments ranging from 0 to 2,500 larvae m-2. We measured whole-

mesocosm nitrate uptake and characterized hydrologic exchange three weeks after releasing the 

caddisflies by adding potassium nitrate and sodium chloride to each mesocosm and measuring 

nitrate + nitrite concentrations over the next 10 hours. To characterize rates of nitrate uptake in 

the mesocosm streambed, a proxy for the capacity of the streambed microbial community, we 

used a model that accounts for hydrologic differences among the mesocosms using specific 

conductance measurements. We found some evidence that higher net-spinning caddisfly densities 

resulted in higher rates of whole-mesocosm nitrate uptake, or greater nitrate removal. However, 

we found little evidence that net spinning caddisflies had a substantial effect on nitrate uptake 

rates in the streambed. We outline several limitations of our study and provide recommendations 

for improving the experimental set-up and modeling approach in future work. Overall, this 

research demonstrates some potential for net-spinning caddisflies to serve as ecosystem 

engineers by altering nitrate removal in streams, though research is needed to lend additional 

evidence to our findings and to better understand the mechanism by which caddisflies impact 

nitrate uptake. 
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INTRODUCTION 

Streams and river ecosystems are invaluable natural resources that provide services 

ranging from supporting fisheries and providing recreational opportunities to supplying drinking 

water (Opperman et al., 2018). Yet maintaining freshwater ecosystem integrity is challenging 

when confronted with competing demands. For example, in recent decades humans have 

drastically altered the global nitrogen (N) cycle through production and application of 

agricultural fertilizer, contributing to increased crop yields (Guo et al., 2022; Vitousek et al., 

1997). However, these activities have also compromised stream and riverine function and 

associated services by generating excess soluble N that enters streams and rivers from the 

surrounding landscape and contributes to eutrophication, harmful algal blooms, and hypoxic 

zones in both receiving and downstream waters (Diaz & Rosenberg, 2008; Hallegraeff, 2003; 

Smith, 2003; Wurtsbaugh et al., 2019). Resulting economic losses have been conservatively 

estimated at $2.2 billion dollars annually in the United States alone (Dodds et al., 2009). 

Moreover, financial investments in measures aimed at alleviating N pollution have been largely 

unsuccessful in part due to legacy N in soil and groundwaters, highlighting the long-term nature 

of this problem (Basu et al., 2022).  

The potential for eutrophication and its effects can be mitigated by the capacity of stream 

and river ecosystems to take up and transform inorganic N before it reaches downstream waters 

(Breemen et al., 2002; Schlesinger et al., 2006). Nitrate (NO3
-) is the dominant form of inorganic 

N in streams and rivers (Helton et al., 2015), and it can be removed from the stream water 

column via denitrification, annamox, and assimilation (Burgin & Hamilton, 2007; Zhang et al., 

2020). Denitrification refers to a microbial process where NO3
-  is reduced to N2, usually coupled 
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with organic carbon oxidation. Similarly, annamox (anaerobic ammonia oxidation) is a microbial 

process where ammonia is oxidized and NO3
-  is reduced, yielding N2. Because denitrification 

and annamox both yield N2, they are considered “permanent” N removal pathways. Moreover, 

both processes occur most commonly under low oxygen conditions (Burgin & Hamilton, 2007; 

Zhang et al., 2020), including in “microzones” of anoxia that can form in bulk-oxic pore waters 

(Briggs et al., 2015). Assimilation refers to a process where organisms, including microbes and 

plants, incorporate N from NO3
- into their biomass (Burgin & Hamilton, 2007; Zhang et al., 

2020). Following assimilation, N in biomass can be mineralized and return to the stream water as 

soluble inorganic N, move up the food chain and be exported to the terrestrial sphere, or can be 

subsequently denitrified (Hall et al., 1998; Hauer et al., 2016; Seitzinger et al., 2006; Zhang et 

al., 2020). The total change in stream water NO3
-  concentration resulting from denitrification, 

annamox, assimilation, and remineralization is referred to here as “overall net nitrate uptake.” 

Streambeds play an important role in nitrate uptake since they provide habitat for 

microorganisms that assimilate and denitrify NO3
- (Battin, Kaplan, Newbold, & Hansen, 2003). 

The process of hyporheic exchange – the bidirectional exchange of water between the stream 

channel and stream bed – facilitates nitrate uptake in the streambed by delivering electron 

donors, acceptors, and nutrients to the streambed microbial community (Boulton et al., 2010; 

Covino, 2017; Hinkle et al., 2001; Li et al., 2021). The rate of hyporheic exchange (i.e., the 

fraction of the stream channel that exchanges with the streambed, per unit time) can thus regulate 

net nitrate uptake rates by controlling the rate at which nitrate is delivered to the biologically 

active streambed. Further, the likelihood that nitrate molecules are taken up in the streambed 

before returning to the channel is governed by both the metabolic activity of the streambed, 
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characterized by the “streambed nitrate uptake rate” in this study, and the amount of time that 

water introduced to the hyporheic zone spends in the streambed before returning to the channel, 

referred to here as “streambed travel time” (Gomez-Velez et al., 2015; Li et al., 2021; Zarnetske 

et al., 2012). When streambed nitrate uptake occurs rapidly compared to streambed travel time, 

nitrate uptake is considered “exchange limited” because only an increase in hyporheic exchange 

rate would lead to appreciably greater rates of overall net nitrate uptake rate. Conversely, nitrate 

uptake is considered “reaction limited” when streambed nitrate uptake occurs slowly relative to 

the average streambed travel time (Harvey et al., 2013; Zarnetske et al., 2012). 

In addition to the characteristics of hyporheic exchange, many other factors are thought to 

influence nitrate uptake rates in streams, including availability of dissolved organic carbon and 

oxygen, gross primary production, and microbial community composition (Gonzalez-Pinzon et 

al., 2021; Hall et al., 2009; Zarnetske et al., 2012). Another potentially overlooked factor is the 

activity of ecosystem engineers, or organisms that impact ecosystem function by altering their 

physical environment (Hastings et al., 2007; Jones et al., 1994). Net-spinning caddisfly 

(Trichoptera: Hydropsychidae) larvae are ecosystem engineers that inhabit streambed sediment, 

where they build net and retreat structures out of silk (Morse et al., 2019). These structures can 

bind together sediment grains, increasing streambed stability and reducing flow velocities in the 

interstitial spaces of the streambed (Cardinale et al., 2004; Hemphill, 1988; Juras et al., 2018). In 

a recent study, MacDonald et al. reported higher amounts of ash-free dry mass in the presence of 

hydropsychid larvae compared to in their absence (MacDonald et al., 2020), suggesting that net-

spinning caddisfly larvae support greater levels of microbial biomass. Further, Bertagnolli et al. 

recently showed that relative to adjacent rock biofilm, caddisfly silk structures were enriched in 
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microbial taxa with known roles in nitrification and denitrification and were enriched in specific 

genes implicated in denitrification (Bertagnolli et al., 2023). Together these findings suggest that 

caddisfly silk structures have the potential to alter streambed nitrogen cycling and therefore 

whole-stream nitrate uptake, though this has been rarely tested experimentally (Tumolo et al., 

2023). 

In this study, we tested the hypothesis that net-spinning caddisflies influence overall net 

nitrate uptake by increasing the capacity of the streambed microbial community to transform 

nitrate. To do this, we constructed 15 stream-analogue mesocosms and manipulated caddisfly 

larval density using five experimental treatments ranging from 0 to 2500 caddisflies m-2. Sixteen 

days after adding the caddisfly larvae, we characterized rates of nitrate uptake and hyporheic 

exchange in each mesocosm by releasing reactive nitrate and conservative sodium chloride 

tracers. We fit a linear regression to the nitrate time-series to estimate overall net nitrate uptake 

rate in each mesocosm. To characterize the capacity of streambed microbes to take up nitrate in 

each mesocosm, we estimated streambed nitrate uptake rates by fitting a process-based model 

that accounted for variation in hydrologic characteristics among the mesocosms. Finally, we used 

continuous dissolved oxygen measurements to estimate gross primary production (GPP) and 

aerobic ecosystem respiration (AER) in each mesocosm to characterize additional potential 

influences on nitrate uptake. Overall, the mesocosm experiments and modeling allowed us to 

examine the effect of caddisfly density on overall net nitrate uptake and streambed nitrate uptake 

while considering other factors including hyporheic exchange, GPP, and AER.   
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METHODS 

Mesocosm Experiment 

Mesocosm Design 

Each of the 15 mesocosms consisted of two cylindrical polyethylene tanks nested to form 

a circular stream channel analog with a 9-cm width and a 56-cm outer diameter (Figure 1). The 

channels were filled with gravel (diameter median = 19 mm, interquartile range = 11 mm) that 

had been incubated in mesh laundry bags submersed in Cherry Creek, Montana (45.613, -

111.517) from January 8, 2021 to August 4, 2021. We shaped the incubated gravel (hereafter 

gravel) into a single dune (maximum height = 20 cm, minimum height = 10 cm) to facilitate the 

exchange of water between the streambed and stream channel. After shaping the gravel, we 

collected rocks (diameter median = 4.4 cm, interquartile range = 2.1 cm) from the surface of the 

riverbed in Cherry Creek (45.600, -111.496) and removed any visible macroinvertebrates. We 

then covered the subsurface dune with a single layer of surface rocks to ensure that each 

mesocosm contained an active community of photosynthetic microorganisms.  

