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ABSTRACT

Streamflow strongly influences river ecosystem structure, function, and the services they
provide. River biota are adapted to regional flow regimes in unmanaged systems, and changes in
land use, climate, and water management alter hydrology in ways that impact ecosystem
function. While prior research has established a strong understanding of river ecosystem
structure and large-scale processes, we know considerably less about the mechanisms through
which river biota affect ecosystem function or how such understanding can inform river
management. This dissertation addresses that knowledge gap using a mid-sized temperate river
in Athens, Georgia, the Middle Oconee River, to evaluate producer-mediated effects of
antecedent flow conditions on stream primary productivity and assessing how modeling
decisions influence ecological inference.

I first examined how antecedent flow affected the biomass and distribution of primary
producer groups, including the foundation species Podostemum ceratophyllum, which is of
conservation concern, in the Middle Oconee River over a three-year period. High and low flows
drove producer biomass and distribution, and sustained drought and floods produced distinct,

producer-specific effects. I then conducted laboratory incubations using producers collected from



the same reach to quantify gross primary productivity and combined these rates with biomass
data to assess each producer’s potential contribution to overall stream productivity. Producers
differed in their mass-specific productivity rates, reflecting variation in their responses to light
availability, and their potential contributions to total productivity varied with biomass dynamics
driven by antecedent flow conditions.

Lastly, I evaluated how key decisions in hydraulic model design and hydrologic
representation influenced ecological inference about habitat provisioning. Higher resolution
models consistently outperformed simpler models, and a complementary approach using time-
weighted and targeted discharge statistics provided the most accurate and comprehensive
depiction of how streamflow variability affects habitat provisioning. The value of increased
modeling investment depended on the risks of uncertainty for a given ecological outcome,
demonstrating the importance of evaluating modeling trade-offs in light of project objectives and
risk tolerance. Collectively, this dissertation establishes producer-mediated effects of antecedent
flow as a mechanism driving variation in stream function and underscores the importance of

incorporating ecological mechanisms into modeling efforts to better inform river management.

INDEX WORDS: Antecedent flow conditions, Flow ecology, Primary producer biomass,
Podostemum ceratophyllum, Gross primary productivity, Habitat provisioning, Hydraulic

models, Hydrology, Streamflow, Ecological inference, River management
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CHAPTER 1
INTRODUCTION

Streamflow shapes the structure and function of riverine ecosystems (Poff et al. 1997,
Hart and Finelli 1999, Biggs et al. 2005), and in turn, the goods and services that rivers and
streams provide for human use and enjoyment (Baron et al. 2002). As a modern society, we are
inextricably connected to these aquatic systems, yet through various actions — extraction,
diversion, damming, and numerous other alterations — we have fundamentally reshaped natural
flow regimes (Millenium Ecosystem Assessment 2005). A central challenge of the Anthropocene
— the era of human dominance in which we now find ourselves — is to understand the
consequences of these impacts and, where possible, mitigate them (Richter et al. 1996, Poff et al.
2010, Sun et al. 2017). However, our capacity to effectively manage for healthy rivers and
streams is limited by (1) a knowledge gap — the incomplete understanding of the mechanisms by
which streamflow affects ecosystem processes (Poff and Zimmerman 2010, Bernhardt et al.
2018) and (2) a methodological gap - the uncertainties and shortcomings of current methods of
forecasting ecological responses to streamflow scenarios (Dietze et al. 2018, Brauman et al.
2021).

Analogous to human medicine, evaluating stream functional components alongside
structural ones is necessary for a full understanding of ecosystem health (Palmer and Febria
2012). In fact, researchers have proposed that ecosystem functions be considered as management
objectives alongside ecosystem structural attributes due to their importance in maintaining

ecosystem services (Wenger et al. 2009, Tank et al. 2010). Because energy is a fundamental



limitation of all ecosystems, metabolic rates — gross primary productivity, ecosystem respiration,
and net ecosystem productivity — could be valuable functional targets for water managers and
restoration practitioners (Bernhardt et al. 2018).

Gross primary productivity (GPP) is a measure of the conversion of solar energy into
fixed organic energy by autotrophs (i.e., primary producers), whereas ecosystem respiration (ER)
is a measure of both autotrophic and heterotrophic activity as this energy moves through the
system. The difference between the two, net ecosystem productivity (NEP) or metabolism,
describes the balance between energy production and energy consumption within the ecosystem
(Odum 1956). Due to technological advancements over the last two decades, recent research has
been able to elucidate patterns in these functional rates for small and large streams (Appling et
al. 2018, Savoy et al. 2019).

Even in largely heterotrophic streams, where energy consumption is greater than energy
production (ER > GPP), there can be critical semi-annual or annual periods of high primary
production (Carter et al. 2024), and due to the labile natural of autotrophic carbon in comparison
to that of terrestrial carbon, primary producers can disproportionately contribute to consumer
biomass (Thorp and Delong 2002). Primary producers can also provide habitat complexity for
numerous stream biota (Cardinale et al. 2011, Wood and Freeman 2017, Vadeboncoeur and
Power 2017, Kendrick et al. 2019), and their productivity is inextricably linked to other
important stream processes, such as nutrient uptake (Johnson and Tank 2009, Hanrahan et al.
2018, Myrstener et al. 2021, Reisinger et al. 2021, Schlenker et al. 2024). Despite the structural
and functional importance of stream primary production and the availability of whole-stream
metabolic data, current research does not yet provide the mechanistic understanding of whole

stream metabolism necessary for it to be an interpretable and effective management objective.



Like all stream biota, primary producers are adapted to the natural flow regime — the
characteristic magnitude, timing, frequency, and rate of change of flows that shapes the stream
environment — and they are subject to the same global stressors as higher-order consumers (Poff
et al. 1997, Lytle and Poff 2004). Yet prior flow ecology research (i.e., research identifying
predictive relationships between streamflow and ecological responses) has largely focused on
consumers, such as macroinvertebrates and fishes, or riparian vegetation (Lytle and Poff 2004,
Poff and Zimmerman 2010). Further, while differences in morphology and physiology have been
documented as drivers of variability in producer responses to local conditions, this research has
heavily focused on stream algae, and even then, we know considerably less about how producer
traits and water velocity dynamics play out at the temporal and spatial scales relevant to
conservation and management efforts (but see Power 1992, Power et al. 2008).

In addition to identifying flow ecology relationships for a more diverse set of primary
producers and at scales relevant to management, structural and functional components of primary
production need to be quantified and connected to determine whole-stream consequences of
changing streamflow variability. Palmer and Ruhi (2019) describe these linkages as the ‘flow-
biota-ecosystem-process-nexus,” noting both the dual roles of ecosystem structure and function
and their dynamic, multi-directional relationships with flow. Past research has quantified
instantaneous metabolic rates in laboratory incubations and small-scale in-situ mesocosm
experiments (e.g., Steinman and Mclntire 1986, Rosemond 1993, Bott et al. 1997) and the more
recent studies have documented whole-stream metabolic patterns (Dodds et al. 2013, Appling et
al. 2018, Savoy et al. 2019, Bernhardt et al. 2022), but fewer studies have linked the different
ecological scales. Connecting the scales, however, is crucial for a mechanistic understanding of

how flow effects extend from individual organisms to whole streams, which is needed for stream



metabolic functions to be effective targets of subsequent conservation and restoration efforts
(e.g., as an indicator of ecosystem health) (Palmer and Ruhi 2019).

In order to integrate both the ecological and physical aspects of stream systems,
restoration practitioners and water managers increasingly rely upon integrated modeling, which
provides a framework for combining multiple models across scales and disciplines (Borsuk et al.
2004, Uusitalo et al. 2015). However, developing such models requires navigating a challenging
trade-off between a better representation of the stream dynamics and a more feasible, often more
interpretable, model (Schultz et al. 2010, Harris et al. 2023). Understanding how modeling
decisions shape our inferences about the ecosystem is key to finding the appropriate level of
model complexity (Larsen et al. 2016). Thus, in addition to a more mechanistic understanding of
flow-ecology relationships, we also need to evaluate how different model choices influence our
understanding of those relationships.

In this dissertation, I investigated the mechanisms underlying stream primary
productivity in a mid-sized, temperate river and evaluated how modeling decisions shape
ecological inferences within the same system. The overarching goal of this research is to build a
mechanistic understanding of how stream flow affects primary productivity in order to better
predict the ecological outcomes of future management and climate scenarios. Chapters 2 and 3
were initiated with a grant from the United States Army Corps of Engineers to evaluate the
effects of flow-variability on ecosystem function. Chapter 4 was conducted in partnership with
the Engineer Research and Development Center of the United States Army Corps of Engineers.

In Chapter 2, I examined the mechanisms through which streamflow affects stream
function by evaluating how antecedent flow conditions influenced the distribution and biomass

of primary producers in a mid-sized temperate river. I used an observational approach,



comprehensively surveying an approximately 500 m-long river reach to quantify primary
producer biomass over a period of three years. I then tested producer-specific flow ecology
hypotheses to determine the effects of high- and low-flow disturbances on three morphologically
distinct producer groups: Podostemum ceratophyllum, benthic algae containing biofilms, and
filamentous algae predominantly comprised of Rhizoclonium sp. These hypotheses were
grounded in evidence and theory of how differences in producer traits convey advantages and/or
disadvantages to different aspects of the flow regime. Prior flow ecology studies have largely
focused on consumers or riparian vegetation (Poff and Zimmerman 2010), with research on how
producer traits shape responses to environmental stimuli having typically been limited to smaller
spatial scales and shorter time periods (e.g., Biggs et al. 1998, Riis and Biggs 2001, Hart et al.
2013, Rott and Wehr 2016). This study provides empirical evidence of producer-specific flow
ecology relationships at management and policy-relevant scales, showing that differences in
producer traits can determine resistance and resilience to hydrologic disturbance.

