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Macroscale controls determine the recovery of river ecosystem 
productivity following flood disturbances
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River ecosystem function depends on flow regimes that are increasingly modified by 
changes in climate, land use, water extraction, and flow regulation. Given the wide range 
of variation in flow regime modifications and autotrophic communities in rivers, it has 
been challenging to predict which rivers will be more resilient to flow disturbances. To 
better understand how river productivity is disturbed by and recovers from high- flow 
disturbance events, we used a continental- scale dataset of daily gross primary production 
time series from 143 rivers to estimate growth of autotrophic biomass and ecologically 
relevant flow disturbance thresholds using a modified population model. We compared 
biomass recovery rates across hydroclimatic gradients and catchment characteristics to 
evaluate macroscale controls on ecosystem recovery. Estimated biomass accrual (i.e., 
recovery) was fastest in wider rivers with less regulated flow regimes and more frequent 
instances of biomass removal during high flows. Although disturbance flow thresholds 
routinely fell below the estimated bankfull flood (i.e., the 2- y flood), a direct compar-
ison of disturbance flows estimated by our biomass model and a geomorphic model 
revealed that biomass disturbance thresholds were usually greater than bed disturbance 
thresholds. We suggest that primary producers in rivers vary widely in their capacity 
to recover following flow disturbances, and multiple, interacting macroscale factors 
control productivity recovery rates, although river width had the strongest overall effect. 
Biomass disturbance flow thresholds varied as a function of geomorphology, highlighting 
the need for data such as bed slope and grain size to predict how river ecosystems will 
respond to changing flow regimes.

ecosystem recovery | disturbance | river | algae | ecosystem metabolism

Anthropogenic change is modifying the frequency and intensity of disturbances in streams 
and rivers (1). Climate and land use change as well as water extraction and river regulation 
modify the natural flow regimes of rivers (2) with cascading effects on ecosystem processes 
and ecological communities (3, 4). As global temperatures rise, extreme climatic events 
could increase flow variability, including both more regional droughts and more frequent, 
intense precipitation events (i.e., weather whiplash) (5, 6). Ongoing changes to land use, 
including urbanization, affect the speed at which runoff is transported into rivers, poten-
tially augmenting or mitigating flood potential (7, 8) and suppressing river ecosystem 
recovery, specifically autotrophic productivity, following storms (9–11). Water extraction 
and river regulation (e.g., dams) can further remove or diminish floods, thus homogenizing 
flows (1, 8) which can alter responses to disturbance and increase autotrophic productivity 
downstream (12). Few studies have examined how autotrophic productivity in rivers is 
affected by disturbance at large scales, primarily because these data remain difficult to 
collect in individual rivers. Therefore, it remains uncertain how variable river recovery 
may be following high- flow disturbance events. By leveraging increasingly widespread 
high- frequency, long- term, and large- scale observational datasets (13) and applying 
process- based models, we can gain insight into controls on river ecosystem recovery at 
both continental and decadal scales.

In studies of ecosystem disturbance, rates of ecosystem recovery can be quantified from 
the change in estimates of primary productivity in pre-  and postdisturbance states  
(14, 15). Recovery following disturbance in terrestrial ecosystems is typically measured 
on a yearly to decadal scale, where disturbance may take the form of drought (16), wildfires 
(17), warming temperatures (18), and rising seawater levels (19). Due to physiological 
and metabolic factors as well as more frequent disturbances, aquatic primary producers 
typically recover faster following disturbance than terrestrial plants, on daily to seasonal 
timescales [e.g., algae in streams following flash floods (14, 20, 21), giant kelp facing wave 
disturbance (22)]. To examine changes through time or in the context of a given distur-
bance, biomass is typically the measured metric of primary production. However, meas-
uring biomass in river ecosystems at high spatial and temporal resolutions is particularly 
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difficult due to its heterogeneous and ephemeral nature, and 
observations cannot match the spatial extent and frequency for 
which we have ecosystem metabolism estimates. Instead, estimates 
of gross primary production (GPP) in rivers (23) can be modeled 
as a function of underlying autotrophic biomass dynamics (24), 
enabling the prediction of recovery trajectories in rivers following 
hydrologic disturbance. Here, we model the biomass of primary 
producers in rivers, including all photoautotrophs (i.e., periphy-
ton, phytoplankton, and macrophytes), encountering flow distur-
bance. We use high- frequency estimates of ecosystem primary 
production and build on prior work illustrating how flow varia-
bility relates to riverine GPP (25).

Predictions of postdisturbance recovery of river ecosystem 
productivity change with the scale of observation and frequency 
of disturbance. Observations within a river reach suggest 
increased disturbance frequency may increase recovery rates (20) 
while whole reach observations show increased disturbance fre-
quency may decrease recovery rates (9). In rivers experiencing 
relatively high disturbance frequency, predominantly urban or 
agricultural watersheds, GPP can have low resistance to high- flow 
events (9, 10). In dammed or otherwise flow- regulated rivers 
experiencing lower disturbance frequency, management of flow 
can affect productivity, increasing GPP in steady- flow scenarios 
and decreasing GPP during periods when flows are altered to 
meet power demands (12). In addition to factors affecting flow 
regimes, the relative importance of conditions such as light avail-
ability (26) and nutrients (27) may explain variation in recovery 
rates because these conditions facilitate high rates of algal pro-
ductivity when flows are steady. River width tends to increase 
with the size of the drainage area (28). As a result, less of the 
surface area tends to be shaded by tree canopy, increasing light 
availability (29). However, an increase in light availability may 
not translate to greater light penetration through the water col-
umn because many wider rivers are deep and often have high 
turbidity (30). River size may also modulate the effects of land 
use; in particular, wide rivers dampen the effects of watershed 
development on productivity dynamics (31). Nutrient availabil-
ity in rivers is not thought to be a primary driver of variation in 
GPP (26), but river productivity may increase in human- altered 
watersheds due to alleviation of nutrient limitation (31). Each 
of these interactions makes it difficult to predict how factors such 
as river size and nutrient availability may determine the rate of 
recovery of autotrophic productivity.