Each mesocosm also contained enough artificial stream water to bring the water surface 

to 30 cm from the base of the mesocosm, which was maintained by a drain tube. Artificial stream 

water consisted of dechlorinated tap water, fulvic acid, 0.14 ppb NO3
--N and a variety of 

micronutrients (Table 1), a formulation that was modified from (Bastviken et al., 2004). We used 

submersible pumps (VIVOSUN 210 GPH Submersible Pumps) placed at the top of each dune to 

circulate water around the channel of each mesocosm.  
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Figure 1. Diagram showing key components of the mesocosm setup including two nested 

cylindrical tanks, stream-incubated rocks, algae, artificial stream water, a pump, a dissolved 

oxygen logger, a conductivity logger, and two LED grow lights.  

To stimulate primary production in the mesocosms, we equipped each with two LED 

grow lights (Relassy LED Full Spectrum Grow Lights for Indoor Plants) placed midway between 

the dune peak and trough on either side of the dune. The lights were programmed to turn on at 

~6:45 am and off 12 hours later to simulate natural diel variations in light availability. We kept 

overhead lights off for the duration of the experiment and covered all windows with a UV-

blocking film. We also controlled water temperature using a chiller and pump to circulate cold 

water through shrink-wrapped, copper tubing that hugged the interior wall of each mesocosm. 

This set-up kept the water temperature in each mesocosm consistently between 15.5 and 17 °C. 
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Finally, each mesocosm was outfitted with a PME MiniDOT® Logger programmed to measure 

and record dissolved oxygen concentrations and water temperature at 10-minute intervals, and an 

Onset HOBO U24-001 Fresh Water Conductivity Data Logger programmed to measure electrical 

conductivity and temperature of the water at 10-minute intervals.  

Table 1. Artificial stream water composition 

Chemical Concentration 

(mg L-1) 

CaCl2 8 

CoCl2 0.02 

CuSO4 x 5 H2O 0.02 

FeCl3 x 6H2O 1.4 

KHCO3 10 

MgSO4 x 7H2O 4 

MnCl2 x 4H2O 0.36 

NaHCO3 10 

Na2MoO4 x 2H2O 0.0042 

ZnSO4 x 7H2O 0.044 

Fulvic Acid 2.3 

KNO3
* 0.001 

*KNO3 was added starting on August 21, 2021 

Mesocosm Acclimation 

After creating the simulated streambeds from August 4th to August 6th, 2021, we allowed 

them to acclimate for 26 days. During this acclimation time, we allowed consistent flow into and 

out of each mesocosm at a rate of roughly 35 liters per day. The water flowing into each 

mesocosm consisted of 20% fresh artificial stream water (Table 1) with the remaining 80% of 

mixture consisting of recycled water that had recently flowed out of all 15 mesocosms into a 

central mixing reservoir. While the former ensured that each mesocosm received a steady supply 

of carbon and nutrients during the acclimation period, we intended the latter to promote 

exchange of microbial communities among mesocosms. 
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Caddisfly treatments 

Following the acclimation period, we randomly assigned each mesocosm to one of five 

caddisfly larvae density treatments: 0, 100, 300, 850, or 2,500 caddisflies m-2, equivalent to 0, 

16, 47, 133, or 390 caddisflies added. We then released the appropriate number of caddisflies 

into each mesocosm on September 1st, 2021 and allowed the caddisflies to build their silk 

structures for 16 days before performing tracer tests to measure nitrate uptake. During this 

colonization period, the mesocosms were maintained as during the acclimation period. To 

provide the caddisflies with a food source, we added 200 mg of algae wafers (Hikari® Tropical 

Algae WafersTM), finely powdered with a mortar and pestle, to each mesocosm on September 2nd, 

September 4th, September 7th, and September 10th.  

Hydrologic Exchange and Nitrate Uptake Characterization 

Sixteen days following the caddisfly addition, we characterized hyporheic exchange and 

nitrate uptake in each mesocosm by disconnecting the mesocosms from the flow-through system 

and adding 10 mL of slug solution containing 2.31 M NaCl and 0.04 M KNO3 (547 ppm NO3-

N). The instantaneous tracer addition rapidly raised specific electrical conductivities by about 

125 S cm-1 above background levels and raised NOx
 (NO2

- + NO3
- ) concentrations by about 220 

g L-1 NOx
 -N above background concentrations, which were less than 8 g L-1 NOx

 -N in all 

mesocosms.  

To characterize hyporheic exchange, we measured and recorded conductivity and 

temperature at 1 second intervals for at least 30 minutes following the slug solution addition 

using Onset HOBO U24-001 Fresh Water Conductivity Data Loggers (“HOBO loggers”). We 

standardized conductivity readings across HOBO loggers by measuring electrical conductivity 
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and temperature in each mesocosm on 18 days between August 20th and September 20th using a 

portable conductivity meter (Thermo ScientificTM Orion StarTM A329 Portable Multiparameter 

Meter, hereafter referred to as the “Orion meter”). For each HOBO logger, we built linear 

regressions for both conductivity and temperature describing the relationship between HOBO 

logger readings and Orion meter readings. We then used these regressions to estimate a meter-

standardized conductivity () and temperature (T) value for each logger reading. Finally, we 

calculated specific conductance (SC, SC) using the linear relationship: 

𝜎𝑆𝐶 =


1 + 0.02(𝑇 − 25)
 

To estimate added salt concentration from background-corrected SC, we developed a 

linear relationship between the concentration of added salt and background-corrected SC. First, 

we incrementally added 7, 83-L volumes of a 2.3 M NaCl, 0.045 M KNO3 solution to a 1-liter 

volume of artificial stream water and measured the resulting SC after each addition using the 

Orion meter.  Next, we calculated background-corrected SC by subtracting the SC measured in 

the artificial stream water solution before any salt solution was added. We then fit a simple linear 

regression to these data to characterize the relationship between added NaCl concentration and 

background-corrected SC. To calculate background-corrected SC for each mesocosm, we first 

calculated background SC as the average SC measured during the 30 minutes prior to the slug 

addition and then subtracted this value from all SC measurements following the slug addition. 

Finally, we used the slope from the linear relationship described above to estimate added salt 

concentration from background-corrected SC. 

To characterize nitrate uptake, we measured nitrate + nitrite (NOx) concentrations over 

time by collecting water samples prior to the tracer addition and roughly 10 min, 40 min, 1.5 hr, 
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2.5 hr, 3.5 hr, 4.5 hr, 6 hr, 8 hr, 10 hr, and 24 hr following the KNO3 addition. We collected all 

samples using acid-washed syringes that had been triple rinsed with sample. We filtered the 

samples using 0.2-m PES syringe filters (Cytiva Whatman Uniflo), first using the filtered 

sample to triple-rinse acid-washed, high-density polyethylene bottles before filling them with 30 

mL of filtered sample. Samples were stored in the freezer prior to analysis for NOx 

concentrations by colorimetry at the Flathead Lake Biological Station's Freshwater research lab. 

While we report these concentrations as “NOx” in the results, the NOx in our samples was likely 

composed primarily of nitrate since we added potassium nitrate to the mesocosms and since 

nitrite typically does not accumulate in well-lit systems (Zhang et al., 2020). Therefore, for 

simplicity we refer to the net removal of NOx characterized by the tracer data as “nitrate uptake” 

rather than “NOx uptake”. 

Post-release Caddisfly Sampling 

Following characterization of hydrologic exchange and nitrate uptake, we deconstructed 

the mesocosms and counted the number of caddisflies recovered from each mesocosm. We 

observed substantial and consistent caddisfly mortality across treatments (Figure 2). Caddisfly 

mortality rates – the number of caddisflies that were not recovered at the end of the experiment 

compared to the number of caddisflies added – ranged from 25% to 71%, with a mean of 52%. 

While it is not clear whether the caddisflies died before or after influencing the streambed with 

their net-spinning activities, we believe that caddisflies that died likely did so early in the 

experiments and that the final caddisfly counts are more representative of caddisfly activity 

within each mesocosm. Therefore, we report results from analyses that used final caddisfly 

counts as a predictor rather than caddisfly treatment. However, we note here that analyses yield 



11 

 

similar results when caddisfly treatment is used as the predictor, and we provide these results in 

Appendix C.  