In Chapter 3, I continued building a mechanistic understanding by linking structure to
function. I used an experimental approach to evaluate gross primary productivity (GPP) of the
same primary producer groups in laboratory incubations under different experimental light
conditions and then incorporated observational biomass data from Chapter 2 to assess their
potential contributions to stream primary productivity. By further separating producers into types
— biofilms containing algae on soft and hard substrates and from different light environments,
Podostemum ceratophyllum from different light environments, the filamentous green alga
Rhizoclonium sp., and the filamentous cyanobacterium Lyngbya sp. — I was able to quantify
functional responses relative to both experimental and antecedent light availability. This study

provides empirical data (i.e., GPP rates) for a diverse set of primary producers, exhibiting



differences in morphological and functional traits, while quantifying the effects of light
availability. Further, by incorporating field and biomass data from Chapter 2, I illustrate how
antecedent flow conditions could create variability in stream metabolism through distinct
primary producer morphological and functional traits.

In Chapter 4, I shifted research focus from the ecological knowledge gap to the
methodological knowledge gap. I evaluated how modeling decisions can shape our
understanding of stream ecosystem responses to flow by employing a simulation-based approach
in the same mid-sized temperate river examined in Chapters 2 and 3, using hydraulic models and
streamflow statistics widely applied in water-resource management. To assess how differences in
model complexity and hydrologic representation influence our understanding of fish habitat
provisioning, I varied three aspects of the hydraulic model (i.e., data input resolution, sampling
design, and dimensionality) along with the selection of discharge metrics, including traditional
central-tendency and percentile statistics, time-weighted variants of these statistics, and
regulatory low-flow statistics.

While researchers have developed frameworks for assessing risk (Schultz et al. 2010) and
guiding model complexity decisions (Larsen et al. 2016), determining the appropriate level of
representational detail remains a central challenge in modeling flow-ecology dynamics. This
study demonstrates that the project objectives and risk tolerance determine whether increased
investment in model complexity and hydrologic representation is worth the trade-off. The
continued reliance on ecological proxies, a common substitute in hydraulic-habitat models, also
highlights the need for more informative ecological inputs, potentially including the mechanistic

insights of stream function developed in Chapters 2 and 3.



Understanding how different management and climate change scenarios affect a stream
ecosystem requires a more mechanistic understanding of both the processes that shape the
ecological system and those that shape its modeling. This dissertation addresses both ecological
and methodological dimensions of this knowledge gap. By quantifying individual steps in the
producer-mediated pathway that ultimately determine reach-scale primary productivity, this
dissertation advances the mechanistic understanding of how flow variation affects stream
primary productivity. It also provides insights into modeling stream ecological responses by
evaluating how key decisions in hydraulic model design and hydrologic representation affect fish

habitat provisioning across variable streamflow conditions.
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CHAPTER 2
ANTECEDENT FLOW CONDITIONS DRIVE PATTERNS OF PRIMARY PRODUCER

BIOMASS IN A MID-SIZED TEMPERATE RIVER!
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ABSTRACT
Effective management of riverine ecosystems requires an understanding of how abiotic
conditions affect essential ecosystem processes such as primary production. It is reasonable to
expect that different primary producer types (e.g., macrophytes vs algae) will respond differently
to different physical conditions, but this has received only limited attention to date. We examined
how antecedent flow conditions affected the biomass and distribution of distinct producer groups
in a mid-sized, temperate river over a 3-year period. We compared monthly biomass of three
major producer groups —a submerged vascular plant (Podostemum ceratophyllum), benthic
biofilms containing algae, and filamentous algae — with metrics of antecedent discharge over
the study period. We found that antecedent flow conditions, notably both high and low flows,
were a strong driver of the biomass and distribution of producer groups. Temporal patterns in
peak biomass indicated that sustained drought and floods had strong producer-specific effects.
We also found support for most producer-specific hypotheses, which were grounded in evidence
and theory of how producer traits, largely growth form, determine responses to local water
velocity conditions and disturbance. Our findings provide empirical evidence that organismal
traits can determine producer resistance and resilience to hydrologic disturbance at management
and policy-relevant spatial and temporal scales. Determining the functional contributions of
similarly distinct producer groups is an important next step in quantifying the potential impacts
of hydrologic regime shifts on producer-mediated ecosystem processes.
INTRODUCTION
Stream flow has a major influence on ecosystem structure, function, and the
corresponding goods and services provided by rivers, such as water supply and recreation

(Palmer and Ruhi 2019). Because most river biota are adapted to specific flow conditions (Lytle
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and Poff 2004; Kennedy et al. 2016), changes in land use, climate, and river management can
affect the flow regime in ways that degrade — or perhaps enhance — ecological structure and
function (e.g., Mulholland et al. 1997, Dosdogru et al. 2020). Thus, it is essential to identify
predictive relationships between streamflow and ecological responses (i.e. flow ecology
relationships) to understand how ecosystems will be affected by hydrologic change under future
management and climate scenarios (Poff et al. 2010). Past research on ecological responses to
altered flow regimes (Poff and Zimmerman 2010), adaptation of biota to natural flow regimes
(Lytle and Poff 2004), and recommendations for management guidelines (Richter et al. 2006)
have largely focused on consumers (e.g., Davis et al. 2020), such as fishes and
macroinvertebrates, or riparian vegetation. However, primary producers are integral to
ecosystem function, serving as the base of the food web (Vadeboncoeur and Power 2017,
Kendrick et al. 2019), and are subject to the same global change stressors as higher-order
consumers (Kominoski and Rosemond 2012).

Despite the gaps in flow ecology relationships for primary producers (hereafter
“producers”), there has been considerable research on the physiology and morphology of some
groups, particularly algae (Wehr et al. 2015), and the responses of certain producers to
environmental stimuli such as water velocity, nutrients, light, and herbivory (Asaeda and Son
2000, Arnon et al. 2007, Hill et al. 2011). Prior research has shown substantial variability in
producer biology — such as differences in growth form, growth rate, and reproduction (Allan et
al. 2021) — both within (e.g. stalked versus prostrate algal growth) and among (e.g., benthic
algae versus macrophytes) groups (Steinman et al. 1992a). These differences in morphology and
physiology have been documented as drivers of variability in producer responses to local

conditions (Biggs et al. 1998, Riis and Biggs 2001, Hart et al. 2013, Rott and Wehr 2016). For
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example, algal growth and instantaneous water velocity are often correlated: adnate and prostrate
algal forms may be found in high water velocity areas, while stalked and filamentous algae are
usually limited to moderate and low velocity areas (Biggs 1996b). However, researchers know
considerably less about how these producer traits and water velocity dynamics play out over
longer time periods and at larger spatial scales (but see Power 1992, Power et al. 2008).

Variability in the resistance and resilience of different producers to flow conditions,
along with any accompanying producer interactions, is particularly important to consider in mid-
sized open-canopy rivers where primary production can account for a substantial portion of the
base of food webs and multiple producer groups often co-exist (Vannote et al. 1980). Even
systems that are predominantly heterotrophic at an annual scale may experience seasonal periods
of high primary production (Carter et al. 2024). Mid-sized river systems also provide valuable
ecosystem services, not least of which is municipal drinking water. Human use of these aquatic
systems can affect local and downstream hydrologic conditions (Poff and Zimmerman 2010b).
These human activities complicate, and often exacerbate, the effects of climate change,
particularly by increasing the frequency, duration, and severity of low-flow events (Core Writing
Team 2023). Thus, to adequately predict how mid-sized systems will respond to hydrologic
change, researchers need to establish flow ecology relationships of how diverse producer groups
will respond to natural and managed flow conditions.

While prior literature provides some understanding of flow ecology relationships of
higher order consumers, there is still an ongoing need to identify the mechanisms underlying
organism-specific relationships and to evaluate and quantify how these mechanisms affect
ecosystem functions such as primary productivity and stream metabolism (Bernhardt et al. 2022,

Blaszczak et al. 2023). We propose that the effects of hydrology on primary-producer driven
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functions are mediated by differential responses of distinct producer groups. We hypothesize that
producers differ in their resistance and resilience to events like floods and droughts, and these
differences explain patterns in whole ecosystem processes such as stream metabolism. The first
step in testing this hypothesis is to identify how antecedent flow conditions affect the biomass
and distribution of diverse producer groups.

Here we ask how antecedent flow conditions, focusing on low-flow and high-flow
disturbances, affect the biomass and distribution of multiple producer groups in a mid-sized,
open-canopy, temperate river. We address this question by surveying producers comprehensively
within one river reach, measuring the biomass of a submerged vascular plant (Podostemum
ceratophyllum), benthic biofilms containing algae (hereafter “biofilm”), and filamentous algae.
We test producer-specific flow ecology hypotheses by modeling the biomass of each group as a
function of antecedent flow conditions at different time scales. Of the three groups, Podostemum
ceratophyllum (hereafter “Podostemum”) provides a particularly interesting opportunity to
examine a flow ecology relationship that likely has significant implications for ecosystem
function. Podostemum plays a foundational role (sensu Ellison 2019) in supporting production of
stream consumers in mid-sized rivers (Rosi-Marshall and Wallace 2002, Hutchens et al. 2004)
and is currently the subject of conservation concerns about declines in its abundance (Wood and
Freeman 2017). Understanding flow ecology relationships, especially those involving foundation
species, is essential to guide management decisions that support healthy ecosystem functioning

and in turn, the ecosystem goods and services that support society.
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METHODS
Site Description

We conducted our research in Athens, GA, USA, on a segment of the Middle Oconee
River, a 6th-order tributary of the Altamaha River basin that flows through the Piedmont
physiographic province (Figure 2.1). This river has been the focus of numerous studies of
benthic communities and hydrologic patterns for over half a century (Nelson and Scott 1962,
Grubaugh and Wallace 1995, Pahl 2009b, McKay 2014, Katz et al. 2015, Rack 2025) and
provides a context of common management issues, including land use change, water extraction,
and flow regulation that have resulted in periodic extreme low flows. Our study section of the
Middle Oconee is largely an open-canopy system with a sequence of sandy runs and cobble and
bedrock shoals.