In this study, we employ a macrosystems approach (32) to 
examine the relative influence of cross- scale controls (i.e., from 
the river reach to landscape scale), in addition to light and flow, 
that mediate the relationship between disturbance frequency and 
recovery rates of autotrophic productivity following flood distur-
bances in rivers across the continental United States. We modify 
a state- space time series modeling approach developed by Blaszczak 
et al. (24) that uses daily GPP estimates (23) and a density-  
dependent population model (33) to predict daily autotrophic 
biomass and estimate recovery following high- flow disturbance 
events. We then investigate macroscale controls of ecosystem 
recovery, including land cover, river size, temperature, and nutri-
ents, following flood disturbance across varied hydrologic regimes. 
In addition, we estimate the magnitude of flow which causes 
reductions in productivity through time (i.e., the disturbance flow 
threshold) and compare river- specific thresholds to bed distur-
bance thresholds based on the geomorphic characteristics of rivers. 
Ultimately, we quantify the recovery of river productivity follow-
ing flood disturbances to better inform predictions of how river 
ecosystems spanning a wide range of hydrologic and geographic 
conditions will respond to changing disturbance regimes.

Results

Estimates of Maximum Growth Rates and Biomass Accrual. 
Model- estimated maximum growth rates ( rmax ) of autotrophic 
biomass were relatively fast but varied widely across all rivers  
(n = 143). Most rivers had a doubling time averaging 1 wk (7.3 d 
doubling time; median rmax across all sites = 0.095 d−1), with few 
rivers having exceptionally fast growth rates resulting in a right- 
skewed rmax estimate distribution. The eight sites that fell at or 
above the 95th percentile rmax value (0.35 d−1 or 2.0 d doubling 
time) displayed lower coefficients of variation in discharge (mean 
of eight sites = 0.86), wider river size (mean width across eight sites 
= 64 m), and higher daily GPP (mean of eight sites = 9.4 g O2 m

−2 
d−1). Similarly, the eight sites whose estimated rmax values fell at or 
below the 5th percentile (0.028 d−1 or 24 d doubling time) instead 
displayed higher coefficients of variation in discharge (mean of 
eight sites = 1.74), narrower river size (mean width across eight 
sites = 10 m), and lower daily GPP (mean of eight sites = 0.5 g 
O2 m

−2 d−1). Overall, uncertainty intervals of rmax estimates were 
larger at higher values (maximum rmax estimate across all sites =  
0.66 d−1 or 1 d doubling time, CI95 = [0.54, 0.79]) and smaller at 
lower values (minimum rmax estimate across all sites = 0.006 d−1 
or 124 d doubling time, CI95 = [−0.044, 0.052]).

The recovery rates of river biomass following disturbance, as 
estimated by maximum biomass accrual rates ( amax   ), covaried 
more with in- stream conditions and less with flow modifications. 
Similar to rmax   estimates, few rivers had very fast recovery rates 
following flood disturbance, resulting in a right- skewed amax   dis-
tribution. Higher values (i.e., above the 95th percentile) of amax   
also corresponded to lower coefficients of variation in discharge, 
wider river size, and higher daily GPP while lower amax   values 
(i.e., below the 5th percentile) corresponded to higher coefficients 
of variation in discharge, narrower river size, and lower daily GPP 
(SI Appendix, Fig. S6). Multilevel models constructed for amax   
values showed that river width, and by extension watershed size, 
had the strongest effect on biomass accrual (Fig. 1 and SI Appendix, 
Fig. S5, n = 137). amax increased, but in an attenuating way with 
river width ( � log10(Width) = 0.47, CI95 = [0.27, 0.67]). A site with 
more annual exceedances of the estimated critical discharge dis-
turbance threshold ( Qc ) also predicted higher amax values 
( �Exceedances = 0.18, CI95 = [0.03, 0.33]). The certain presence of 
an upstream dam predicted lower amax values ( �Dam = −0.40, 
CI95 = [−0.71, −0.09]). Neither increasing water temperature nor 
road density in the watershed strongly affected variation in amax 
values, nor did including dissolved nutrient concentrations in the 
second model structure ( �Temperature = 0.00, CI95 = [−0.17, 0.19]; 
�Road  = 0.01, CI95 = [−0.19, 0.22]; � log10(NO3)

 = 0.16, CI95 = 
[−0.11, 0.43]; � log10(P) = 0.12, CI95 = [−0.16, 0.40]).