 
Figure 2. Number of caddisflies counted at the end of the experiment plotted against the number 

of caddisflies added, with a black 1:1 line showing the no-mortality case. 

Modeling the Experimental Data 

Overall Net Nitrate Uptake Rate Estimation 

We quantified the overall net nitrate uptake rate in each mesocosm by estimating the 

slope of NOx concentration as a function of time elapsed following the slug addition. This model 

assumes that NOx is transformed according to zero-order kinetics. We used the brms package 

(Bürkner, 2017) in the R programming language to fit a linear regression to data from each 
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mesocosm. Because the relationship between NOx concentration and elapsed time was only 

linear for NOx concentrations greater than 50 ppb NOx-N, we excluded measurements that fell 

below the 50 ppb NOx-N threshold. Slope estimates therefore represent a maximum or 

“saturated” rate of overall net nitrate uptake.  

Hyporheic Exchange Rate Estimation 

We characterized hyporheic exchange in each mesocosm to control for differences among 

mesocosms when estimating streambed nitrate uptake rates. To estimate hyporheic exchange 

rates, we fit a solution of the following model of the change in conservative solute concentration 

(C) over time to each mesocosm’s added-NaCl concentration time-series:  

𝑑𝐶

𝑑𝑡
= 𝑞 (∫ 𝑔(𝜏

𝑡

0

)𝐶(𝑡 −  𝜏) 𝑑𝜏 − 𝐶(𝑡)) + 𝐶0𝛿(𝑡 −  𝑡𝑎𝑑𝑑) 

( 1 ) 

In this equation, t represents time, where t = tadd = 0 at the moment when the slug solution was 

added, q is the rate of hyporheic exchange expressed as the fraction of channel volume 

exchanging with the streambed per unit time,  represents hyporheic travel time defined as the 

amount of time water spends in the streambed before returning to the channel, and g() is a 

probability density function describing the distribution of hyporheic travel times. C0 is the 

concentration of added solute in the channel immediately after addition (t = 0), and 𝛿(𝑡) is a 

Dirac Delta function which is infinite at t = tadd, and 0 otherwise.  

To describe the distribution of streambed travel times in the mesocosms, or g(), we used 

an exponential model:  

𝑔(𝜏) =  𝜆𝑒−𝜆𝜏 

( 2 ) 
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where  is an unknown shape parameter. With this assumption, Equation (1) can be solved 

analytically using Laplace transforms (Appendix A) to yield the following solution:  

𝐶(𝑡) = 𝐶0𝑒−0.5∗(𝜆+𝑞)∗𝑡 ∗ (cosh(0.5(𝜆 + 𝑞)𝑡) +
𝜆 − 𝑞

𝜆 + 𝑞
sinh (0.5(𝜆 + 𝑞)𝑡)  

( 3 ) 

At steady state (i.e., when the rate of water entering the streambed is equal to the rate of water 

returning to the channel), the relationship between mean travel time in the streambed (𝜏̅), 

streambed pore water volume (Vsb), and hyporheic exchange rate (Q) is given by the 

fundamental relationship 𝑄 =
𝑉𝑠𝑏

𝜏̅
.  For the exponential travel time distribution given in Equation 

2, 𝜏̅ is given by 
1

𝜆
, and the rate of hyporheic exchange can be calculated as q multiplied by stream 

channel water volume (Vch). Thus, given values of ,Vsb, and Vch, q can be calculated using 

Equation 4:  

𝑞 =  𝜆 ∗  
𝑉𝑠𝑏

𝑉𝑐ℎ
 

( 4 ) 

Further, the following mass conservation relationship holds:  

𝑉 =
𝑉𝑎𝑑𝑑𝐶𝑎𝑑𝑑

𝐶𝑓
= 𝑉𝑐ℎ + 𝑉𝑠𝑏  

( 5 ) 

where V is total mesocosm water volume, Vadd is the volume of slug solution added to each 

mesocosm, Cadd is the concentration of salt in the slug solution, and Cf is the concentration of 

added salt in the mesocosm water after the water in the channel and streambed had fully mixed 

following the salt solution addition. We calculated Cf  as the average added salt concentration 
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during the period spanning 30 minutes to 60 minutes following the slug addition. We then 

estimated total water volumes (V) for each mesocosm using known values for Vadd and Cadd.  

We assumed that the slug solution mixed rapidly in the mesocosm channel water upon 

addition such that the initial condition can be calculated as follows:   

𝐶0 =
𝐶ℎ(𝑉𝑐ℎ − 𝑉𝑎𝑑𝑑) + 𝐶𝑎𝑑𝑑𝑉𝑎𝑑𝑑

𝑉𝑐ℎ
 

( 6 ) 

where Ch is the concentration of solute prior to the slug addition. Because we corrected 

concentrations for background, C represents the concentration of added solute and Ch is assumed 

to be zero. Together, equations (4), (5), and (6) allowed us to estimate the three unknowns 

needed to solve equation (3) (, q, and C0) by treating  and Vsb/Vch as the parameters to be 

estimated with Bayesian inference.  

Streambed Nitrate Uptake Rate Estimation 

To estimate the rate of streambed nitrate uptake (ksb) in each mesocosm, we fit the NOx 

concentration data to a model similar to equation (1) that also accounts for reactive solute 

uptake:  

𝑑𝐶

𝑑𝑡
= 𝑞 (∫ 𝑔(𝜏

𝑡

0

)(𝐶(𝑡 −  𝜏) − 𝑘𝑠𝑏𝜏)𝑑𝜏 − 𝐶(𝑡)) + 𝐶𝑎𝑑𝑑𝛿(𝑡 −  𝑡𝑎𝑑𝑑) 

( 7 ) 

Equation (7) assumes that nitrate uptake in the streambed occurs at constant rate (i.e., follows 

zero-order kinetics). Because this assumption is only reasonable for concentrations of greater 

than 50 g L-1 NOx
 -N, we fit the model only to data satisfying this criterion to obtain a measure 

of apparent maximum streambed biological activity for each mesocosm. We treated 𝑘𝑠𝑏  as an 
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unknown to be estimated by fitting Equation 7 to background-corrected NOx data. We also 

estimated the initial concentration of background-corrected NOx in the mesocosm channel 

immediately after the tracer release (C0, NOx).  Because Equation (7) is not as analytically 

tractable as Equation (1), we solved it numerically using the DifferentialEquations.jl package in 

the Julia programming language (Rackauckas & Nie, 2016).   

Parameter Inference for SC and Nitrate Models 

To estimate unknown parameters (, Vsb/Vch, ksb, and C0, NOx) while quantifying 

parameter estimate uncertainty, we used a Bayesian modeling approach. Since  and Vsb/Vch are 

shared parameters among the conservative and reactive tracer models, we fit the models to both 

the background-corrected NaCl and NOx datasets simultaneously. For any set of parameters, 

Equations (1) and (7) can be solved to generate predicted concentrations of added NaCl and NOx 

(Cpred, i). To model the data (Cobs, i), we assumed normally distributed error around the model 

prediction, i.e., Cobs, i ~ Normal(Cpred, i, obs,i) where the standard deviations of the error 

distributions for both NaCl and NOx concentrations (obs,i ) were additional parameters to be 

estimated. Given limited prior knowledge about the hydraulic and biogeochemical behavior of 

our mesocosm setup, we used prior distributions that were minimally informative but within the 

realm of reason:  

𝜆 ~ 𝑈𝑛𝑖𝑓𝑜𝑟𝑚(𝑙𝑜𝑤𝑒𝑟 𝑏𝑜𝑢𝑛𝑑 = 0.0001, 𝑢𝑝𝑝𝑒𝑟 𝑏𝑜𝑢𝑛𝑑 = 0.1) 

𝑉𝑠𝑏

𝑉𝑐ℎ
 ~ 𝑈𝑛𝑖𝑓𝑜𝑟𝑚(𝑙𝑜𝑤𝑒𝑟 𝑏𝑜𝑢𝑛𝑑 =  0.1, 𝑢𝑝𝑝𝑒𝑟 𝑏𝑜𝑢𝑛𝑑 =  0.9) 

𝑘𝑠𝑏  ~ 𝑈𝑛𝑖𝑓𝑜𝑟𝑚(𝑙𝑜𝑤𝑒𝑟 𝑏𝑜𝑢𝑛𝑑 =  1𝑒 − 6, 𝑢𝑝𝑝𝑒𝑟 𝑏𝑜𝑢𝑛𝑑 =  1.0) 

𝜎𝑜𝑏𝑠,𝑁𝑎𝐶𝑙 ~ 𝐻𝑎𝑙𝑓 − 𝐶𝑎𝑢𝑐ℎ𝑦(𝜇 =  0, 𝜎 =  5, 𝑙𝑜𝑤𝑒𝑟 𝑏𝑜𝑢𝑛𝑑 = 0, 𝑢𝑝𝑝𝑒𝑟 𝑏𝑜𝑢𝑛𝑑 =  ∞)  
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𝜎𝑜𝑏𝑠,𝑁𝑂𝑥 ~ 𝐻𝑎𝑙𝑓 − 𝐶𝑎𝑢𝑐ℎ𝑦(𝜇 =  0, 𝜎 =  25, 𝑙𝑜𝑤𝑒𝑟 𝑏𝑜𝑢𝑛𝑑 = 0, 𝑢𝑝𝑝𝑒𝑟 𝑏𝑜𝑢𝑛𝑑 =  ∞) 

We sampled posterior distributions using the No U-turn Sampler (NUTS) from the Turing 

package in the Julia programming language (Ge et al., 2018). We used a target acceptance rate of 

0.65 and ran four Markov Chain Monte Carlo (MCMC) chains which generated 1,000 adaptation 

samples and 2,000 saved samples. 