Field Methods

From June of 2016 to August of 2018, we quantified primary producer standing stock
biomass. Although bryophytes and a red alga (Lemanea sp.) were occasionally observed in our
samples, we focused on the three consistently dominant producer groups: Podostemum, biofilm,
and filamentous algae. Quantifying aquatic vascular plant biomass requires mass measurements
rather than chlorophyll a (Chl-a) extractions (Bowden et al. 2017), so we used ash-free dry mass
(AFDM) to compare biomass of the three dominant producer groups. However, we also
quantified biofilm biomass as Chl-a to assess only the algal components. To determine whether
there was significant mass or algal content of seston, we took grab samples from the water
column. We refer to the mass of biofilm and seston as biofilm AFDM and seston AFDM,
respectively. Likewise, we refer to the algal content of biofilm and seston as biofilm Chl-a and

seston Chl-a. We sampled monthly whenever the river was wadable (< 11.33 m? s!). This
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resulted in 19 sampling events, spanning one winter and one spring season, three summer
seasons, and two fall seasons. We established 7 permanent transects to capture the diversity of
velocity, light, and bed substrate found within the stream (Figure 2.1). Transects 1-3 were
established below a municipal water intake and a first-order tributary, in what we call the ‘lower
shoal’, characterized by a mix of bedrock and coarse substrates (primarily cobble and gravel).
Transects 4—6 were established above the tributary within a sandy run, though transects 5 and 6
included rock outcroppings. Transect 7 was the uppermost transect, established on the river left
portion of an island in what we call the ‘upper shoal’, which consisted solely of bedrock.

We conducted random stratified sampling (Figure 2.1). For each sampling event, we
established five equal blocks along the wetted width of each transect to ensure representative
sampling of habitats across the stream (particularly shaded edge vs. open canopy). While the
transect line was permanently established, the specific location of each block varied from month
to month as river flows changed the wetted width. Each block extended 5-m upstream and 5-m
downstream from the transect line. We took one destructive sample per block per permanent
transect per sampling event (n = 35 per sampling event), with the exception of June 2018 when
only the lower shoal transects were sampled (n = 15). To prevent resampling a location, we
randomly generated non-repeating coordinates for every sampling location for the entire season.

Prior to sampling producer biomass, we measured water depth and instantaneous water
velocity and recorded the benthic substrate category as bedrock or other fixed rock (boulders or
large cobbles that were not readily removable), large removable rock (cobble), small removable
rock (gravel), or sand and soft substrate. We determined the appropriate field sampling method
based on the primary bed substrate. For bedrock and other fixed rock, we used a razor blade and

a modified Surber sampler known as a t-sampler (Wood et al. 2019) to remove all producer

20



material within a 102-cm? opening. Because removed material was caught within a 250-um mesh
sleeve, the t-sample method only reliably captured larger producer material. All other sampling
methods, however, were able to capture both fine and coarse particles. To sample large
removable rocks, we used a razor blade to scrape any organic material within a 29-cm? template
and then brushed and rinsed the template area to remove any remaining fine particulate material
in a slurry. For small rocks, we used the t-sampler to collect surface gravel from a 102-cm? area
of the streambed. For soft sediment and sand, we used a PVC pipe corer with an opening of 45-
cm? to collect a sample volume of approximately 227-cm?. Producer material was not removed
from t-samples of small rocks (TSR) or core samples of sand and soft sediment until laboratory
processing. For water column samples, we collected a 1-L grab sample aggregated from three
points across the wetted channel, at two locations of the stream reach (below and above the
tributary/municipal intake). All biomass samples were refrigerated and processed in the
laboratory within 48 hours of the sampling event.

We collected data on the physical and chemical properties of the water column at each
sampling event and then at additional site visits to increase sample size. Both above and below
the tributary/municipal water intake, we collected an unfiltered 60-ml water sample, aggregated
in the same fashion as the biomass grab samples, to measure total nitrogen (TN) and total
phosphorus (TP). We also collected a filtered (0.7 pm glass fiber filters (GFF)) 60-ml water
sample to measure dissolved nitrogen (NH4-N + NOs3-N) and dissolved phosphorus as soluble
reactive phosphorus (SRP). We measured turbidity, water temperature, dissolved oxygen, and
conductivity at the same locations. All water samples were frozen within 24 hours for later

analysis.

21



Laboratory Processing

We processed samples according to the method of collection to determine the biomass of
Podostemum and filamentous algae as large particulate matter (> 500 pm) and benthic biofilm as
fine particulate organic matter (FPOM; which we define here as < 500 um and > 0.7 um). . We
rinsed t-samples over nested 500-pum and 120-um sieves. Larger producer material was caught in
the 500-um sieve and FPOM in the 120-um sieve. We rinsed template samples over a 500-um
sieve to collect larger material and then collected the resulting slurry to filter FPOM. For TSR,
we placed the sample in a tray and used a razor blade to collect larger material from any of the
rocks. We then brushed and rinsed any rocks larger than 23-mm? and collected the resulting
slurry to filter FPOM. We dumped core samples into a bucket, elutriated the contents, and first
collected any larger material. If any small rocks were present, we followed the protocols for TSR
but dumped the resulting slurry back into the bucket. Finally, we elutriated the remaining
contents of the bucket and took a subsample to filter FPOM. We dry-weighed the entirety of any
larger material found in each sample, unless it was too large to fit into the weigh tins, in which
case we subsampled. We then combusted the samples or subsamples at 500° C and reweighed
them to determine AFDM (g m2). FPOM from water samples, slurries, or 120-um sieve contents
suspended in tap water was filtered, or subsampled and filtered, through pre-ashed and pre-
weighed 0.7-um GFFs to determine AFDM. Separately, water column samples and slurries were
filtered, or subsampled and filtered, through 0.7-pm GFFs to freeze for Chl-a quantification.
Since t-samples excluded material finer than 120-um, they were not analyzed for Chl-a.

For benthic samples, we used the area of collection to calculate Chl-a per mg-m? or
AFDM as g per m?, For water column samples, we calculated Chl-a per ml and AFDM as g per

ml. We began quantifying Chl-a using the hot-ethanol extraction and spectrophotometer methods
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described by Sartory and Grobbelaar (1984) and modified by Parker et al. (2016) to use a 45-
minute post-acidification time in place of 90-seconds. Due to high sample sizes, we were unable
to continue using a 45-minute post-acidification time, so starting in August of 2016, we used a
post-acidification time of 90 seconds and applied the correction factor described in Parker et al.
(2016) to account for under-acidification. Acid with double the concentration was accidentally
used for December 2017 samples. We developed a correction factor for these samples by running
subsamples under both concentrations and regressing the correct concentration (100 uL) against
the doubled concentration (200 pL) to yield a relationship of y = -0.85267 x -0.06989 (R*>=
0.86).

Nutrient analysis of water samples was conducted by the University of Georgia Center
for Applied Isotope Studies. Concentrations of DIN (NH4-N + NOs3-N) and SRP (POs-P) were
measured via continuous flow colorimetry of the filtered water samples with an Alpkem Rapid
Flow Analyzer 300. Following acid digestion of the unfiltered water samples, total N and P
concentrations were measured using the same device.

Evaluating Patterns in the Timing, Location, and Substrates
Associated with Producer Biomass

We used R for all data preparation, analysis, and modeling (R Core Team 2025). We
aggregated biomass by month and examined patterns in mean monthly biomass across the entire
reach and for transects grouped by the following river segments: lower shoal, run, and upper
shoal (Figure 2.1). For benthic biomass measured as AFDM — Podostemum, filamentous algae,
and biofilm — we also examined the proportion each producer comprised of each month’s mean
biomass across the entire reach and river segment, as well as the proportion each producer

comprised of the mean monthly biomass per substrate type across the entire reach.
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Predicting Biomass and Testing Producer-Specific Flow Ecology Hypotheses

The core of our analysis was to test hypotheses of how high and low flows affect the
biomass of each producer (Table 1). We quantified varying degrees of ‘high’ and ‘low’ flow
based on exceedance probabilities of the historic flow record, up to the time of our study, and
included any relevant metrics currently used in policy (Table 2.2). These hypotheses were based
on 1) mechanisms with existing empirical support, 2) mechanisms that have been documented
for a similar producer, and 3) mechanisms previously hypothesized in existing literature, but not
yet demonstrated (e.g., Suren and Riis 2010).

The hypothesized mechanisms, in part, were based on producer growth form, especially
susceptibility to high-flow conditions. We hypothesized that high flows via scour and shear
stress would negatively affect producers that are more loosely adherent to substrates and/or have
higher accumulation, such as macrophytic filamentous algae or larger quantities of biofilm. We
expected a producer like Podostemum, which is more tightly adherent to substrates, to respond
positively to high flows due to increased nutrient supply and protection from herbivory. In
contrast, low flows can result in greater susceptibility to herbivory for some producer groups, as
has been found for Podostemum (Wood et al 2019), as well as decreased nutrient supply or
competition from other producers that thrive in lower flow conditions. Thus, we hypothesized
that low flows would negatively affect producers.

We conducted ordinary least squares linear regression modeling of the date-specific mean
and maximum biomass for the following producer categories: Podostemum, filamentous algae,
biofilm Chl-a, biofilm AFDM, and seston AFDM. Because samples showed weak
autocorrelation (Pearsons’ r = -0.19 to 0.18), we treated sampling dates as independent. Although

we observed bryophytes and the red alga Lemanea, we did not collect sufficient samples to

24



model their dynamics. Similarly, we were unable to model seston Chl-a as values were near
Zero.

We used instantaneous discharge data from a USGS gage (02217500) located
immediately downstream from 01 January 2016 to 29 August 2018 to calculate metrics for
antecedent flow. Due to the sample size (n = 18 or 19 when June of 2018 is included), we limited
models to one or two explanatory variables. Because of the potential for correlation for variables
within the ‘high’ and ‘low’ flow categories, we considered the variables within each category
exclusive to one another; a model could only have one low-flow and one high-flow variable as
opposed to two high-flow variables or two low-flow variables. Pearson correlation coefficients
for variables in reported models were less than 0.5. Subject to this restriction, we ran all possible
combinations of one or two predictor variables for each of the biomass response variables,
including but not limited to the variables related to our hypotheses.