Estimates of Flow Disturbance Thresholds. Flows that scoured 
biomass were widely variable across all rivers (n = 130). The 
distribution of critical disturbance flow thresholds ( c ) was 
uniformly distributed, with a median value of 0.55 which indicates 
that the critical disturbance flow threshold of biomass is 55% of 
the magnitude of maximum discharge measured during a given 
time series. Values of c also varied 100- fold across the 130 sites. 
The seven sites that fell at or above the 95th percentile c value 
(1.08 or 108% of the magnitude of maximum discharge) displayed 
much lower coefficients of variation in discharge (mean of seven 
sites = 1.65), whereas sites whose estimated c value fell at or below 
the 5th percentile (0.043 or 4.3% of the magnitude of maximum 
discharge) instead had higher coefficients of variation in discharge 
(mean of seven sites = 3.87). Neither river width (95th percentile 
mean width = 28 m; 5th percentile mean width = 11 m) nor daily D
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GPP (95th percentile mean = 2.34 g O2 m
−2 d−1; 5th percentile 

mean = 1.87 g O2 m
−2 d−1) covaried meaningfully with c values as 

rmax or amax values did. Unlike rmax estimates, uncertainty intervals 
of c parameter estimates did not have as clear of a relationship with 
the magnitude of the estimate.

Biomass disturbance flows ( Qc   ) were mostly lower than the 2- y 
flood ( Q2yr   ). Seventy- three percent of sites (n = 95) had Qc :Q2yr   < 
1, indicating that their biomass disturbance threshold fell below the 
2- y bankfull flood, although several rivers had Qc :Q2yr   ≫ 1 (maxi-
mum estimated Qc :Q2yr   = 6) creating a right- skewed Qc :Q2yr   dis-
tribution. Unlike c   values, Qc :Q2yr   values did not covary with the 
coefficient of variation in discharge. While higher Qc :Q2yr   values 
were observed in rivers that were wider and less productive, the dif-
ferences between high and low Qc :Q2yr   value sites were less exagger-
ated than the trends displayed with c   values (SI Appendix, Fig. S7). 
None of the three predictors investigated in the multilevel model—
river width ( � log10(Width)   = 0.01, CI95 = [−0.22, 0.25]), road density 
( �Road   = −0.07, CI95 = [−0.30, 0.17]), or interference by dams ( �Dam   =  
−0.19, CI95 = [−0.57, 0.20])—had a meaningful covariance with 
Qc :Q2yr   values, indicating that river width, land use, and watershed 
characteristics did not strongly affect biomass disturbance thresholds 
(Fig. 2, n = 124).

Comparison of Model- Estimated and Geomorphically Estimated 
Flow Disturbance Thresholds. Our model- estimated Qc :Q2yr 
values (i.e., normalized biomass disturbance thresholds) were 
greater than all of the normalized bed disturbance thresholds 
( Qg :Q2yr ) estimated using the geomorphic model, except at one 
site, Accotink Creek, which had the steepest slope and the largest 
median grain size (Table 1). The biomass disturbance thresholds 
at two sites, Kankakee River and Difficult Run, were 7 and 34 
times larger than the bed disturbance thresholds at those sites, 

respectively. In particular, the biomass disturbance threshold at 
Difficult Run was the greatest, but the bed disturbance threshold 
at this site was the least out of all five sites. Of the three wider 
rivers examined (i.e., South Fork Iowa River, Iroquois River, and 
Kankakee River), all three displayed greater biomass than bed 
disturbance thresholds, and the relative difference between these 
values increased with decreasing median grain size and bed slope.

Discussion

Several macroscale controls were strong predictors of river produc-
tivity recovery as represented by biomass accrual rates ( amax ) in 
river sites across the United States. Narrower rivers with less fre-
quent disturbances and a higher likelihood of upstream dams had 
slower recovery of river productivity following flow disturbances. 
We did not find evidence of similar macroscale controls on biomass 
disturbance thresholds ( Qc :Q2yr ), but estimated Qc :Q2yr values 
were higher than geomorphically derived bed disturbance thresh-
olds ( Qg :Q2yr ). This finding suggests that the biomass model is 
more sensitive to large disturbances of river primary productivity 
with higher ecosystem disturbance threshold discharge values com-
pared to the geomorphic disturbance threshold discharge values. 
In other words, the geomorphic threshold for bed disturbance may 
underestimate the threshold for large disturbances to river primary 
productivity and may instead estimate smaller, shorter- lived dis-
turbances. Together, these findings indicate that while larger dis-
turbances and longer recoveries of river productivity may be 
controlled by multiple, interacting macroscale factors, smaller 
disturbance events may depend more specifically on geomorphol-
ogy including factors such as bed slope and grain size.

Biomass Accrual and Implications for Recovery Following 
Disturbance. Recovery of river productivity, as quantified by 
maximum biomass accrual or amax   , varied as a function of both 

Fig. 1. (A) Multilevel regression model estimates indicate that three covariates—dams, disturbance threshold exceedances, and river width—strongly covaried 
with maximum river biomass accrual ( a

max
   ). Covariates are colored according to the information they provide (in- stream conditions in blue and flow modifications 

or regimes in orange). Median parameter estimates are denoted by points, and 95% credible intervals are denoted by shaded lines. These results suggest that 
accrual (B) decreased with increasing interference by dams upstream of a site, had no clear relationship with (C) mean water temperature or (D) road density 
in a watershed, (E) increased exponentially with increasing mean annual disturbance threshold ( Q