Metabolism Modeling 

We used the dissolved oxygen (DO) time-series data from each mesocosm to estimate 

daily gross primary production (GPP, mg O2 L-1 day-1), aerobic ecosystem respiration (AER, mg 

O2 L-1 day-1), and normalized gas exchange (k600, day-1) on all 13 days that did not have salt slug 

additions between September 2nd, 2021 to September 21st, 2021. To estimate metabolism 

parameters, we fit the DO data to the following model:  

𝑑𝑂2

𝑑𝑡
= 𝑃𝐴𝑅 ∗  𝐺𝑃𝑃 − 𝐸𝑅 + (𝑘𝑔 +

𝑄𝑓𝑙𝑜𝑤−𝑡ℎ𝑟𝑜𝑢𝑔ℎ

𝑉
)(𝑂2,𝑠𝑎𝑡(𝑡) −  𝑂2(𝑡)) 

( 8 ) 

where O2 is dissolved oxygen concentration, Qflow-through is the rate of water entering the 

mesocosms from the mixing reservoir described above, and O2, sat is the concentration of 

dissolved oxygen at saturation. The instantaneous gas exchange rate coefficient (kg) can be 

normalized to a Schmidt number of 600 using the following relationship (Jähne et al., 1987) 

𝑘𝑔 = 𝑘600 (
𝑠𝐴 + 𝑠𝐵𝑇 + 𝑠𝐶𝑇2 + 𝑠𝐷𝑇3

600
)

𝑠𝐸 

 

( 9 ) 

where T is temperature in degrees C, and sA, sB, sC, sD are Schmidt number coefficients and sE is 

a scaling exponent. To calculate kg, we used temperature data from the MiniDOT loggers along 
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with the “convert_k600_to_kGAS” function in the streamMetabolizer package (Appling, Hall, et 

al., 2018), which implements Equation 9 using published values of sA, sB, sC, sD, and sE 

(Raymond et al., 2012). Calculating kg allowed us to estimate a single gas-exchange parameter 

(k600) for each day and mesocosm while accounting for variations in water temperature 

throughout the day. We calculated O2, sat using temperature measurements recorded by the 

MiniDOT loggers and barometric pressure measurements recorded by a HOBO U20 Water Level 

Logger along with the relationship in (Garcia & Gordon, 1992) implemented as the “garcia-

benson” model in the streamMetabolizer R package (Appling, Read, et al., 2018). We calculated 

water volumes (V) by first using Equation 5 to estimate each mesocosm’s total water volume on 

five dates with NaCl releases (September 3rd, 8th, 11th, 14th, and 20th) and then calculating the 

average volume across dates for each mesocosm.  

 We fit equation (8) to the DO data using a Bayesian approach implemented in the 

probabilistic programming language “Stan” (Carpenter et al., 2017). We used the trapezoidal rule 

to numerically integrate equation (8) and modeled observation error as independent and 

identically distributed (O2, obs ~ Normal(O2, pred, obs)).  Our model included prior probability 

distributions synthesized in previous research (Appling, Hall, et al., 2018; Hall et al., 2016; 

Raymond et al., 2012) and divided by target surface water depth (0.15 meters) in order to convert 

from areal units (i.e., g m2 day-1) to volumetric units (i.e., g m3 day-1): 

𝐺𝑃𝑃daily ~ 𝑁𝑜𝑟𝑚𝑎𝑙(𝜇 =  20.7, 𝜎 =  40.0) 

𝐸𝑅daily ~ 𝑁𝑜𝑟𝑚𝑎𝑙(𝜇 =  47.3, 𝜎 =  47.3) 

k600,daily ~ 𝐿𝑜𝑔𝑛𝑜𝑟𝑚𝑎𝑙(𝜇 =  2.5, 𝜎 = 1.3) 

𝜎𝑜𝑏𝑠  ~ 𝐻𝑎𝑙𝑓𝐶𝑎𝑢𝑐ℎ𝑦 (𝜇 = 0, 𝜎 = 0.03, 𝑙𝑜𝑤𝑒𝑟 𝑏𝑜𝑢𝑛𝑑 = 0, 𝑢𝑝𝑝𝑒𝑟 𝑏𝑜𝑢𝑛𝑑 =  ∞)  
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To sample the posterior distributions for the DO model, we used a NUTS sampler with a target 

acceptance statistic of 0.8. We used “cmdstanr”, the R interface to Stan (Gabry et al., 2023), to 

run four MCMC chains each with 1,000 warmup samples and 1,000 saved samples.  

Linear Models for Evaluating the Impacts of Caddisfly 

Density, GPP, and AER 

We fit several linear models to assess the impact of caddisfly count on hyporheic 

exchange, overall net nitrate uptake, and streambed nitrate uptake, and the impacts of GPP and 

AER on overall net nitrate uptake. Because manipulation of mesocosm water volumes and flow-

through characteristics on the day of the nitrate release would have led to erroneous estimates of 

GPP and AER on that day, we used estimates of GPP and AER from the day before the nitrate 

release, or September 16th, 2021 when evaluating the impact of GPP and AER on overall net 

nitrate uptake. Temperature and light were comparable on the day before and the day of the 

nitrate release, therefore we expect GPP and AER estimates from the day before the release to be 

representative of the relative differences in GPP and AER among mesocosms.  

To estimate the intercept (β0), slope (β1), and residual error standard deviation (σ) 

parameters for each linear model, we used the brms package (Bürkner, 2017) as an R interface to 

Stan. We used the default priors from brms: an improper flat prior over the reals for β1, a 

student’s t distribution with a shape parameter of 3, a scale parameter of 2.5, and a location 

parameter equal to the median of the response variable for β0, and a half student’s t-distribution 

with a shape parameter of 3, a scale parameter of 2.5, a location parameter equal to 0, and a 

lower bound of 0 for σ. Since all response variables (i.e., hyporheic exchange rate, overall net 

nitrate uptake, and streambed nitrate uptake) were estimated by fitting models to the data as 

described above, we propagated the uncertainty in these estimates by specifying their standard 
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deviation in the “sdy” argument of the “mi” function from brms. Similarly, we propagated 

uncertainty in the predictors GPP and AER by specifying each estimate’s standard deviation with 

the “sdx” argument of the “me” function from brms. We used a target acceptance rate of 0.9 and 

sampled each linear model using four MCMC chains each with 1,000 warmup samples and 2,000 

saved samples.  

Characterization of Bayesian Modeling Outputs 

We verified MCMC chain convergence by visually inspecting trace plots and by 

calculating the 𝑅̂ convergence diagnostic and bulk and tail effective sample size (ESS) using the 

rstan package (Stan Development Team, 2020). For each parameter estimate, we ensured that 

both bulk and tail ESS were at least 400 and that 𝑅̂ was less than 1.01 (Vehtari et al., 2021). For 

all parameters estimated using Bayesian inference, we summarized the posterior by calculating 

the mean and 89% highest-density interval (HDI) across all MCMC samples. For all linear 

models, we also calculated Bayesian R-squared (Gelman et al., 2019) to provide an easy-to-

interpret metric describing the estimated proportion of variance explained by each model. To 

interpret linear model parameter estimates and assess whether caddisflies had an effect on NOx 

uptake, we used the framework outlined by (Makowski, Ben-Shachar, Chen, et al., 2019), which 

advocates for independently evaluating both whether an effect exists (referred to here as “effect 

existence”), and whether the effect is of a non-negligible magnitude (referred to here as “relative 

effect size”).  

We calculated the probability of direction (“pd”) for each linear model’s β1 estimate as an 

index of effect existence. The pd is defined as the proportion of the posterior distribution that is 

either above zero if a majority of the posterior distribution is above zero, and below zero 
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otherwise (Makowski, Ben-Shachar, Chen, et al., 2019). Conceptually, it represents the 

probability that an effect is either positive or negative, whichever is more probable.  We 

calculated the pd for each model using the “pd” function from the “bayestestR” package 

(Makowski, Ben-Shachar, & Lüdecke, 2019). As an index of relative effect size, we calculated 

percentage in the Region of Practice Equivalence (“ROPE”) for each linear model’s β1 estimate. 