We ranked models using the Akaike information criterion (AIC) (Burnham and Anderson
2002) and included all models with A AIC <2 as “top models” for evaluating support for our
hypotheses (Table 2.2). We considered models to have a “dominant variable” when explanatory
power (i.e., R?) of the model with that variable as a single predictor was: 1) at least 70% as good
at explaining biomass variability as the best model and 2) at least twice as strong as the model
with the other variable as the only predictor.

We considered a hypothesis to be supported if both the direction of the relationship and
timeframe for any of the variables representing the hypothesis was found in one of the top
models. We considered a hypothesis to be partially supported if the direction of the relationship
for any of the variables representing the hypothesis was found in the top models, but the

timeframe was different. A hypothesis was not supported if we did not find any variables
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representing the hypothesis with the predicted direction of the relationship in one of the top
models. As such, “not supported” can mean we failed to find the predicted relationship in one of
the top models or that we found the opposite relationship in one of the top models.
RESULTS
Ambient Conditions During the Study Period

Chemical and physical properties of the reach during the study period were typical of
mid-sized rivers with moderate nutrient inputs (Table 3). Compared to unimpacted rivers, total
and dissolved N concentrations were elevated, while P concentrations were low (Scott et al.
2002, Manning et al. 2020). Stream temperatures captured seasonal highs (maximum
temperature for the year), and pH was between 6.64 and 9 (Table 3). While we were able to
opportunistically sample some high-flow events, our turbidity measurements are likely biased
low since most of our collections occurred during relatively low flows. The most extreme
hydrologic events occurred in 2016, with the highest flow event during the winter preceding
sampling. The lowest flow occurred during a state-declared drought the following fall (Figure
2.2).

Patterns in the Timing, Location, and Substrates
Associated with Producer Biomass

Biomass of the different producer communities varied throughout the study period,
displaying producer-specific temporal and spatial patterns (Figure 2.3). During the summer (Jul.
and Aug.) of 2016, we found high biomass of all four main benthic components — Podostemum,
filamentous algae, biofilm Chl-a, and biofilm AFDM — in at least one river segment (Figure
2.3). The July 2016 summer spike was Podostemum’s highest biomass for the entire study period

and was driven by samples in the lower shoal. Peak filamentous algal biomass also occurred
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during this time as a green alga (genus Rhizoclonium; Conn and Rosemond, personal
observation) bloomed across the entire reach. High biofilm Chl-a in the summer of 2016 rapidly
decreased and then peaked again in late 2016 (Nov. and Dec.) with a diatom bloom (genus
Aulacoseria; Conn and Rosemond, personal observation). With the exception of some
Podostemum variability in the upper shoal, biomass of Podostemum, filamentous algae, and
biofilm Chl-a in 2016 was high in comparison to biomass in 2017 and 2018.

In contrast to the other groups, biofilm AFDM was more variable over time due to
frequent large fluctuations in standing stocks in the run. Biofilm AFDM was also positively
related to biofilm Chl-a (R? = 0.31, p-value < 0.001), which included all samples except t-
samples (data not shown). Biofilm AFDM and Chl-a spiked during the summer of 2016, but the
highest overall biomass occurred in the run during the summer of 2017. While seston AFDM
also spiked during the summers of 2016 and 2017, seston AFDM and biofilm AFDM were not
correlated (R% = 0.005, p-value = 0.79), nor did we find any lagged increase of biofilm AFDM
after an increase of seston AFDM (Figure A1). We found little evidence of algae in the water
column as indicated by negligible levels of seston Chl-a (<0.00001 mg m™).

Of the producer biomass that was measured as AFDM, Podostemum dominated in 56%
of months sampled, while biofilm AFDM dominated in 33% of months sampled (Figure 2.4). In
the remaining 11% of sampling months, biomass was similar across producer groups. These
overall patterns can largely be explained by peaks in either Podostemum or biofilm AFDM
within the habitat each respectively dominated (Figure 2.4). Podostemum dominated the shoals
while biofilm AFDM dominated the runs. Filamentous algae made up the least amount of
biomass across river segments, with the exception of the Rhizoclonium bloom in June and July of

2016 when filamentous algal biomass exceeded Podostemum in the run (Figure 2.4).
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Patterns in substrate association mirrored the patterns found by location, which is consistent
with established expectations of substrates associated with different river segments. Podostemum
biomass dominated rocky substrates, which were found in the shoals, while biofilm AFDM
dominated sand and soft sediment, which were found in the run (Figure 2.5). Biofilm AFDM on
bedrock and fixed rock could have been underestimated due to our inability to brush and/or filter
all fine particulate material with the t-sample method. However, Podostemum still
overwhelmingly dominated all hard substrate types even with a greater contribution from biofilm
AFDM on the removable rock substrates where FPOM was comprehensively captured.
Filamentous algae never dominated a habitat and was more evenly distributed amongst substrate
types than other producer groups (Figure 2.5). While we did not capture biofilm Chl-a on
bedrock or fixed rock, the mean biomass of biofilm Chl-a on soft substrate nearly tripled the
combined biomass on small and large removable rocks for the majority of months we sampled
(Figure A2).
Predicting Monthly Standing Stocks at the Reach Scale and
Hypothesis Testing

We were able to predict both mean and maximum producer biomass with antecedent flow
conditions, with varying degrees of strength (Table 2.4). Antecedent flow conditions were
strongly correlated with mean and maximum biomass of Podostemum (R* = 0.87, 0.76; Figure
2.6 A,B respectively), filamentous algae (R? = 0.73, 0.73; Figure 2.6 C,D), and biofilm Chl-a (R?
= 0.88, 0.86; Figure 2.6 E,F). However, when substrate was considered (Table A3), flow was a
poor predictor of mean and maximum biofilm Chl-a on hard substrate (R? = 0.29, 0.36) while
remaining a strong predictor on soft substrate (R? = 0.88, 0.86). The relationships between flow

and biofilm AFDM (R? = 0.44, 0.45; Figure 6.2 G,H) and flow and seston AFDM (R? = 0.48,

28



0.59; Figure 2.6 1,J) were weaker. For benthic producers, antecedent flow conditions were more
strongly correlated to mean biomass than maximum biomass while the opposite held for seston
biomass.

A portion of the models included a dominant flow variable, and apart from the model
predicting maximum biofilm AFDM, this dominant flow variable was consistently a low-flow
variable. Less severe long-term minimum flows drove increases in maximum Podostemum
biomass (single variable R? = 0.54) and mean and maximum filamentous algae biomass (single
variable R? = 0.55, 0.53 ). Mid-term extreme low flows drove increases in both mean and
maximum biofilm Chl-a (single variable R? = 0.75, 0.81). Mid-term high flows drove decreases
in mean biofilm AFDM (single variable R? = 0.36), though the relationship was moderate at best
with the best model explaining 44% of maximum biomass (Table 2.4).

Notably, we excluded both biofilm and seston AFDM from hypothesis-testing as biofilm
AFDM was not strongly correlated to biofilm Chl-a (i.e., the algal components) and we found no
detectible algal content of seston (i.e., negligible seston Chl-a). However, for the three producer
groups for which we tested hypotheses — Podostemum, filamentous algae, and biofilm (Chl-a)
— we found full support for the majority of hypotheses, including at least one effect of high
flows and low flows for each producer (Table 2.5). For producer means, mid-term flow
conditions were important for biofilm Chl-a and long-term flow conditions for Podostemum,
while both short- and long-term flow conditions were important for filamentous algae. More
specifically, biofilm Chl-a appeared to be positively affected by mid-term extreme low flows and
negatively affected by mid-term events of extreme high flows. Filamentous algae were
negatively affected by long-term low flows, but high flows had both positive and negative effects

depending upon the timeframe. Short-term high flows appeared to have a negative effect while
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long-term high and extreme high flows a positive effect. Podostemum was positively affected by
long-term high flows and negatively affected by long-term extreme low flows. Overall, our
hypotheses were similarly supported by the model results of producer maximums (Table 2.5).
The exceptions were how biofilm Chl-a and Podostemum responded to short-term high flows.
Maximum biofilm Chl-a was negatively affected by short-term events of extreme high flows (as
opposed to mid-term events with mean), which fully supported our hypothesis, but maximum
Podostemum biomass was negatively affected by short-term high flows, which was not an effect
we hypothesized.
DISCUSSION
Overview

We found that antecedent flow conditions, both low and high flows, were a strong driver
of the biomass and distribution of primary producers in the Middle Oconee River. We also found
support for most of the producer-specific hypotheses, which were grounded in both evidence and
theory of how producer traits may shape responses to water velocity and disturbance. We
predicted, and found, both overlap and variability in producer responses at the larger scale of
discharge (as opposed to water velocity). Our models indicated that Podostemum and
filamentous algae were negatively affected by longer periods of drought and low flows, while
benefiting from longer periods of high flows. However, filamentous algae and biofilm were
negatively affected by shorter term extreme high flows, and biofilm was the only group
positively associated with low flows. Data from the 2016 season also suggested that both drought
and extreme high-flow events could cause producer-specific peaks in biomass. Current theory —
that organismal traits can determine resistance and resilience to flow conditions — is based

largely on research conducted at smaller spatial scales and across shorter timeframes, with few
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studies including macrophytes and many studies occurring under controlled experimental
conditions. Our findings provide empirical evidence that organismal traits can determine
resistance and resilience to flow conditions for many producer groups at spatial scales and
timeframes applicable to management and policy decisions. Understanding these relationships at
these scales strengthens our ability to predict how producer communities will respond to
changing flows, and thus different climate and management scenarios. Further, it is a key step in
determining the mechanisms by which different scenarios affect ecosystem function.