c
   ) exceedances, and (F) increased in an attenuated manner 

with increasing river width. In panels B–F, shaded points show individual site data (n = 137), and if a covariate had a strong effect on accrual (i.e., 95% CIs did 
not cross 0), panels also present 100 draws of the joint distribution of the linear model.
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river and watershed characteristics. Across 137 river reaches, 
wider rivers had higher amax   values and recovered more quickly 
following flow disturbance. Wider, higher order rivers have 
greater light availability and steadier flows, conditions that 
maximize annual productivity (26) and, according to our results, 
recovery of the autotrophic biomass that underlies ecosystem 
productivity. In addition to in- stream conditions, watershed 
characteristics and metrics of flow variability covaried with river 
recovery. amax   increased in sites with lower likelihood of dams 
upstream. Dams may dampen seasonal variability and homogenize 
flows (34), and while tailwaters can have high rates of primary 
production, they can shift the primary location of production 
from benthic to planktonic, due to productivity in upstream 
reservoirs (35). Flows beneath dams may vary at fine temporal 
scales due to closely following daily electrical power demand (i.e., 
“load- following flows”); in these circumstances, with high daily 
flow variability, productivity decreases due in part to increases 
in turbidity (12). At our sites, the presence of upstream dams 
negatively related with amax   and suppressed recovery of river 
productivity, suggesting that the flow beneath these dams was 
perhaps more variable and less conducive to higher productivity 
conditions than larger dams, such as those on the Klamath and 
Colorado Rivers (12, 35). amax also increased with the number 
of annual high- flow events exceeding the biomass disturbance 
threshold, which suggests that autotrophic populations recovered 
more rapidly in more frequently disturbed rivers. Although rivers 
with higher coefficients of variation in discharge displayed slower 
recovery rates, these locations were also narrower, less productive 
rivers, and our model suggests that river width had a stronger 
effect on overall recovery than biomass disturbance threshold 

exceedances alone. River algal assemblages can depend on flow 
disturbance severity (36), thus more frequently disturbed rivers 
may select for rapidly growing, disturbance- adapted algal species. 
Of all river and watershed predictors with effects on recovery, both 
river width and dams upstream have demonstrated relationships 
with flow variability, suggesting that changes in flow regime likely 
control the rate at which river productivity recovers. However, we 
suggest that river characteristics, namely river width, most strongly 
affected the recovery of autotrophic productivity following high- 
flow disturbance events.

Water temperature, watershed land use, and nutrient concen-
trations were not related to recovery rates following disturbance 
events. Few studies have documented a strong link between tem-
perature and riverine productivity (37), and the direct effect of 
temperature on productivity recovery times may be difficult to 
estimate due to the effect of temperature on other in- stream pro-
cesses that may indirectly control primary productivity, such as 
grazing (38), light, or nutrient availability (39). In particular, 
grazing by algivores is not accounted for in this modeling frame-
work, although consistent differences among sites would implicitly 
be included in rmax   and carrying capacity ( K    ) estimates. Scouring 
flood events may alter consumer (i.e., fish) mediated effects on 
algal growth (40, 41), and these internal processes may explain 
some of the variance unexplained by our models; however, these 
data are not available at a macroscale. Increasing developed land 
cover (i.e., road density) may lower river metabolism due to less 
infiltration of precipitation and consequently more frequent, flash-
ier flows that scour streambeds and remove biomass (9, 11). 
Watershed road density did not covary with amax   , but variability 
in amax   estimates was high at lower road densities, suggesting that 

Fig. 2. (A) Multilevel regression model estimates indicate that none of the covariates investigated have a strong effect on biomass disturbance thresholds 
scaled to a site’s 2- y flood ( Q

c
:Q

2yr
 ). Covariates are colored according to the information they provide (in- stream conditions in blue and flow modifications or 

regimes in orange). Median parameter estimates are denoted by points, and 95% credible intervals are denoted by shaded lines. Values of Q
c
:Q

2yr
 show little 

change with differences in (B) likelihood of interference by dams, (C) road density in a watershed, or (D) river width. Panels B–D present shaded points showing 
individual site data (n = 124).
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other attributes of watershed development and land use may influ-
ence autotrophic population dynamics. Because nutrient data were 
only available at a third of the sites (n = 50), we are unable to 
comment further on the lack of relationship between nutrients 
and amax   except to say that water column nutrient concentrations 
did not appear to control recovery rates. Other studies have also 
found that river nutrient concentrations do not predict nutrient 
limitation (42, 43), which suggests nutrient concentrations alone 
may not explain variation in GPP. Overall, we propose that 
in- stream, physical attributes (i.e., river width) that affect flow 
and bed stability have a stronger influence than abiotic conditions 
(i.e., temperature, nutrients) on how rapidly rivers recover follow-
ing high- flow disturbance events.

Aquatic ecosystems have more frequent disturbances (e.g., 
stormflows) and primary producers (i.e., macrophytes, periphy-
ton, phytoplankton) with much shorter lifespans than in terrestrial 
ecosystems, reducing the timescales (hours to seasons) at which 
the ecosystem can recover from disturbances (44, 45). Across mul-
tiple studies in streams and rivers, the mean recovery time of GPP 
was 7 d (10, 11, 46–48), which matches our median estimated 
biomass doubling time (i.e., rmax ) of 7.3 d and suggests the time 
periods of recovery estimated by our model structure were bio-
logically reasonable. While aquatic algal maximum growth rates 
and the corresponding doubling times may be on the order of 
days to weeks, the doubling time of terrestrial plants such as 
sedges, herbs, shrubs, and trees instead ranges from weeks to dec-
ades (49). The few sites (n = 8) whose estimated recovery times 
were longest, weeks to months, may be more representative of 
macrophyte- dominated rivers or rivers in which algae may colo-
nize the surface of slower- growing macrophytes (50). Still, these 
rivers likely did not approach longer terrestrial recovery timescales 
because algal cells can grow more quickly due to their lower tissue 

thickness (49) and general lack of rigid structural compounds, 
like lignin (51). However, these rivers did display 10- fold longer 
recovery times as well as high coefficients of variation in discharge, 
so recovery of river productivity may have been suppressed by 
high turbidity (29), which our model was unable to account for 
and for which data is generally more sparse.