The percentage in the ROPE is defined as the percentage of the posterior distribution that 

overlaps with a range of values that are so close to zero that they lack practical relevance 

(Kruschke & Liddell, 2018; Makowski, Ben-Shachar, Chen, et al., 2019). To define the ROPE 

for each linear model’s β1, we first calculated the standard deviation of the response variable, 

divided by the standard deviation of the predictor, and multiplied by -0.1 and 0.1 to get the lower 

and upper bounds of the ROPE, respectively. Thus, the ROPE defines the region where a single 

standard deviation change in the predictor results in a predicted change in the response that is 

less than 10% of its standard deviation. We calculated the percentage in the ROPE for all linear 

models using the “ROPE” function from the “bayestestR” package (Makowski, Ben-Shachar, & 

Lüdecke, 2019). For brevity when reporting results, we refer the percentage in the ROPE as 

simply “ROPE”. 
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RESULTS 

Conservative Tracer Results 

Background-Corrected SC 

Following the addition of the tracer mass, SC rose almost instantaneously to between 93 

and 151 μS cm−1 above background, equivalent to an added NaCl concentration of between 45 

and 73 mg L-1. During the next minute, SC displayed several distinct peaks (Figure 3a) 

indicating that the initially concentrated slug had completed another trip around the circular 

mesocosm channel. The peaks dampened over time as the solute dispersed. SC gradually reached 

a new steady-state by 20 minutes following the slug addition, indicating complete mixing 

between the streambed and surface water (Figure 3b).  

To eliminate the effect of conservative tracer fluctuations during the first minute on 

inferences about hyporheic exchange, we fit equation (1) to the background-corrected salt 

concentration breakthrough curves measured between 1 and 20 minutes following the tracer 

release (Figure 3b). Differences in background-corrected salt concentrations at the steady-state 

beyond 20 minutes served as the basis for calculating mesocosm water volumes, which averaged 

28.5 L and ranged from 24.4 to 35.9 L.   
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Figure 3. (a) SC measured just before and immediately following the NaCl release and 

normalized by the average SC measured between 30 and 60 minutes following the release. (b) 

Estimated background-corrected (“added”) NaCl concentrations from between 1 and 20 minutes 

following the NaCl release. In both plots, each line represents data from a single mesocosm, with 

the red line highlighting the data from a representative mesocosm (0a) for demonstration 

purposes only. 

Hyporheic Exchange Rates 

SC posterior predictions reproduced patterns observed in the data (Appendix B Figure 

S1), with mean estimates of streambed surface-water exchange rate ranging from 3.0 L min-1 to 

6.3 L min-1 (mean = 4.1 L min-1). The effect of final caddisfly count on hyporheic exchange on 

the day of the nitrate release had a 96% chance of being positive, providing weak evidence for 

the existence of a caddisfly effect (Figure 4, Table 2). Further, the effect of caddisflies on 

hyporheic exchange could neither be considered negligible nor non-negligible (ROPE = 6.8%). 

Final caddisfly count explained 21% of the variance in hyporheic exchange rate.  
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Figure 4. Mean estimated hyporheic exchange rate (points) and 89% highest-density credible 

intervals (vertical lines) for each mesocosm plotted against caddisfly counts. The blue line shows 

the mean predicted hyporheic exchange rate across all Markov Chain Monte Carlo samples and 

the blue area represents the 89% highest-density predictive interval. 

Nitrate Results 

Overall Net Nitrate Uptake 

We observed low NOx concentrations ranging from <1.5 to 7.5 ppb NOx- N prior to the 

slug addition, which raised NOx concentrations by 167.4 to 252.7 ppb NOx- N (mean = 220.0 

ppb NOx- N). NOx decreased steadily during the 24 hours following the nitrate release (Figure 

5a). “Instantaneous” net nitrate uptake rates (i.e., the change in NOx concentration divided by 

elapsed time) were variable within individual mesocosms and dropped strongly at concentrations 
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below ~50 ppb NOx-N (Figure 5b).  Mean estimates of overall net NOx uptake rates ranged from 

0.25 ppb NOx- N/min to 0.74 ppb NOx- N/min (mean = 0.43 ppb NOx- N/min; Figure 6).  

 

 
Figure 5. (a) Time series of NOx concentrations immediately before and following the nitrate 

release and (b) net NOx uptake rates (i.e., the change in NOx concentration divided by elapsed 

time) plotted against the average of NOx concentrations measured at the beginning and end of 

the elapsed time. At NOx concentrations < 50 ppb NOx-N, net NOx uptake rates diminished with 

decreasing concentration. 

We found weak evidence for a positive effect (Figure 6, Table 2) of caddisflies on overall 

net nitrate uptake (pd = 0.96) suggesting that higher caddisfly densities are associated with 

higher rates of whole-mesocosm nitrate uptake, or faster nitrate removal (Figure 6). The effect of 

final caddisfly count on overall net nitrate uptake was of uncertain relative importance (ROPE = 

6.2%), and final caddisfly count explained 23% of the variance in net nitrate uptake.  
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Figure 6. Estimated overall net nitrate uptake rates plotted against the number of caddisflies 

counted at the end of the experiment. Mean estimates are shown as points and 89% highest-

density credible intervals are shown as vertical lines. The blue line shows the mean predicted 

nitrate uptake rate across all Markov Chain Monte Carlo samples and the blue area represents the 

89% highest-density posterior predictive intervals. 

Streambed Nitrate Uptake 

NOx concentration posterior predictions reproduced patterns in the data (Appendix B 

Figure S2), with mean estimates of streambed nitrate uptake rates ranging from 1.3 ppb NOx- 

N/min to 3.7 ppb NOx- N/min (mean = 2.2 ppb NOx- N/min). The relationship between 

caddisflies and streambed net nitrate uptake (Figure 7; Table 2) was uncertain, with little 

evidence for an effect (pd = 0.84). Insufficient evidence (ROPE = 16.6%) was available to 
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suggest that the effect of caddisflies on streambed nitrate uptake was either negligible or non-

negligible. Final caddisfly count explained 12% of the variance in streambed NOx uptake.  

 

 
Figure 7. Estimated streambed nitrate uptake rates plotted against the number of caddisflies 

counted at the end of the experiment. Mean estimates are shown as points and 89% highest-

density credible intervals are shown as vertical lines. The blue line shows mean predicted nitrate 

uptake rate across all Markov Chain Monte Carlo samples and the blue area represents the 89% 

highest-density posterior predictive interval. 

Effect of GPP and AER on Nitrate Uptake 

Metabolism models converged for each mesocosm on the day before the nitrate release, 

yielding posterior predictions that were reasonably consistent with measured DO concentrations 

(Figure S3). Mean estimates of AER ranged from -10.5 mg O2 L-1 day-1 to -17.2 mg O2 L-1 day-1 

(mean = -13.1 mg O2 L-1 day-1), and mean estimates of GPP ranged from 5.8 mg O2 L-1 day-1 to 
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8.7 mg O2 L-1 day-1 (mean = 7.0 mg O2 L-1 day-1). While the effect of AER on overall net nitrate 

uptake was uncertain (pd = 0.91; Figure 8b), we observed a likely positive effect of GPP on 

overall net nitrate uptake (pd = 0.98; Figure 8a), implying that net NOx removal occurred faster 

in mesocosms with higher rates of GPP. Both effects were of uncertain relative importance, with 

GPP having a stronger effect (ROPE = 4.0%) than AER (ROPE = 11.9%). Whereas AER 

explained 16% of the variance in overall net nitrate uptake, GPP explained 27%.  