Temporal Patterns: Disturbance vs. Stability

The multi-year nature of this study allowed us to capture and compare producer biomass
during two major forms of natural disturbance — floods and droughts — to periods of relative
stability. Peaks in monthly biomass in 2016 suggest that sustained drought and extreme high
flows have strong producer-specific effects, as increased biomass of different producers occurred
either simultaneously or in lagged proximity to both extreme flow events. In contrast, the 2017
and 2018 conditions of relative hydrologic stability corresponded to lower and less variable
biomass across producers.

Antecedent flow conditions during the winter of 2015-2016 included the most extreme
high-flow event recorded during the study period, which fell within the 90th percentile of all
flows recorded since 1911 —a common threshold for floods (Rahimi et al. 2021). Maximum
biomass of both Podostemum and filamentous algae occurred in the early part of the summer
following the winter high flows. Long-term research in the Eel River system in California
suggests that the winter high flows could be indirectly responsible for the peaks we observed in
producer biomass via a top-down release of consumer pressure (Power et al. 2008). Power et al.

(2008) found that winter flooding decreased consumer densities, which released herbivory
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pressure and resulted in blooms of the filamentous algae Cladophera sp.in late spring and early
summer. Given the susceptibility of Podostemum (Wood et al. 2019) and Rhizoclonium sp. to
herbivory, reduced herbivory is a plausible mechanism by which the higher winter flows could
have had an indirect effect on producer biomass in the warmer growing season. Further,
depending upon the identity of the producer, and stream consumers, these blooms can negatively
or positively affect the stream environment. Edible algae can be a large portion of the trophic
base for stream consumers and can be a source of carbon and oxygen for other organisms and
processes (Riiegg et al. 2020), but large blooms left unconsumed can lead to inhospitable
conditions as they decompose and result in low or even depleted oxygen concentrations. Given
Podostemum’s foundational role in stream environments, increased growth is likely a benefit, but
it is unknown whether, like some algae, there are conditions under which growth is detrimental.
In more general terms, these results suggest that floods have the potential to facilitate
accumulations of primary producers that could have far-reaching positive or negative impacts
depending upon producer identity, and potentially consumer dynamics.

While extreme high flows corresponded to a lagged increase in Rhizoclonium and
Podostemum biomass, the fall drought of 2016 corresponded to an increase in biofilm biomass
(measured as Chl-a) dominated by Aulacoseria. Importantly, only wetted areas of the benthos
were included in this study, so our biomass means excluded zeros from dried areas within the
stream. While there is a notable gap in research on the effects of both human-induced and
naturally occurring low flows and drought in non-arid environments, especially for non-
headwater perennial streams (Lake 2003), existing research suggests that the increase in biofilm
biomass during the fall drought could also be a producer-specific effect of hydrology. In a 2018

meta-analysis, human-induced water stress resulted in an average of 3.3-fold increase in biofilm
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biomass, measured as Chl-a (Sabater et al. 2018). Reduced flow velocity can lead to indirect and
direct effects on algal biomass by increasing water clarity (indirect) and decreasing certain
hydraulic stressors such as scouring (direct), which have been shown to limit algal growth (Biggs
et al. 1999, Bernhardt et al. 2018). With an increase in water clarity and a decrease in water
depth due to reduced water volume, more solar radiation can make it to the benthos, resulting in
greater photosynthetic potential. And while severe or extreme droughts can eventually lead to
decreased nutrients and increased herbivory (Dahm et al. 2003), less severe drought could lead to
more favorable local conditions for algal accumulation, such as increased temperature and solar
radiation (Paerl and Huisman 2008, Salmaso and Braioni 2008). Even in the face of herbivory,
many diatom species remain highly productive (Vadeboncoeur and Power 2017). Decreased
whole stream turbidity and mean water depth at the sampling locations does suggest that local
conditions in 2016 were more favorable for producer growth. Thus, while floods, depending
upon the season, may counterintuitively facilitate increases in certain producer groups via a
release of herbivory pressure, drought may lead to increases in others. Increased hydrologic
variability due to climate change likely means more years like 2016 with little chance that the
consequences to different stream types (e.g., biome, order) will be uniform. In fact, Hosen et al.
(2019) found that the effect of drought on primary production (GPP) in a temperate watershed
was greater in larger river systems than in headwater systems, and attributed part of the increased
primary production to an increase in producer biomass.
Spatial Patterns: Location as a Determinant of ldentity and Biomass

The spatial patterns of producer biomass we observed over the study period are consistent

with prior research that indicates stream location is an important determinant of producer

biomass and identity. We found that Podostemum, which has been found to thrive in high
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velocity areas due in part to the exclusion of herbivory (Wood et al. 2019), dominated shoal
ecosystems while biofilm (measured as AFDM) dominated the lower velocity runs. Some algae,
lacking the rooting structure Podostemum exhibits, is loosely adhered and more susceptible to
scouring from high velocities and thus is better suited to lower velocity areas.

The distinction of shoal versus run corresponds to differences in local conditions, namely
substrate, depth, and water velocity. These local conditions determine which producers can or
cannot exist and/or thrive in each location (Biggs 1996d, Burkholder 1996, Hart and Finelli
1999), even at a sub-stratum scale (Murdock and Dodds 2007), and they shape how producers
are affected by more extreme hydrologic disturbances. The subsidy-stress dynamics of a given
location also have implications for how each producer contributes to whole stream processes
(O’Donnell and Hotchkiss 2022). In a 2022 study on the resistance and resilience of stream
metabolism to high-flow disturbances, O’Donnell and Hotchkiss (O’Donnell and Hotchkiss
2022) attributed the differences in ecosystem respiration and primary production responses to
variable flows to differences in the energy sources and locations of autotrophs and heterotrophs.

Producer-specific Responses

The regression models predicting Podostemum, biofilm, and filamentous algae were
consistent with our analysis of temporal patterns. Each analysis indicated both low flows and
high flows were important determinants of producer biomass, and producer-specific traits
appeared to determine which model variables best predicted each producer.

Podostemum

The top model for Podostemum mean biomass included longer-timeframe variables of

high and low flows. Macrophytes, with significantly more robust plant structure than algae,

require more growing time, which means there is a larger window of time — and corresponding
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flow conditions — influencing plant growth. Our finding that the percentage of time spent above
the long-term mean flow positively correlated with Podostemum biomass is consistent with our
hypothesis that Podostemum would be positively affected by mid or long-term flows. However,
we found that minimum flows over a longer time-period were the most important variable for
predicting biomass. Our models support our hypothesis that antecedent drought severity
negatively affects Podostemum growth. The specifics of Podostemum physiology — the relatively
long regeneration time of an aquatic plant - could mean that even one low-flow event allowing
increased herbivory or desiccation could have persistent negative effects on biomass.
Filamentous Algae

The top model for mean filamentous algae included a long-term high-flow variable that
was positively correlated with biomass, while another model (which was nearly equivalent, in
terms of support) included short-term high flow that was negatively correlated with biomass.
Both findings demonstrate the relationships we hypothesized between high flows and
filamentous algae biomass. Winter elimination of herbivores could have allowed for greater
filamentous algae growth during the summer and fall of 2016, while the negative effect of short-
term high flows might be due to shear stress in drag and/or sediment scour, effects demonstrated
thoroughly in past studies (Biggs et al. 2005). Either or both of those mechanisms could have
been occurring throughout the study period, but during the bloom of 2016, large quantities of
filamentous algae, with extensive surface area, would have made the producer highly susceptible
to drag.

While filamentous algae and diatom blooms are not uncommon for systems experiencing
elevated nutrients from agricultural inputs, the filamentous algae bloom in the summer of 2016

occurred during nutrient conditions similar to those of the following years in which no algal
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blooms occurred. Thus, current nutrient conditions do not explain the increase in filamentous
algae, though prior exposure to elevated nutrients could have played a role. Unfortunately, we
were not sampling nutrients before the bloom, so we could not test this hypothesis.
Biofilm

Unlike Podostemum and filamentous algae, biofilm Chl-a was best predicted by mid-term
high and low flows; the top models included 90-day variables. The top biofilm Chl-a models also
included a variable that measured a single event— the largest change in flow— as opposed to a
percentage of time the stream experienced flow conditions, perhaps indicating that a single event
can have lasting effects. The largest change in daily flow within 90-days (also 30-days in the
case of maximum) of the sampling event (to predict mean vs. maximum biomass respectively)
was negatively correlated with biofilm Chl-a. This was consistent with our hypothesis that high-
flow events would negatively impact the algal components of biofilm. Unlike Podostemum with
its hearty root structure, some biofilm components can be loosely adherent to substrate. These
loosely adherent algae have been found to dominate low flow habitats (Cardinale 2011) and
experience reductions in biomass from shear stress and sediment scour in higher water velocities
(Francoeur and Biggs 2006). Thus, even if tightly adherent components of biofilm were
somewhat resistant to high flows, reductions in loosely adherent components may explain the
negative relationship we found between extreme high flows and biofilm Chl-a. Consistent with
this and the established ability of biofilms to persist, even thrive, in lower flows through niche
differentiation and shifts in community composition (Battin et al. 2016), we hypothesized that
mid-term low flows would allow for the accumulation of biofilm biomass. This was supported
by our finding that extreme low flows over a 90-day period was positively correlated with

biofilm Chl-a. This correlation was likely driven by the proliferation of the diatom Aulacoseria
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in biofilm that accrued during the fall 2016 drought. Interestingly, the low-flow variable was the
percentage of days with extreme low flows. This indicates that nutrient supply was not an issue
because while nutrient delivery generally decreases as flow decreases, we would expect to see a
negative relationship with extreme low flows if nutrient supply were a limiting factor.

Notably, the strong relationships between flow and biofilm Chl-a only held for soft
substrate, which on average had almost triple the combined biomass of biofilm on small and
large removable rock. Our sampling methods did not reliably capture biofilm on bedrock or fixed
rock (neither AFDM nor Chl-a). Thus, we do not know if the weak predictive relationship
between flow and Chl-a on small and large removable rock is true across all hard substrate types
(i.e. removable and fixed) or only true for combined removable rocks. In addition, the predictive
relationship between flow and Chl-a on soft substrate was more heavily influenced by individual
events than other producers.