Biomass Disturbance Thresholds and Indications of Disturbance 
Frequency. None of the covariates included in our models were 
strongly related to variability in biomass disturbance thresholds 
( Qc   ), even when normalized to the 2- y flood ( Q2yr   ) in each river. 
We chose Q2yr   as the metric of flow comparison between sites for 
multiple reasons. First, Q2yr   may represent a coarse estimate of 
the flow magnitude that mobilizes the most sediment over time 
(52). In addition, Q2yr   typically represents the recurrence interval 
of a bankfull discharge, or a flow at which the river reaches but 
does not overflow its banks (53, 54). Previous analyses of biomass 
disturbance thresholds also found no relationship between Qc :Q2yr 
and measures of river size (i.e., watershed area, stream order) (24). 
Furthermore, neither urban development within a watershed 
(i.e., road density) nor flow regulation (i.e., dams) covaried with 
biomass disturbance thresholds. However, Qc remained below Q2yr 
at 73% of sites (n = 95 out of 130), corroborating a previous 
study in which all Qc estimates fell below Q2yr values (n = 6 total) 
(24). Together, these findings indicate that floods regularly scour 
autotrophic biomass in streams, suggesting generally low resistance 
to high- flow events.

To provide additional context to our estimates of biomass dis-
turbance thresholds ( Qc   ), we compared our model estimates of 
Qc   to bed disturbance thresholds ( Qg   ) in five rivers and found that 
higher discharge was required to disturb biomass than to initiate 

Table  1. Model estimated autotrophic biomass disturbance thresholds (Qc ) were typically greater than bed 
 disturbance thresholds (Qg) once normalized to a site’s 2- y flood (Q2yr)

Site

Median 
grain size 

(mm)

Bed
slope (m 

m−1)
Site  

description

Biomass model Geomorphic model
Biomass  

disturbance 
threshold, Qc 

(m3s−1)

Biomass  
disturbance 
threshold, 

Qc/Q2yr

Bed sediment 
movement 

threshold, Qg 
(m3s−1)

Bed  
disturbance 

threshold 
Qg/Q2yr

Accotink Creek, VA* 
(GPPdaily = 0.65 g O2 
m−2 d−1)

16 0.005 4- m wide, pool and 
riffle, incised with 
restoration 
cross- vanes, 
partly shaded

1.6 [1.08, 5.45] 0.44 1.9 0.51

S. Fork Iowa River, IA 
(GPPdaily = 2.66 g O2 
m−2 d−1)

11 0.001 20- m wide riffle 
and run, 
gravel- bed, 
mostly unshaded

41.6 [39.4, 50.3] 0.84 28.8 0.58

Difficult Run, VA 
(GPPdaily = 0.45 g O2 
m−2 d−1)

6 0.005 3- m wide, pool and 
riffle, gravel- bed, 
shaded

14.5 [2.1, 18.2] 2.37 0.4 0.07

Iroquois River, IN 
(GPPdaily = 0.68 g O2 
m−2 d−1)

2 0.00018 20- m wide riffle 
and run, grave/
sand- bed, partly 
shaded

69.7 [60.7, 72.7] 0.77 13.5 0.15

Kankakee River, IN 
(GPPdaily = 0.50 g O2 
m−2 d−1)

0.4 0.00037 20- m wide dune 
and ripple, 
sand- bed, partly 
shaded

50.8 [40.9, 64.0] 1.23 7.5 0.18

Beneath each site name is its mean daily gross primary production (GPP), followed in the next columns by median grain size, bed slope, and a general site description.Q
c
values are report-

ed with 95% CIs in brackets underneath. Note that sites denoted with an asterisk passed our model convergence diagnostics ( 
∧

R< 1.05) for maximum growth rate estimates ( r
max

 ) but not 
for estimates of critical discharge thresholds at which autotrophic biomass is disturbed ( c).
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disturbance of the river bed (Table 1). This finding makes sense 
if the lower geomorphic flow thresholds, which estimate threshold 
of movement of median grain size, do not greatly disturb auto-
trophic biomass. Rather, our modeling outcomes suggest that 
more than the initiation of bed movement is typically needed to 
actively scour and substantially remove autotrophic biomass to 
reset GPP. In limited direct comparison, only Accotink Creek had 
Qg   > Qc   , but it was also the only highly urbanized site, and it had 
large erosive peakflows, bed incision, and bed coarsening. Accotink 
Creek has increased light because of riparian tree removal to facil-
itate construction of restoration cross vanes designed to lower 
shear stress along the banks (55) with algae attached to large cob-
bles that are substantially larger than the median grain size (56). 
Difficult Run had the highest Qc   relative to the 2- y flood, which 
suggests that the autotrophic assemblage at that site was particu-
larly resistant to high- flow disturbance in part because of substan-
tial benthic periphyton in channel side- storage zones that were 
protected from highest shear stresses (56). In the wider rivers, 
including the South Fork of the Iowa River, the Iroquois River, 
and the Kankakee River, sites with decreasing median grain size 
and bed slopes had increasingly larger differences between Qc   and 
Qg   values, which may indicate the limitations of the geomorphic 
disturbance threshold as a predictor of substantial disturbance of 
biomass in wider, finer- grained rivers. Our model is unable to 
distinguish between high turbidity events and scouring flows, both 
of which may decrease GPP (9, 29, 57), but our comparison of 
disturbance thresholds at these five sites highlights the need for 
data on physical river characteristics, namely slope and grain size, 
because they may determine disturbance thresholds for riverine 
autotrophic productivity. More widespread and publicly available 
characterization of river geomorphological characteristics would 
improve our ability to predict at continental scales how river eco-
systems will respond to changing flow regimes.