 

 
Figure 8. Estimated overall net nitrate uptake rates plotted against (a) estimated gross primary 

production and (b) aerobic ecosystem respiration on the day before the nitrate release. Mean 

estimates are shown as points and 89% highest-density credible intervals are shown as horizontal 

and vertical lines. Blue lines show the mean predicted nitrate uptake rate across all MCMC 

samples and blue areas represent 89% highest-density posterior predictive intervals. 
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Table 2. Summary statistics indicating effect existence and relative and absolute effect sizes for each model 

 
Response Predictor pd ROPE R2 

Mean slope 

estimate 

89% highest density 

credible interval 

Hyporheic exchange   

(L min-1)  

Final # caddisflies 0.96 6.8% 0.21 6.3 × 10-3 [4.6 × 10-4, 1.2 × 10-2] 

Net NOx uptake  

(ppb NOx-N min-1) 

Final # caddisflies 0.96 6.2% 0.23 1.1 × 10-3 [9.1 × 10-5, 2.2 × 10-3] 

Streambed NOx uptake  

(ppb NOx-N min-1) 

Final # caddisflies 0.84 17.0% 0.12 3.7 × 10-3 [-2.3 × 10-3, 1.0 × 10-2] 

Net NOx uptake  

(ppb NOx-N min-1) 

Aerobic ecosystem 

respiration  

(mg O2 L-1 day-1) 

0.91 12.0% 0.16 7.2 × 10-2 [1.6 × 10-2, 1.3 × 10-1] 

Net NOx uptake  

(ppb NOx-N min-1) 

Gross primary 

production  

(mg O2 L-1 day-1) 

0.98 4.0% 0.27 2.6 × 10-2 [-5.0 × 10-3, 5.9 × 10-2] 
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DISCUSSION 

Relative Size of the Effect of Net-Spinning Caddisfly Larvae on Net Nitrate Uptake 

Our experiments provided some evidence that higher densities of net-spinning caddisflies 

are associated with higher rates of overall net nitrate uptake. However, the relative importance of 

this effect was unclear. For the slope coefficient describing the effect of final caddisfly count on 

overall net nitrate uptake, the percent of the posterior distribution within the region or practical 

equivalence or “ROPE” was 6.2%, supporting neither the conclusion that the effect was 

negligible nor the conclusion that the effect was non-negligible (Makowski, Ben-Shachar, & 

Lüdecke, 2019).  

 However, we calculated the ROPE using the standard deviation of overall net nitrate 

uptake measured in our mesocosms. Thus, while the percentage in ROPE may be an appropriate 

measure of relative effect size in the context of our mesocosm experiments, it is inappropriate for 

assessing whether the potential effect of caddisflies on nitrate uptake would be appreciable in 

real stream ecosystems since it does not capture the full variability in nitrate uptake rates 

observed in natural streams and rivers. Moreover, we estimated nitrate uptake rates as a rate of 

concentration change, which varies with stream channel depth and often nitrate concentration. To 

compare the net nitrate uptake rate estimates from our mesocosms with those measured in real 

streams, we calculated nitrate uptake velocities using relationships from nutrient spiraling theory 

(Ensign & Doyle, 2006). Specifically, we calculated areal uptake flux by multiplying estimates 

of nitrate uptake rate – defined as rates of concentration change per time – by the mean estimated 

channel volume across all mesocosms (23 L) and then dividing by the surface area of the 

mesocosm stream channels (0.14 m2). We then calculated uptake velocity as aerial uptake flux 
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divided by nitrate concentration. Here, it is reasonable to calculate uptake velocity for 

concentrations ranging from about 50 to 200 ppb NOx-N since this is the range over which we 

observed relatively consistent NOx uptake rates.  

We estimated uptake velocities for the control (0 caddisflies m-2) and for the highest 

caddisfly density treatment (2,500 caddisflies m-2) using mean overall net nitrate uptake rates 

from the posterior predictive distribution (Figure 6). At a concentration of 100 ppb NOx-N, 

estimated uptake velocities were 1.1 x 10-3 cm s-1 for the no-caddisfly case and 1.5 x 10-3 cm s-1 

for the highest caddisfly density case. Both uptake velocities are comparable to those measured 

at similar concentrations across biomes in the LINX II study (Mulholland et al., 2008), 

illustrating that results from our mesocosm experiments may be comparable to natural streams. 

However, while total nitrate uptake velocities in the LINX II study spanned at least one order of 

magnitude at concentrations near 100 ppb NO3
--N, estimated nitrate uptake velocities for the no-

caddisfly and highest-density caddisfly cases spanned far less than an order of magnitude. This 

indicates that the impact of net-spinning caddisflies on total nitrate uptake is relatively small 

compared with variation in nitrate uptake across biomes and suggests that additional factors 

including primary production (Hall et al., 2009), streambed turbulence (Grant, Azizian, et al., 

2018), and carbon availability (Arango et al., 2007; Bernhardt & Likens, 2002; L. T. Johnson et 

al., 2012) – among others – may be more important drivers of nitrate uptake than net-spinning 

caddisflies.  

Sub-Optimal Conditions for Net-Spinning Caddisflies 

While the effect of net-spinning caddisflies on overall net nitrate uptake may have been 

non-negligible, we found only weak evidence that the effect existed at all (pd = 0.96). If the 
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effect does exist and net-spinning caddisflies do enhance nitrate uptake, it is possible that effect 

sizes and evidence strength were weakened because conditions were suboptimal for the 

caddisflies, diminishing their ability to act as ecosystem engineers. This is consistent with 

relatively high levels of caddisfly mortality (Figure 2). 

One possible explanation for caddisfly mortality and reduced engineering activity is that 

the net-spinning caddisflies in our experiments were experiencing heightened metabolic stress. 

Hydropsyche species common to the area where we collected those for our experiment, including 

Hydropsyche cockarelli and Hydropsyche tana, typically emerge and lay their eggs between late 

June and early August (Gustafson, 1990; Hauer & Stanford, 1982). Larvae progress through five 

instars (developmental stages), reaching terminal instar around October (Gustafson, 1990; Hauer 

& Stanford, 1982).  We collected the caddisflies for our experiment at the beginning of 

September. Because the caddisflies were likely still growing and molting during this time, it may 

have been particularly difficult for them to acclimate to the mesocosms and to construct nets and 

retreats following removal from the sampled stream and introduction into the mesocosms. 

However, previous mesocosm studies have also observed substantial net-spinning 

caddisfly larvae mortality, suggesting that additional factors beyond collection timing may have 

contributed to reduced engineering activity (Albertson et al., 2014, 2019; Fritz et al., 2023). For 

example, flow velocities in the mesocosm channels were likely non-ideal for caddisflies’ net 

spinning activities. In two previous studies, individual Hydropsyche larvae were more likely to 

construct a net with increasing flow velocity for velocities ranging from 0.05 to 0.45 m/s 

(Loudon & Alstad, 1992; Philipson & Moorhouse, 1974). Specifically, Loudon and Alstad found 

that while just over 30% of the Hydropsyche larvae in their experiments spun nets at a flow 
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velocity of 0.05 m/s, about 90% of larvae spun nets at a velocity of 0.45 m/s. The same study 

also found that Hydropsyche larvae construct nets with a smaller mesh size (i.e., less coarse) at 

higher flow velocities (Loudon & Alstad, 1992). We estimated that the average channel flow 

velocities in our mesocosms were about 0.09 m/s, which is on the lower end of the experimental 

velocities used in the aforementioned studies. Thus, the relatively low flow velocities in our 

experiments may have led the caddisflies to spin fewer nets with coarser mesh size, reducing 

their potential impact on nitrate dynamics. Overall, our hypothesis about nitrate uptake was 

founded on the ecosystem engineering behavior of caddisflies and not the caddisflies themselves. 

Suboptimal experimental conditions may have limited caddisfly ecosystem engineering behavior, 

diminishing any potential effects on nitrate uptake. 

Conceptualizing the Location of Nitrate Uptake in Streambeds 

We did not find evidence that caddisflies had an effect on streambed nitrate uptake and 

thus we did not find support for our hypothesis that caddisflies affect nitrate uptake by altering 

streambed microbial activity. However, our estimates of streambed nitrate uptake were based on 

a set of modeling assumptions that may have been invalid. For example, our model (Equations 1 

and 7) conceptualizes the mesocosm streambed and surface water channel as two separate 

domains that exchange water according to an exponential travel time distribution. We used this 

model along with conservative tracer data to estimate both streambed water volume and 

hyporheic exchange rate for each mesocosm rather than attempting to measure these quantities 

more directly. Hence, the streambed in the model is not necessarily confined to the physical 

region that we typically consider to be the streambed, but rather is defined as some arbitrary 
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volume of water that has exchanges with another well-mixed volume of water following an 

exponential travel time distribution.  

The potential discrepancy between the model streambed extent and the physical 

streambed extent is particularly consequential since our model also assumes that all nitrate 

uptake occurs in the streambed. For instance, if mesocosm surface water mixed rapidly with the 

shallow benthos – e.g., via turbulence (Grant, Gomez‐Velez, et al., 2018)  – the model would 

have characterized the shallow benthos as surface water, thus underestimating the physical 

streambed extent. In this case, nitrate uptake would be attributed to an artificially small volume 

and the streambed nitrate uptake rate would be overestimated. Additionally, the magnitude of 

overestimation likely varied among mesocosms due to random differences in the physical 

characteristics of each mesocosm. 