The complex relationship between flow and biofilm AFDM reflect its mixed algal and
detrital composition. Biofilm AFDM decreased with mid-term high flows, consistent with the
Chl-a response, but increased with short-term higher-than-average flows, which could be the
result of a greater detrital deposition from pulses of exogenous materials that masked the
negative impact of high flows on algae. Maximum biofilm AFDM appeared to be driven by the
short-term higher flows and low/extreme low flows within a longer time frame, a combination
which facilitates both accumulation of algal biomass and retention of deposited detrital material.

In contrast, biofilm AFDM exhibited a divergent response to short-term low flows,
depending upon the flow variable: a higher minimum flow within 7-14 days increased AFDM,
whereas a high frequency of low-flow days within 7-30 days decreased AFDM. These results

appear to be in conflict but could indicate different types of low flow events (e.g., a single, more
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extreme low flow event vs. continued low flows) and/or interactions with high flows during the
same time period. For instance, the top model has both a positive relationship with the proportion
of flows above the 50" percentile of flows and the proportion of flows below the 25" percentile
of flows. This could indicate a beneficial sequence where slightly higher flows provide detrital
material and subsequent lows flows allow the material to settle. Thus, while mid-term and long-
term low and extreme low flows appear to positively affect biofilm AFDM, more research is
needed to clarify the impact(s) of short-term low flows.
Seston

We did not observe detectable algal content in our water column samples. While this
result is consistent with Nelson and Scott’s (1962) findings in the same system over half a
century ago — that phytoplankton played an insignificant role — it contrasts with more recent
studies of other mid-sized systems. Using 5 years of phytoplankton data from National
Ecological Observatory Network sites across the US, Peipoch et al. (2025) found consistent
patterns in the relationships between suspended Chl-a and discharge across a range of stream
sizes. Not only did Peipoch et al. (2025) confirm the presence of phytoplankton, they were able
to quantify the different contributions from benthic and planktonic origins. Additionally, using
water column mesocosm data from 3 midwestern US watersheds, Reisenger et al. (2015)
demonstrated that phytoplankton in mid-sized streams can be a significant contributor to stream
metabolism and nutrient uptake (e.g., Reisinger et al. 2021). The negligible Chl-a levels in our
study could be due to many factors, including but not limited to biological constraints or
limitations of our sampling methods. Perhaps the volume of water we sampled wxas insufficient
or the timing of sampling missed critical periods of activity. There is also the potential that

ecological factors — P limitation as a demonstrated example from other systems (Klausmeier et
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al. 2004) — constrained planktonic (e.g., Roeder 1977) and benthic algal contributions (e.g.,
Burrows et al. 2020). However, we consider P limitation, specifically, to be an unlikely
explanation for our results given that the P concentrations of our samples, while low compared to
impacted systems, were not necessarily low enough to inhibit algal growth.
Model Applicability

Capturing the responses of naturally occurring and morphologically distinct producers to
a range of hydrologic events, including a notable flood and state-declared drought, increases our
confidence about the relationships we modeled and their ability to inform future predictions of
comparable systems. However, some of the flow relationships, as was the case with biofilm on
soft substrate, were more heavily influenced by individual events than others, which highlights
the importance of even longer-term datasets in confidently predicting the impacts of flow
extremes.

CONCLUSION

The variety of producers we studied — vascular plants, filamentous algae, and biofilms
containing a variety of organisms — is a good representation of producers in a mid-sized, open-
canopy system. A growing body of literature also indicates the important role of macrophytes in
stream processes and services (Alnoee et al. 2021, Thomaz 2021). While differing in traits from
most other macrophytes, Podostemum is ubiquitous in many eastern areas of the United States
(US) and plays an important role as a foundation species (Hill and Webster 1984, Hutchens et al.
2004, Wood and Freeman 2017). Importantly, Podostemum population declines have been
recorded across its eastern US range, and various environmental stressors, such as sedimentation,
low flows, and pollutants, have been implicated as potential causes (Wood and Freeman 2017).

Our results demonstrate that increasing severity of low flows can negatively impact Podostemum
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biomass. In contrast, the filamentous algae and biofilm blooms we observed during 2016 can be
a common, sometimes problematic, occurrence for systems that experience low-flow conditions
and elevated nutrients (Matthaei et al. 2010). Determining how biomass declines (as with

Podostemum) or increases (as with Rhizoclonium and Aulacoseria) affect ecosystem function is

an important next step in understanding the implications of these modeled relationships.
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TABLES

Table 2.1: Hypothesized mechanisms by which hydrology may affect producer groups in the

Middle Oconee River, Athens, GA. For timeframe, short-term refers to 7 — 30 days, mid-term

refers to 90 days, and long-term refers to 180 days.

Producer Direction Hydrologic
of Timeframe ; Mechanism Example References
group . . Scenario
relationship
Podostemum - Mid- or Extreme low  Desiccation Pahl 2009
long-term  flows/drought
- Mid- or Low flows Consumption by Parker et al. 2007
long-term terrestrial and
aquatic consumers
+ Mid- or High flows Protection from Wood et al. 2019
long-term current herbivory
Filamentous - Mid-term  Low flows Epiphyte Stevenson and
algae competition Stoermer 1982**
- Short-term  Extreme high  Shear stress/drag =~ Biggs and Thomsen
flow event(s) 1995
- Short-term  Extreme high  Sediment scour Francoeur and Biggs
flow event(s) 2006
+ Mid-term  High flows Removal of Power and Stewart
herbivores or 1987
epiphytes
+ Long-term Extreme high Removal of next Power et al. 2008**
flow event(s)  season herbivores
Biofilm - Mid-term  Extreme low  Desiccation or Mosisch 2001
flows/drought  insufficient
nutrient delivery
- Short-term  High flows Sediment scour &  Francoeur and Biggs
shear stress 2006
+ Short-or ~ Low flows Accumulation Sabater et al. 2018
mid-term
Seston - Short-term  Short-term Lack of Sommer et al. 2004
drying immigration
- Mid-term  High flows Export & dilution ~ Sommer et al. 2004
Short-term  High flows Immigration Stevenson 1990*
Short-term  High flows Suspension Peipoch et al. 2025

*Mechanism previously hypothesized, but not demonstrated, in the literature for the listed producer or

group

**Mechanism documented for a different producer and hypothesized for listed producer or group.
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Table 2.2: Information on metrics used as predictor variables for modeling monthly biomass of different stream producers. For
models with two predictor variables, only one high-flow variable and one low-flow variable were used, never two high-flow variables
or two low-flow variables. Predictor variables were created for short-term (7d, 14d, 30d), mid-term (90d), and long-term (180d)

timeframes. Short-term drying refers to 7-, 14-, or 30-day timeframes. Seasonal drought refers to 90- or 180-day timeframes.

Predictor Flow . . . - .
Variables Category Hydrologic Scenario Metric Description Unit Range
max High Extreme high flow Max instantaneous flow m’s”  1.44-154.61
min Low Extreme low flow Min instantaneous flow m’s”  0.91-7.67
sd Variation Steady flows Variation in instantaneous flows m’s”  0.08—19.45
state.low Low Extreme low flows/ drought ~ Proportion of time below the 7Q10%*, what is considered low — 0-1
by state policy (< 1.28 m3 s—1)

x.low Low Extreme low flows/drought ~ Proportion of time under the lowest tributary 10th percentile — 0-1
(P10) of flows in the historic record (P10: < 1.42 m3 s—1)

low Low Low flows Proportion of time under the lowest daily 25th percentile — 0-1
(P25) of flows in the historic record (<2.78 m3 s—1)

below.avg Low Low flows Proportion of time under the mean daily mean flow (P50) in — 0-1
the historic record (< 9.94 m3 s—1)

above.avg High High flows Proportion of time over the daily 50th percentile (P50) in the — 0-1
historic record (= 501 m3 s—1)

high High High flows Proportion of time over the largest daily 75th percentile of — 0-1
flows (P75) in the historic record (>29.68 m3 s—1)

x.high High Extreme high flows Proportion of time over the largest daily 95th percentile (P95) — 0-1
of flows in the historic record (= 104.04 m3 s—1)

standard.spate High Extreme high flow event(s) Standardized measure of the largest change in daily flow —  0-1

*7010 is the 7-day mean flow that occurs, on mean, once every 10 years
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Table 2.3: Chemical and physical properties of the Middle Oconee River during the sampling
period from June 2016 to August 2018. Time between sampling events varied as sampling
occurred during all biomass sampling events, but also opportunistically. However, we were
unable to collect samples from February 2018 — May 2018. We took the mean of samples taken

from above and below the Hunnicutt tributary on the same date. SD = standard deviation.

Variable Mean (SD) Range n
Turbidity (NTU) 23.3 (46.2) 6.09-3545 58
NH4 (ppm) 0.022 (0.012) 0.002-0.054 23
NO3 (ppm) 0.879(0.17)  0.528-1.203 23
SRP (ppm) 0.006 (0.003) 0-0.011 23
TN (ppm) 1.180 (0.723) 0.860—-4.285 23
TP (ppm) 0.018 (0.017) 0.001 -0.063 23
DO (mg/L) 8.40 (2.80) 3.17-15.32 34
pH 7.92 (0.46) 6.64-9 32
Conductivity (uS/cm) 95.5 (21.5) 66.7—-141.9 32
Temperature (C°) 20.16 (6.7) 59-28.8 36
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Table 2.4: Top models (AAIC < 2) predicting mean and maximum biomass of Podostemum, filamentous algae, biofilm (Chl-a) for
the entire reach. AFDM is measured in g m™ for benthic producers and g L-1 for seston. Biofilm Chl-a is measured in mg m. An
increase in the metric ‘min.180’ indicates a less severe minimum, so a positive coefficient estimate indicates a negative effect of low
flows. Timeframes: short-term (7d, 14d, 30d), mid-term (90d), long-term (180d). Predictor variables are scaled, and dominant

variables are in bold text.