Conclusions

Estimates of river metabolism and recovery incorporate both inter-
nal ecological dynamics and external forcing from the contributing 
watershed and enable predicting ecosystem response to distur-
bance (24). Our estimated metrics of biomass flow disturbance 
thresholds and river recovery confirm that substantial disturbance 
occurs frequently in rivers and the biotic response to these distur-
bance events depends on both river characteristics, such as width 
and grain size, as well as watershed characteristics, such as upstream 
dams. In addition, our examination of biomass disturbance and 
recovery in 143 rivers demonstrates that disturbance thresholds 
and recovery rates were highly variable. Others have advocated for 
the study of controls on autotrophic biomass and stream metab-
olism due to potentially nonlinear relationships with abiotic var-
iables (58). We suggest that additional research should clarify the 
effects of controls such as land use (e.g., ref. 59), nutrient addition 
(e.g., ref. 60), and temperature fluctuation (e.g., ref. 61) on river 
GPP dynamics, the results of which could be used to inform 
macroscale studies such as ours. Future work focused on modeling 
river recovery could assess additional controls on river productiv-
ity, including turbidity and grazing, and identify site types at 
which disturbance signals may be challenging to detect, such as 
spring- fed streams. Furthermore, this study highlights how the 
effects of changing flow regimes on river ecosystem recovery may 
depend on the geomorphic context in which disturbances occur, 
since in- stream conditions, namely river width, were the strongest 
predictors of recovery rates. As human activity and development 
increasingly alters river flow and disturbance regimes, it will be 

necessary to develop approaches that quantify recovery of river 
productivity integrating both natural and human influences so 
that we may better predict macroscale patterns and site- specific 
changes in river ecosystem function.

Materials and Methods

Data Assembly. We sourced daily estimates of river gross primary productivity 
(GPP; g O2 m−2 d−1) and associated daily covariates (i.e., discharge) from a pub-
lished dataset of ecosystem metabolism in 356 rivers between 2007 and 2017 
(23). Prior to fitting our state- space time series models, we filtered the Appling 
et al. (23) GPP dataset to ensure that our inferences were based on high- quality 
data. We established filters based on model convergence, biologically realistic 
GPP estimates, site type (e.g., stream, canal), and data continuity; additional 
details regarding filtering thresholds may be found in SI Appendix.

On days for which we had GPP estimates, we relativized all mean daily dis-
charge values at a site to the maximum observed mean daily discharge at that 
site, so that all discharge values fall between 0 and 1 which improves model 
convergence. We chose to normalize discharge to the maximum observed dis-
charge rather than the 10- y flood because model estimates were the same and 
displayed less variation (SI Appendix, Fig. S8). We paired these discharge time 
series with an existing dataset of cumulative daily light availability at the stream 
surface (mol m−2 d−1; 62) which takes into account cloud and canopy cover, and 
we relativized all light values to the maximum light measurement at a river, so 
all values fall between 0 and 1. Light estimates were unable to be calculated at 
several sites (n = 17) due to lack of available azimuth or leaf area index data, 
and therefore these sites were removed from the dataset. Once the available 
discharge and light datasets were combined with the filtered daily GPP estimates, 
the dataset consisted of 181 sites or 684 site- years of data, with daily time series 
ranging from 3 mo to 9 y in length (median: 870 d), that were fit using the model 
structure described below (SI Appendix, Figs. S1 and S2 and Table S3). We felt 
confident using a range of time series lengths because midsize flood events, 
rather than more rare, extreme flood events that may require longer time series 
to capture, are most likely to have the greatest cumulative effect on ecological 
function in rivers (3).

To compare our model estimated parameters of biomass growth and distur-
bance thresholds with site- specific information, we paired each site with a dataset 
of site characteristics created by Blaszczak et al. (63), largely sourced from the 
National Hydrography Dataset Plus V2 (64) and the StreamCat database (65). 
We accessed nutrient concentration data measured by the U.S. Geological Survey 
(USGS; 66) using the dataRetrieval R package (67) and filtered between 2007 
and 2017, to match our GPP data time frame, for records of dissolved nitrate 
(USGS parameter codes 00618 and 71851) and phosphorus (USGS parameter 
codes 00666 and 01072).

To further evaluate model estimates of disturbance thresholds, we compared 
our estimated disturbance flow thresholds with the 2- y flood ( Qc :Q2yr ) to examine 
how sensitive autotrophic biomass was to disturbance relative to a rough estimate 
of mobilization of the entire bed ( Q2yr ). Since the discharge data published by 
Appling et al. (23) spanned 2007 to 2017, we compiled mean daily discharge data 
(USGS parameter code 00060) between 1970 and 2020 for each site from data 
measured by the U.S. Geological Survey (66) using the dataRetrieval R package 
(67). After removing provisional data, we calculated Q2yr at each site by fitting a 
linear regression between log maximum annual discharge and the exceedance 
probability and used the slope of the relationship to calculate the 2- y flood recur-
rence interval discharge (68). Note that log transformation in this text refers to 
the natural logarithm ( loge ) unless otherwise stated.