Yet even if the model accurately represents the extent of the streambed, we have several 

reasons to believe that much of the nitrate uptake occurred at the streambed-surface water 

interface and shallow benthos rather than occurring homogeneously within the streambed. First, 

we found moderate evidence that higher GPP was associated with higher nitrate uptake rates 

(Figure 8; Table 2). This suggests that at least some of the nitrate uptake was driven by 

assimilation by autotrophs living at the streambed-surface water interface, consistent with 

findings from streams across multiple biomes (Hall et al., 2009). Second, dissolved oxygen 

concentrations remained relatively high throughout the course of the experiment; DO levels 

measured in the surface water were at 94% of saturation on average and never dropped below 

80% saturation. Moreover, we estimated that the mean streambed travel time across mesocosms 

was 1.8 minutes, with 94% of the water across all mesocosms exchanging at timescales of 5 
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minutes or less. The combination of dissolved oxygen levels near saturation and relatively short 

streambed travel times likely diminished the importance of streambed denitrification, since 

denitrification primarily occurs in anoxic zones that likely become more prevalent in subsurface 

flowpaths with longer travel times (Zarnetske et al., 2011).  

Finally, previous research conducted in real streams has demonstrated that a substantial 

proportion of nitrate uptake occurs at the streambed-surface water interface and in shallow 

sediments (Battin, Kaplan, Newbold, & Hendricks, 2003; Harvey et al., 2013; Knapp et al., 

2017). Such findings highlight inhomogeneity in nitrate uptake within the streambed and may 

partially explain why many researchers have been unable to empirically demonstrate a 

relationship between transient storage and nutrient uptake (Hall et al., 2002; Lautz & Siegel, 

2007; Ward & Packman, 2019). While others have attributed this lack of empirical relationship to 

other less metabolically-active forms of surface transient storage like dead zones and side pools 

(Ensign & Doyle, 2006; Hall et al., 2002), our circular mesocosms were effectively channelized 

and had very little visible surface transient storage. Thus, this research adds to the body of 

evidence suggesting the need for more robust ways to represent and scale nitrate uptake 

occurring in diverse hydrologic domains including the surface water-streambed interface and 

shallow subsurface (Covino, 2017; Harvey et al., 2013; Ward & Packman, 2019). 

If nitrate uptake in our mesocosms was in fact occurring primarily at the streambed-

surface water interface rather than deeper in the subsurface, then the number of caddisflies 

inhabiting the streambed surface should serve as a more representative indicator of the potential 

for caddisflies to affect overall net nitrate uptake rate. We conducted a preliminary analysis 

relating overall net nitrate uptake rate with sampled surface-dwelling caddisflies (Appendix D 
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Figure S7). Results from this analysis were inconclusive and warrant further analysis that 

accounts for sampling error in surface-dwelling caddisfly counts. 

Sensitivity of Nitrate Uptake to Hyporheic Exchange Rate 

Previous research has shown that Hydropsyche larvae and their silk structures can 

measurably reduce the hydraulic conductivity of sediment relative to controls (MacDonald et al., 

2020). This finding suggests that, in addition to the mechanism discussed in this paper, 

caddisflies could also influence nitrate uptake rates by altering the rate and timescale of 

hyporheic exchange. However, because our mesocosms had a fixed volume, mean streambed 

travel time and exchange rate were inversely related (i.e., 𝑄 =
𝑉

𝜏̅
 ). While an increase in 

streambed travel time would theoretically allow longer time for reactions to proceed in the 

biologically active streambed, an increase in mean travel time also corresponds to a reduction in 

hyporheic exchange rate, which controls the rate of delivery of biologically active solutes to the 

streambed. Thus, for reactions whose rates are constant with respect to hyporheic travel time, the 

effect of increased travel time on nitrate uptake would be counteracted by the effect of a 

corresponding decrease in hyporheic exchange rate. 

This point can be further illustrated by considering the reaction significance factor (RSF), 

a metric that quantifies the relative contribution of a single hydrologic domain to whole-stream 

biogeochemistry (Gomez-Velez et al., 2015; Harvey et al., 2013; Harvey & Fuller, 1998). The 

RSF is conventionally defined as 𝑅𝑆𝐹 =  𝐷𝑎
𝐿

𝐿𝑠
 =  𝜏 𝑘1

𝐿

𝐿𝑠
 =

𝜏

𝜏𝑟𝑒𝑎𝑐

𝐿

𝐿𝑠
  , where Da is the 

Damköhler number of the hydrologic domain of interest, 𝜏 is mean travel time, k1 is the first-

order reaction rate constant, 𝜏𝑟𝑒𝑎𝑐  is the characteristic reaction timescale, L is a reference length, 
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and Ls is turnover length, or the average distance a solute molecule travels before exchanging 

with the hydrologic domain of interest. Considering our mesocosm streambeds as the hydrologic 

domain of interest, an increase in the rate constant k within the streambed would yield a higher 

RSF. Conversely, an increase in mean streambed travel time may not yield a higher RSF if it 

occurs in conjunction with an increase in turnover length, which is expected for our mesocosms 

since they have a fixed subsurface water volume. Thus, the RSF model suggests that our 

experimental setup and modeling methods were potentially suitable for assessing whether 

caddisflies affected overall nitrate uptake by influencing streambed microbial activity, since 

whole mesocosm nitrate uptake would be sensitive to changes in streambed uptake rate. In 

contrast, our experimental methods may be less appropriate for assessing whether caddisflies 

impact nitrate uptake by reducing rates of hyporheic exchange, since overall nitrate uptake would 

not be sensitive to changes in hyporheic exchange rate. 

Recommendations 

We recommend that future work using a similar study design consider the following 

recommendations for improvement upon this study. First, we recommend creating more 

favorable conditions for the net-spinning caddisflies by maintaining flow velocities of at least 0.2 

m/s and by collecting the caddisfly larvae after they have reached terminal instar (between 

October and July in our sample stream). Second, when modeling the mesocosms, we recommend 

constraining streambed water volume using physical measurements such as sediment porosity 

and volume, which could be incorporated into the model as informative priors. In order to obtain 

reasonable model fits with these additional constraints, it may be necessary to represent 
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hyporheic travel time distributions differently, such as using a non-parametric model (Payn et al., 

2008).  

Third, rather than assuming that all nitrate uptake occurs in the streambed 

homogeneously, future research should represent heterogeneity in nitrate uptake rates throughout 

the entire mesocosm. Future models might include separate terms for nitrate uptake in the 

streambed and nitrate uptake in surface water and at the streambed-surface water interface 

(Briggs et al., 2009; Z. C. Johnson et al., 2015). However, disentangling these two terms would 

likely require additional data collection and could add potential model over-parameterization. 

One approach would be to maintain flow through each mesocosm, allow nitrate concentrations to 

reach steady state, and collect water samples from multiple depths in the mesocosm streambed. 

This would allow for estimation of streambed uptake rates (O’Connor & Harvey, 2008), which 

could then be compared with overall net nitrate uptake rates measured using e.g., 15N-NO3 tracer 

addition and surface water sampling (Mulholland et al., 2004). Another approach would be to 

characterize the relationship between hyporheic travel time and nitrate uptake rate, which could 

also be facilitated via collection of subsurface water samples (Harvey et al., 2013; Zarnetske et 

al., 2011). Using this approach, one could adapt the model used for this study (Equation 7) to 

consider differences in nitrate uptake rate as a function of hyporheic travel time. This would 

make it possible to scale the effect of mesocosm streambed nitrate uptake to model how 

streambed uptake contributes to overall net nitrate uptake. 

 Finally, we recommend that future research consider modifying the experimental setup 

to create more anaerobic zones and thus greater potential for denitrification. This could be 

achieved by modifying sediment size distributions, increasing ambient nutrient concentration, or 
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adding organic matter to the sediment (Inwood et al., 2007; Mulholland et al., 2008; Solomon et 

al., 2009). The reaction significance factor (RSF) described above assumes that reactions can be 

described with some rate constant that does not vary with respect to travel time for the 

hydrologic domain of interest. While this assumption may be reasonable for assimilatory nitrate 

uptake, it may be a poor assumption for denitrification, which tends to occur only after oxygen 

has been consumed and therefore may not begin until some threshold travel time (Zarnetske et 

al., 2011). If this were the case, increased mean hyporheic travel time could result in increased 

whole-mesocosm denitrification despite associated reductions in hyporheic exchange rate. This 

suggests that if denitrification represented a larger fraction of nitrate uptake in the mesocosms, it 

would be possible to examine how caddisflies mediate nitrate uptake by altering hydrologic 

exchange. 
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CONCLUSION 

 In this study, we hypothesized that net-spinning caddisfly larvae enhance whole-stream 

nitrate uptake by increasing the capacity of the streambed microbial community to take up 

nitrate. We tested this hypothesis by experimentally manipulating caddisfly density in a set of 

stream-analogue mesocosms, conducting nitrate releases in each mesocosm, and using models 

and Bayesian inference to estimate whole-mesocosm and streambed nitrate uptake rates. 