High Flow High Flow Low Flow Low Flow

Top Models R?  Coefficient ~Standard  Coefficient Standard AAIC  AIC wt.
Estimate Error Estimate Error
Podostemum (AFDM)
mean ~ above.avg.180 + min.180 0.87 48.63 7.94 30.90 8.24 — 0.82
max ~ above.avg.7 + min.180 0.76 -488.39 133.83 826.65 124.75 — 0.52
Filamentous algae, Rhizoclonium (AFDM)
mean ~ X.high.180 + min.180 0.73 6.74 2.12 7.96 2.17 — 0.33
mean ~ above.avg.7 + min.180 0.71 -6.66 2.28 12.80 2.13 1.18 0.18
mean ~ above.avg.180 + min.180 0.70 6.29 2.29 7.72 2.37 1.92 0.18
max ~ x.high.180 + min.180 0.73  67.15 20.26 71.19 20.74 — 0.34
max ~ above.avg.7 + min.180 0.70 - 64.60 22.20 118.98 20.70 1.83 0.14
Biofilm (Chl-a)
mean ~ standard.spate.90 + x.low.90 0.88 -4.97 1.19 10.86 1.14 — 0.53
max ~ standard.spate.30 + x.low.90 0.86 -47.95 21.83 167.18 20.51 — 0.17
max ~ standard.spate.90 + x.low.90 0.86 -44.42 20.34 179.04 19.53 0.05 0.17
Biofilm (AFDM)
mean ~ above.avg.7 + low.7 044 41.04 16.64 40.58 14.94 — 0.03
mean ~ max.90 + min.7 043 -6544 19.92 25.84 19.60 0.16 0.03
mean ~ above.avg.7 + low.90 042 4432 17.21 39.83 15.48 0.62 0.02
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mean ~ max.90 + state.low.180 0.41 -46.30 16.90 16.21 15.41 0.85 0.02
mean ~ max.90 + x.low.180 0.41 -46.85 16.85 15.72 15.36 0.91 0.02
mean ~ max.90 + min. 14 0.40 -65.95 23.15 22.20 22.69 1.02 0.02
mean ~ max.90 + low.180 0.40 -48.66 16.71 14.22 15.38 1.13 0.02
mean ~ above.avg.7 + low.30 0.40 41.66 17.26 37.92 15.48 1.15 0.02
mean ~ max.90 + low.7 0.39 -41.77 19.40 15.05 17.73 1.28 0.02
max ~ above.avg.7 + state.low.180 0.45 1154.82 361.10 692.68 323.38 — 0.11
max ~ above.avg.7+ x.low.180 0.44 1139.58 362.94 671.85 325.07 0.30 0.10
max ~ above.avg.7 + low.180 0.40 1112.12 377.58 569.61 341.42 1.74 0.05
Seston (AFDM)
mean ~ above.avg.90 + min.180 0.48 0.73 0.29 0.75 0.29 — 0.08
max ~ above.avg.90 + min.180 0.59 0.96 0.33 1.13 0.33 — 0.25
max ~ X.high.180 + min.180 0.55 0.92 0.36 0.92 0.36 1.78 0.10
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Table 2.5: Support for flow ecology hypotheses for each primary producer. Y indicates that the hypothesis was supported, and N
indicates the hypothesis was not supported. P indicates that there was partial support for the hypothesis: the direction matched, but the
timeframe did not. An increase in the metric ‘min.180’ indicates a less severe minimum flow, and thus a negative effect of low flows.

Timeframes as in Table 2.4.

Direction of Predicted Tim Hypothesis Supported ~ Hypothesis Supported
Producer Predicted Fian(; © (da )e Hydrologic Scenario for Mean Biomass for Maximum Biomass
Relationship © ldays (direction & metrics) (direction & metric)
Podostemum - Mid- or long-term  Extreme low flows/drought Y ( + min.180) Y (+ min.180)
- Mid- or long-term  Low flows Y (+ min.180) Y (+ min.180)
+ Mid- or long-term  High flows Y (+ above.avg.180) N
Filamentous algae - Mid-term Low flows P (+ min.180) P (+ min.180)
- Short-term Extreme high flow event(s) Y (- above.avg.7) Y ( - above.avg.7)
+ Mid-term High flows P (+ x.high.180) P (+ x.high.180)
P (+ above.avg.180)
+ Long-term Extreme high flow event(s) Y (+ x.high.180) Y (+ x.high.180)
Biofilm (Chl-a) - Long-term Extreme low flows/drought N N
- Short-term High flows P ( - standard.spate.90) Y ( - standard.spate.30)
+ Short- or mid-term  Low flows Y (+x.1ow.90) Y (+x.1ow.90)
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FIGURES
Figure 2.1: Study site diagram (A) and aerial photo (B) of the Middle Oconee River at Ben
Burton Park in Athens, Georgia. A small, run-of-the-river hydropower facility currently exists
upstream, beyond the extent of the aerial photo. The small brown square on river right of (A)
indicates a municipal water intake facility across from the tributary, Hunnicutt Creek. Transects
begin at the downstream end of the reach with T1-T3 (lower shoal) below the tributary, and T4-
T6 (run) and T7 (upper shoal) above the tributary. Transect 7 is on the river left side of a small
island that bisects the full width of the river. Inset indicates the sampling design for each
transect, stratified into 5 equal blocks with one randomly located, destructive sample (red dots)

taken from each block, which results in a total of 35 samples across the entire reach.
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Figure 2.2: Daily mean discharge in the Middle Oconee River from USGS gage 02217500 from
01 January 2016 to 29 August 2018. This time window was used as the antecedent flow period
for modeling producer biomass. The red lines indicate significant management-relevant
thresholds: the state-declared low flow (bottom) and the highest 95™ percentile of daily flows in

the historic record (top), 1.28 and 104.04 m?s~! respectively.
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Figure 2.3: Monthly mean biomass of benthic producers over time by river segment (Year-
Month). Units for AFDM are g m whereas units for Chl-a are mg m2. The lower shoal and run
both contained three transects with five blocks each (n = 15 per segment), while the upper shoal
contained one transect with five blocks (n = 5) for a total of seven transects across the entire
reach (n = 35). Only the lower shoal was sampled in June of 2017, producing19 total sampling
events for that segment. All other segments have 18 total sampling events. Breaks in lines

represent periods without sampling events.
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Figure 2.4: Proportion of monthly mean AFDM of benthic producers over time by river
segment. Lower shoal and Run: n = 15, Upper shoal: n = 5. Entire reach: n = 35. Only the lower

shoal was sampled in June of 2017.
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Figure 2.5: Proportion of mean monthly AFDM from each benthic producer for all substrates
across the entire reach (n = 18). BR.FR= bedrock or fixed rock, LR = large removable rock, SR
= small removable rock, SS = soft sediment or sand. Mean biomass per substrate for all biomass

types is displayed in Figure A2 with error bars indicating standard error of the mean (n = 18).
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Figure 2.6: Flow ecology relationships derived from the top models predicting monthly mean
(A,C,E,G,I) and maximum (B,D,F,H,J) biomass across the entire reach. Relationships are
projected from the first model listed for each producer in Table 2.4. Each model is represented
by two plots, representing the biomass response (blue lines) to each of the two predictor
variables in each model, while the other model variable is held constant. Shading indicates the
confidence interval. Parameter estimates in the equations are for unscaled predictor variables, in
contrast to the parameter estimates in Table 2.4, which are for scaled predictor variables.
Biomass measured as AFDM is per g m~ whereas biomass measured as Chl-a is per mg m™.
Largest change in flow is a standardized variable while minimum flow is a measure of discharge
in m® s7. Predictor variables for a proportion of time above or below a certain flow threshold
have been converted into percentages. Full descriptions of predictor variables can be found in

Table 2.2.
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CHAPTER 3
PRIMARY PRODUCER FUNCTIONAL DIVERSITY AND CONTRIBUTION TO STREAM

PRODUCTIVITY 2

2 Conn, C., A. D. Rosemond, S. J. Wenger. To be submitted to a peer-reviewed journal.
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ABSTRACT

Primary producers are an essential component of the stream environment and
productivity a key aspect of global carbon cycling. However, a mechanistic understanding of
how distinct producers differentially contribute to stream productivity is lacking. We
investigated how producer identity and light availability regulate mass-specific gross primary
productivity (GPP) and the effect on producer contribution to overall stream productivity. We
conducted laboratory incubations of common producers found in a mid-sized temperate river in
Athens, GA — the macrophyte Podostemum ceratophyllum, benthic biofilms, filamentous algae,
and seston. We quantified GPP rates under laboratory conditions from field-collected producers
across levels of photosynthetically active radiation (PAR) and found varying productive
capacities, reflecting functional types with distinct mass specific GPP-light relationships. We
applied GPP estimates to known areal biomass estimates for producer types over a moderately
large spatial and temporal scale (i.e., approximately 11,100 m? and 11 monthly time steps) and
found that stream community GPP was driven to a large extent by producer-specific responses to
antecedent flow conditions. Given the contrasting productive capacities and relative
contributions of different producers to overall stream productivity, we demonstrate that shifts in
environmental conditions are able to influence stream function through distinct pathways and
with disproportionate effects, depending on which producer groups are impacted. This
necessitates an approach to managing ecosystem function and associated services that is more
mechanistically aware and requires continued research to connect these mechanisms across

scales and in other systems.