Although detailed grain size data do not exist for all sites included in this 
study, we could identify five streams and rivers where sufficient grain size data 
were available. For these five sites, we calculated a threshold for bed distur-
bance (i.e., the critical Shields stress criterion for initiation of bed movement) 
to compare how sensitive autotrophic biomass is to disturbance ( Qc   ) relative 
to bed disturbance determined by geomorphic measures ( Qg   ) (69, 70). While 
Q2yr is assumed to represent mobilization of the entire bed, our calculation of Qg 
instead represents the initiation of bed movement. Additional details regarding 
these calculations are provided in SI Appendix. Model results compared to both 
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thresholds for bed and biomass disturbance in the South Fork Iowa River are 
displayed in SI Appendix, Fig. S9.

Model Fit. Following data aggregation, we fit a latent biomass time- series model 
from Blaszczak et al. (24) to the dataset of daily GPP, discharge, and light. The 
model structure combines a state- space time series framework with a density- 
dependent population model, an approach that allows estimating ecologically rel-
evant parameters, such as maximum growth rate, and their uncertainties (71, 72).

 [1]

The observation model predicts GPP ( g ) at a daily time step ( t  ) as a function of 
light availability at the stream surface ( L ) and the log daily autotrophic biomass 
( B ) while also estimating observation error ( �obs ), which is normal (0, �obs) (Eq. 
1). Although aquatic GPP is not strictly linearly related to biomass (73), we chose 
not to adapt a more complex form so as to apply the model structure to a wide 
number of rivers and a variety of autotrophic assemblages.

 [2]

The process model predicts the log biomass ( B ) using a density- dependent pop-
ulation model (33). The modified Ricker model structure predicts B as a function 
of the log of the previous day’s biomass ( Bt−1 ), the maximum growth rate ( rmax ), 
lambda ( � =

− rmax
K

 where K  is the carrying capacity), and an estimated daily 
persistence term ( P , Eq. 3) in addition to estimating process error ( �proc ), which 
is normal (0, �proc) (Eq. 2).

 [3]

The second part of the process model predicts the daily persistence term ( P ) 
as a function of discharge ( Q ), the sensitivity of the persistence transition from 
presence to removal of biomass ( s ), and the critical disturbance flow threshold 
at which autotrophic biomass is removed ( c  ) (Eq. 3).

To account for larger gaps in time series (i.e., a new sequence of observations 
beginning in the summer of the following year), we developed a reinitialization 
process for the process model, the details of which are provided in SI Appendix. 
For additional information regarding the modeling approach, particularly the 
development of the process equations and parameter priors as well as origi-
nal training and testing datasets used, we direct readers to the manuscript and 
Supporting Information provided in Blaszczak et al. (24).

We fit the model at each individual site (n = 181) using Bayesian inference. 
Although we investigated fitting a multilevel model to pool information across 
sites, we ultimately found this approach to be too computationally intensive and 
the run time prohibitive for enabling a reproducible workflow (approximately 1 to 
2 mo to fit the model at all sites on a high- performance computing cluster) and 
thus fit each site independently. We assigned all parameters slightly informative 
priors to limit posterior results to realistic values, e.g., positive maximum growth 
rates (initial value and prior assignments in SI Appendix, Table S1). These values 
also encouraged model convergence at sites where flow disturbances were few 
or low in disturbance magnitude, and we based these values on the results of 
the model development by Blaszczak et al. (24).

We fit latent biomass models with the STAN (74) probabilistic program-
ming language within R (v 4.1.2) (75) using the rstan package (76) in RStudio  
(v 2021.9.1.372) (77). We ran three chains per site run for 5,000 iterations includ-
ing 2,500 warm- up or burn- in iterations (i.e., 7,500 total iterations included in 
parameter summaries presented below) and a maximum tree depth of 12. We fit 
all models using the Beartooth high- performance computing cluster housed at 
the University of Wyoming (78). Additional R packages used to extract, visualize, 
and analyze data include the tidyverse (79), here (80), shinystan (81), ggbreak 
(82), and patchwork (83) packages. Model results for 16 sites of varying time 
series length, land cover, light, and flow conditions are displayed in SI Appendix, 
Figs. S3 and S4.

Model Diagnostics. Following model fitting, we used model diagnostics and 
seasonal variation in time series to filter parameter estimates prior to post hoc 
analyses. First, we removed sites which had potential scale reduction statistic ( 

∧

R ) 

values >1.05 for the rmax parameter, negative median rmax estimates, and time 
series spanning <6 mo (n = 38), resulting in 143 sites remaining that could be 
included in the regression analysis examining biomass recovery as the dependent 
variable (SI Appendix, Table S3). We performed an exponential regression of c  ver-
sus s parameter estimates for each site and found that 18% of sites (n = 32 of 181) 
had an R2 value >0.4, indicating that these sites had high covariance between 
c  and s parameter estimates (SI Appendix, Fig. S10). To remove sites at which c  
and s parameters might covary and models that displayed poor convergence, we 
used the rmax filtered dataset and removed sites at which the c  parameter 

∧

R values 
were >1.05 (n = 13), resulting in 130 sites with parameter estimates that could 
be included in the regression analysis examining biomass disturbance thresholds 
as the dependent variable (SI Appendix, Table S3).