Experimental results provided weak evidence that higher caddisfly densities were associated 

with higher rates of whole-mesocosm nitrate uptake but provided little evidence that caddisflies 

increased streambed nitrate uptake rates. We found moderate evidence that gross primary 

production (GPP) was positively associated with whole-mesocosm nitrate uptake rates, 

indicating that much of the nitrate uptake in our mesocosms was occurring at the 

photosynthetically active streambed surface-water interface. Overall, our study demonstrates 

modest potential for net-spinning caddisfly larvae to act as ecosystem engineers by altering 

nitrate uptake rates in experimental mesocosms. Future work could use a modified experimental 

setup and modeling approach to lend additional evidence to our findings.  
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APPENDIX A 

ANALYTICAL SOLUTION TO CONSERVATIVE TRACER MODEL 
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Here, I derive the analytical solution of the following ordinary differential equation using 

Laplace transforms:  

𝑑𝐶

𝑑𝑡
= 𝑞 (∫ 𝑔(𝜏

𝑡

0

)𝐶(𝑡 −  𝜏) 𝑑𝜏 − 𝐶(𝑡)) + 𝐶0𝛿(𝑡 − 𝑡𝑎𝑑𝑑) 

The streambed travel time distribution is defined as:  

𝑔(𝜏) =  𝜆𝑒−𝜆𝑡 

Switching to a more standard notation (i.e., C(t) = f(t)) and substituting in g(), we obtain: 

𝑓′(𝑡) = 𝑞 (∫ 𝜆𝑒−𝜆𝑡
𝑡

0

𝑓(𝑡 −  𝜏) 𝑑𝜏 − 𝑓(𝑡)) + 𝐶0𝛿(𝑡 − 𝑡𝑎𝑑𝑑) 

The Laplace transform of this is:  

𝑠𝐹(𝑠) − 𝑓(0) = 𝑞(𝐹(𝑠)𝐺(𝑠) − 𝐹(𝑠)) + 𝐶𝑎𝑑𝑑𝑒−𝑡𝑎𝑑𝑑𝑠 

The Laplace transform of the streambed travel time distribution is: 

𝐺(𝑠) =
𝜆

𝑠 +  𝜆
 

We define tadd as 0 such that t = 0 at the moment the conservative tracer is added. Considering 

this definition and substituting in G(s) we get:  

𝑠𝐹(𝑠) − 𝑞𝐹(𝑠)
𝜆

𝑠 + 𝜆
+ 𝑞𝐹(𝑠) = 𝐶𝑎𝑑𝑑 + 𝑓(0) 

We can then rearrange and simplify:  

𝐹(𝑠)(𝑠 − 𝑞
𝜆

𝑠 + 𝜆
+ 𝑞) = 𝐶𝑎𝑑𝑑 + 𝑓(0) 

𝐹(𝑠) =
𝐶𝑎𝑑𝑑 + 𝑓(0)

(𝑠 −
𝑞𝜆

𝑠 + 𝜆
+ 𝑞)

=
(𝐶𝑎𝑑𝑑 + 𝑓(0))(𝑠 + 𝜆)

𝑠2 +  𝜆𝑠 − 𝑞𝜆 + 𝑞𝑠 + 𝑞𝜆
=

(𝐶𝑎𝑑𝑑 + 𝑓(0))(𝑠 + 𝜆)

𝑠2 + 𝑠(𝜆 + 𝑞)
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Completing the square and formatting the numerator so it has an inverse Laplace transform 

yields the following: 

𝐹(𝑠) =  
(𝐶𝑎𝑑𝑑 + 𝑓(0))(𝑠 + 𝜆)

(𝑠 +
𝜆 + 𝑞

2 )
2

− (
𝜆 + 𝑞

2 )
2 =

(𝐶𝑎𝑑𝑑 + 𝑓(0))(𝑠 +
𝜆 + 𝑞

2 +  𝜆 − 
𝜆 + 𝑞

2 )

(𝑠 −
−(𝜆 + 𝑞)

2 )
2

− (
𝜆 + 𝑞

2 )
2   

The above can be simplified by defining and substituting two additional variables (a and b):  

𝑎 = −
𝜆 + 𝑞

2
       𝑏 =

𝜆 + 𝑞

2
 

𝐹(𝑠) =  (𝐶𝑎𝑑𝑑 + 𝑓(0)) [
(𝑠 − 𝑎)

(𝑠 − 𝑎)2 − 𝑏2
+

𝜆 − 𝑞

𝜆 + 𝑞

 𝑏

(𝑠 − 𝑎)2 − 𝑏2
] 

We can take the inverse Laplace transform to get: 

𝑓(𝑡) = (𝐶𝑎𝑑𝑑 + 𝑓(0)) [𝑒𝑎𝑡 cosh(𝑏𝑡) +
𝜆 − 𝑞

𝜆 + 𝑞
𝑒𝑎𝑡 sinh(𝑏𝑡)]  

Plugging a and b back in and simplifying yields the analytical solution the Equation 1: 

𝑓(𝑡) = (𝐶𝑎𝑑𝑑 + 𝑓(0))𝑒−
(𝜆+𝑞)𝑡

2 [cosh (
𝜆 + 𝑞

2
𝑡) +

𝜆 − 𝑞

𝜆 + 𝑞
sinh (

𝜆 + 𝑞

2
𝑡)]  

  



53 

 

 

 

 

 

 

 

 

 

APPENDIX B 

POSTERIOR PREDICTIONS 
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Figure S1. Observed SC (black points), mean posterior prediction (turquoise line), and 89% 

highest-density posterior predictive intervals (grey areas). For SC, posterior predictive intervals 

are sufficiently small and difficult if not impossible to see. To calculate RMSE for each MCMC 

sample, we first modeled SC without process or measurement error by running the process-based 

model (i.e., Equation 1) using each sample’s parameter set and saving the model output at all 

times when SC was measured. We then quantified the difference between measured and modeled 

SC by calculating root mean squared error (RMSE) for each MCMC sample. The RMSE value 

shown on each plot represents the median RMSE across all MCMC samples. 
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Figure S2. Observed NOx concentrations (black points), mean posterior prediction (indigo line), 

and 89% highest-density posterior predictive intervals (grey areas). To calculate RMSE for each 

MCMC sample, we first modeled NOx without process or measurement error by running the 

process-based model (i.e., Equation 7) using each sample’s parameter set and saving the model 

output at all times when NOx was measured. We then quantified the difference between 

measured and modeled NOx by calculating root mean squared error (RMSE) for each MCMC 

sample. The RMSE value shown on each plot represents the median RMSE across all MCMC 

samples. 
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Figure S3. Observed DO concentrations (black points), mean posterior prediction (pink line), and 

89% highest-density posterior predictive intervals (grey areas) for September 16, 2021. For each 

MCMC sample, we modeled DO concentration by running the process-based model (i.e., 

Equation 8) using that sample’s parameter set and saving the model output at all times when DO 

was measured. We then quantified the difference between measured and modeled DO by 

calculating root mean squared error (RMSE) for each MCMC sample. The RMSE value shown 

on each plot represents the median RMSE across all MCMC samples. 
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APPENDIX C 

RESULTS SHOWN WITH CADDISFLY TREATMENT AS A PREDICTOR 

  



58 

 

 
Figure S4. Estimated hyporheic exchange rate plotted against caddisfly treatment. Mean 

estimates are shown as points and 89% highest-density credible intervals are shown as vertical 

lines. The blue line shows mean predicted hyporheic exchange rate across all Markov Chain 

Monte Carlo samples and the blue area represents the 89% highest-density posterior predictive 

interval.   
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Figure S5. Estimated overall net nitrate uptake rate plotted against caddisfly treatment. Mean 

estimates are shown as points and 89% highest-density credible intervals are shown as vertical 

lines. The blue line shows mean predicted overall net nitrate uptake rate across all Markov Chain 

Monte Carlo samples and the blue area represents the 89% highest-density posterior predictive 

interval. 

 

  



60 

 

 

Figure S6. Estimated streambed nitrate uptake rate plotted against caddisfly treatment. Mean 

estimates are shown as points and 89% highest-density credible intervals are shown as vertical 

lines. The blue line shows mean predicted streambed nitrate uptake rate across all Markov Chain 

Monte Carlo samples and the blue area represents the 89% highest-density posterior predictive 

interval. 
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APPENDIX D 

NITRATE UPTAKE VS SAMPLED SURFACE CADDISFLY COUNTS 
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Figure S7. Estimated overall net nitrate uptake rate plotted against caddisflies sampled from the 

top layer of rocks on the mesocosm surface. Mean uptake estimates for each mesocosm are 

shown as points and 89% highest-density credible intervals are shown as vertical lines. The 

surface caddisfly count on the x-axis does not represent the total number of caddisflies present 

on the surface of the streambed, but rather represents the total number of caddisflies counted 

from four samples collected from a total area of approximately 435 cm2, or about 30% of the 

total mesocosm streambed area. Blue lines represent linear regression fits with (a) data from all 

mesocosms, (b) the highest sample count removed, and (c) the highest two sample counts 

removed. 
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