Results Reporting and Site Trends. Maximum growth rates are reported as 
both daily estimates (d−1) as well as doubling times (days), which were calculated 

as 
log(2)

rmax
 . To better compare results across sites, we used rmax to estimate maxi-

mum biomass accrual ( amax ). Maximum accrual is defined as the maximum rate 
at which a population, in this instance the autotrophic population in the river 
reach contributing to the dissolved oxygen signal used to estimate ecosystem 
productivity, may increase without density limitation. Greater accrual estimates 
indicate greater population growth meaning faster recovery following flow dis-
turbances. We calculated amax as a metric of recovery because it 1) accounts for 
correlation between model estimates of rmax and � , 2) is a population- level metric 
as opposed to describing an individual unit of biomass (i.e., rmax ), and 3) is an 
integrative metric of postdisturbance recovery. To quantify amax at each site, we 
modified an equation quantifying maximum sustainable yield for a Ricker model 
initially developed by Hilborn (84) (Eq. 4).

 [4]

To compare flows necessary to disturb biomass across sites, we used the model- 
estimated parameter of the critical disturbance flow threshold ( c  ) to estimate the 
biomass disturbance threshold ( Qc ) relative to the bed mobilization threshold, or 
the 2- y flood ( Q2yr ). We converted estimated critical disturbance flow thresholds 
( c  ) to discharge values (m3 s−1) using the maximum discharge ( Qmax ) by which 
discharge data had previously been normalized. Then, we divided the biomass 
disturbance threshold ( Qc ) by the 2- y flood ( Q2yr ) at each site, so that values 
would be comparable across sites. This procedure provides a more meaningful 
comparison of flow disturbance because magnitude of discharge scales with river 
size and stream order. Ratio values >1 indicate that the biomass disturbance 
threshold is greater, and likely occurs less frequently, than the 2- y flood, whereas 
values <1 indicate that the biomass disturbance threshold is less, and more 
frequent, than the 2- y flood.

To examine relationships between estimated biomass accrual and distur-
bance threshold parameters ( amax , Qc :Q2yr ) and site- specific characteristics, 
we constructed a series of Bayesian generalized multilevel models. A list of all 
covariates initially considered in all model structures is available in SI Appendix, 
Table S2 in addition to SI Appendix, Figs. S6 and S7. We initially screened all 
potential covariates for cross- correlation prior to inclusion in any of the models 
and log10- transformed amax values, Qc :Q2yr values, and necessary covariates due 
to left or right- skewness. We also scale- transformed all continuous, numerical 
covariates prior to their inclusion in the models. For amax values, final model 
structure included mean water temperature, road density, the likelihood of inter-
ference by dams, the mean annual times Qc was exceeded, and river width as 
completely pooled effects to investigate the effects of climate, surrounding land 
use, flow regulation, flow regime, and river size, respectively, on biomass accrual 
(n = 137, SI Appendix, Table S3). The likelihood of interference by dams derived 
from Appling et al. (23) who evaluated watersheds for metabolism modeling 
suitability; the 0th, 50th, 80th, and 95th percentiles of the mean 80% oxygen 
turnover distance were compared to the distance to an upstream dam feature, and 
the corresponding percentile distance is reported. We combined these into two 
categories (5 to 50% and 100%), with the 0th percentile indicating the closest dis-
tance or a 100% likelihood of interference by a dam. A group- level intercept of the 
hydrologic unit code denoting a site’s geographic region (HUC2) as defined by the 
USGS was included to account for the potential effects of a shared river network. 

gt = Lte
Bt + �obs,t

Bt =
(

Bt−1 + rmax + �eB (t−1 )
)

Pt + �proc,t

Pt = e−e100s(Qt−c)

amax =
rmax(0.5 − 0.07rmax)

− �
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An alternative model structure including dissolved nitrate and phosphorus as two 
additional completely pooled effects was also created to investigate the effect of 
nutrient availability, but this model was evaluated separately due to limited data 
availability (n = 50, SI Appendix, Table S3). For Qc :Q2yr values, the model structure 
included road density, the likelihood of interference by dams, and river width 
as completely pooled effects to investigate the effects of surrounding land use, 
flow regulation, and river size on disturbance thresholds (n = 124, SI Appendix, 
Table S3). A group- level intercept of the HUC2 site region was again included to 
account for the potential effects of a shared river network.

We fit the model in a Bayesian framework using the brms package (85), 
with four chains run for 2,000 iterations including 1,000 warm- up iterations 
(i.e., 4,000 total iterations per model fit) and a maximum tree depth of 12. We 
assessed model convergence by first visually inspecting for good mixing of chains 

and lack of divergent transitions as well as ensuring 
∧

R < 1.05 and the effective 
sample size >10% for all estimated parameters. We validated all versions of 
the model structure for best model fit using leave- one- out cross- validation (86) 
alongside ecological information added by each covariate. Final model results, 
including median posterior values and 95% credible intervals, were extracted 
and visualized using the tidybayes package (87) and are displayed in Figs.  1 
and 2 and SI Appendix, Fig. S5. We investigated how much the length of the 
time series included in these analyses influenced our model results and found 
no relationship between time series length and the residuals of the regression 
models (SI Appendix, Fig. S11) or parameter estimates (SI Appendix, Fig. S12). We 

further investigated including only sites with equivalent data density, but found 
the small number of such sites available (n = 24) provided insufficient power 
with which to perform a macroscale analysis (SI Appendix, Figs. S13 and S14).

Data, Materials, and Software Availability. Model estimates and all R and 
STAN scripts, including links to download original datasets, used in the analy-
ses described above are publicly available at https://zenodo.org/doi/10.5281/
zenodo.10455822. GPP data were archived by Appling et  al. (23). Previously 
published data were used for this work (23, 29, 62, 63, 66).
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