71



INTRODUCTION

Primary producers are a critical component of stream ecosystems, providing a basal
energy resource for food webs and habitat complexity for numerous other organisms (Cardinale
etal. 2011, Wood and Freeman 2017, Vadeboncoeur and Power 2017, Kendrick et al. 2019).
Primary production is important in nearly all lotic systems, even those that are largely
heterotrophic (Thorp and Delong 2002, Carter et al. 2024) and productivity is inextricably linked
to other important stream processes, such as nutrient uptake (Johnson and Tank 2009, Hanrahan
et al. 2018, Myrstener et al. 2021, Reisinger et al. 2021, Schlenker et al. 2024). Prior research has
long documented patterns in primary producer standing stocks and quantified instantaneous
metabolic rates with laboratory incubations and in sifu chambers (e.g., Steinman and Mclntire
1986, Rosemond 1993, Bott et al. 1997). Much of this research has occurred in small, headwater
streams where producers are often less abundant and less structurally diverse, resulting in a
heavy emphasis on stream biofilms (Battin et al. 2016). More recent research has elucidated
patterns in whole stream metabolism for small and large streams (Dodds et al. 2013, Appling et
al. 2018, Savoy et al. 2019, Bernhardt et al. 2022). However, much less research has linked these
scales to provide a mechanistic understanding of how whole-stream metabolic patterns arise
through space and time.

Gross primary productivity (GPP) provides a measure of how much inorganic carbon is
fixed from the atmosphere by autotrophs within a given system. Ecosystem respiration (ER) is a
measure of both autotrophic and heterotrophic metabolic activity, and the difference between the
two is expressed as net ecosystem productivity (NEP), or whole stream metabolism. Primary
productivity is largely controlled by abiotic factors: light (e.g., Boix Canadell et al. 2021), flow

(Bernhardt et al. 2022), nutrient availability (e.g., Schlenker et al. 2024), and temperature (e.g.,
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Nakano et al. 2022). Research has also demonstrated that primary producer (hereafter referred to
as ‘producer’) biomass and diversity changes in response to antecedent conditions, such as
hydrologic disturbance (Cardinale et al. 2006, Bernhardt et al. 2022, Peipoch et al. 2025, Conn et
al. Ch.2) and herbivory (Power 1992b, Wood et al. 2019). This creates a complex web of
dynamic interactions in which producers are shaped by top-down and bottom-up controls
(Rosemond et al. 1993) and in turn, they directly and indirectly affect other stream biota (Tonkin
et al. 2014, Riiegg et al. 2020) and the surrounding aquatic (Jones et al. 1994, Dodds and Biggs
2002) and terrestrial environments (Kautza and Sullivan 2016).

In comparison to forested headwater streams, mid-sized streams (here, loosely defined as
4™ — 6™ order) often have less canopy cover, which allows for an increase in primary production,
and greater heterogeneity of the benthic substrata, which allows for a more diverse producer
community. In addition to the algae-containing biofilms that typically dominate smaller streams,
mid-sized systems can also support submerged macrophytes, filamentous algae, and suspended
producers (of planktonic or benthic origins), all of which may be uniquely affected by antecedent
conditions and differentially relied upon by the greater stream community. The Middle Oconee
River in Athens, GA, a well-studied sixth order tributary of the Altamaha River, exemplifies this
scenario, containing a common set of functionally and structurally diverse producers with unique
responses to antecedent flow conditions and relative contributions to secondary production
(Nelson and Scott 1962, Grubaugh and Wallace 1995, Pahl 2009, McKay 2014, Katz et al. 2015,
Rack 2025, Conn et al. Ch.2). Among them, is the submerged macrophyte Podostemum
ceratophyllum (hereafter “Podostemum’), which historically has had abundant populations
across a large range of the eastern United States but is currently the subject of conservation

concern due to declines in abundance (Wood and Freeman 2017). Podostemum plays a
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foundational role in supporting the production of stream consumers, largely as complex habitat,
and recent research from the Middle Oconee River has shown that spatial and temporal
fluctuations in Podostemum biomass are driven by antecedent flow conditions (Conn et al. Ch.2).
Conn et al. (Ch.2) documented Podostemum fluctuations relative to the biomass patterns of other
morphologically distinct producer groups, namely filamentous algae and biofilms, that are
differently relied upon by stream consumers and have distinct responses to the same antecedent
flow conditions. Concurrent work (Conn et al. Ch. 2) provides a strong foundation for studying
the potential impacts of these producer-specific fluctuations on stream function.

In this study we ask how identity and light, both directly and indirectly, regulate a
producer’s contribution to stream productivity. To quantify differences in mass-specific gross
primary productivity (GPP) relative to light availability, we conducted metabolic experiments
under different light treatments in a controlled laboratory setting for morphologically distinct
producers representative of the Middle Oconee River: Podostemum, benthic biofilms containing
algae (hereafter “biofilm”), filamentous algae, and suspended producers in seston. To evaluate
the influence of the stream environment, we collected Podostemum and biofilm specimens from
contrasting ambient light environments (shade vs. sun), along with associated substrate for
biofilm, and seston from locations differing relative to a first-order tributary. Filamentous algae
were represented by two phylogenetically distinct taxa: a green alga (Rhizoclonium sp., Division
Chlorophyta, Domain Eukarya) and a cyanobacterium (Lyngbya sp., Domain Bacteria). To
estimate areal productivity and temporal and spatial variation in producer contribution, we
incorporated biomass data from the Conn et al. (Ch.2) study. By integrating instantaneous
productivity, an important functional effect trait (sensu Naeem and Wright 2003) of aquatic

primary producers, with a longer-term biomass record, we evaluate the potential mechanisms
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linking producer identity, biomass dynamics, and environmental variation to whole stream
function.
METHODS
Site Description

We collected benthic organic material for laboratory experiments from a small segment
(<200 m) of the Middle Oconee River at Ben Burton Park in Athens, Georgia. The Middle
Oconee River is a sixth-order tributary of the Altamaha River that flows through the Piedmont
physiographic province. Our study section was largely open canopy, comprised of a sandy run
and downstream cobble and bedrock shoal with a first-order tributary between them. Numerous
studies over the past 60 years have examined the benthic communities of the Middle Oconee
River and found a range of primary producers in varying proportions (e.g., Nelson and Scott
1962, Pahl 2009). In the years prior to our study (2016-2018), the same river segment was found
to support three main primary producer groups: a macrophyte Podostemum ceratophyllum,
biofilms containing benthic algae, and filamentous algae including Rhizoclonium sp. (Conn et al.
Ch. 2).

Sample Collection

The objective of the laboratory trials was to quantify mass-specific GPP rates of diverse
primary producer types and assess how GPP varies over a range of light conditions. Accordingly,
we collected the following samples of producers from the Middle Oconee River on 29 July and
03 August, 2020, from either high or low light areas of the stream as indicated by sun or shade:
1) Podostemum (sun), 2) Podostemum (shade), 3) rock biofilms (sun), 4) rock biofilms (shade),
5) filamentous algae of two types (chlorophyte dominated and cyanobacterial dominated), 6) soft

substrate biofilm (sun), 7) soft substrate biofilm (shade), and 8) seston (samples from two time
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periods and two locations within the stream reach; July/August and upstream/downstream)
(Table 3.1). All of these samples were returned to the laboratory to quantify NEP and ER rates in
30 ml vials under otherwise controlled conditions. These measurements were made on triplicate
samples of each producer type at each of five irradiance levels and at stream water temperatures
from the day of collection. Given no substantial change in stream conditions (e.g., hydrologic
event) between 29 July and 03 August 2020, collection date was only a considered factor for
seston, not benthic samples. Although these measurements made under laboratory conditions
may be different from rates that would be determined in situ, they allow for direct comparisons
of mass-specific GPP functional traits across producer types.

We collected benthic samples from multiple substrates to reflect the range of primary
producer groups found in Conn et al. (Ch. 2). Samples of Podostemum and biofilm on hard
substrate were limited to small rocks (i.e., gravel) in an effort to maintain sample integrity with
minimal disturbance while adhering to the size constraints of the 30ml vials used for the lab
experiments. However, we were unable to collect enough filamentous algae from small rocks, so
we removed filamentous algae samples from bedrock and cobbles.

We varied the number of samples we collected for each producer and substrate as needed
to collect enough samples for multiple replicates under each light condition. The sampling
method was tailored to the bed substrate and followed the substrate-specific methods used by
Conn et al. (Ch.2). For small rock samples, we used a modified Surber sampler known as a t-
sampler (Wood et al. 2019) to collect surface gravel from a 102-cm? area of the streambed, either
with or without Podostemum (representing biofilm only), and placed the contents in a
polyethylene bag. We collected separate samples of Podostemum or biofilm-only small rocks

from both sunny and shady locations (i.e. the edges of the channel experiencing considerable tree
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cover during leaf-on and at least partial cover during leaf-off) of the downstream shoal. For
biofilm samples on sand and soft sediment (hereafter referred to as ‘soft substrate’), we used a
PVC pipe corer with an opening of 45-cm? to collect a sample volume of approximately 227-cm?
in a polyethylene bag. For filamentous algae samples, we used a razor blade to collect material
from either bedrock or cobble and then added a small amount of stream water to the polyethylene
bag. We placed all benthic samples in coolers for transport to the lab. We also collected stream
water from both above and below the first-order tributary in large, 20 L high-density
polyethylene carboys, which we covered with light-blocking polyethylene bags during transport.
Once at the lab, all benthic samples were placed in a refrigerator, and covered carboys were
placed directly into a dark, temperature-controlled room set to the temperature of the stream as
measured on the day of collection. All samples were refrigerated until the trials, which occurred
within 96 hours of the collection date.
Laboratory Experiment

Over a period of six days, we conducted trials within a light and temperature-controlled
laboratory at the University of Georgia in Athens, Georgia to evaluate the productivity rate of
each sample type (i.e. producer from different stream light environments and/or substrate, or
taxa) under a range of light conditions. We grouped trials into rounds of the same substrate or
producer, and prepared samples by round to minimize the time each sample spent unrefrigerated
and/or without stream water before the trials. To prepare soft substrate samples, we poured the
sample into a bucket, added stream water from a carboy, elutriated the contents, and then took at
least 20 subsamples with 60 ml brown (i.e. light blocking) high-density polyethylene bottles. We
collected one additional large subsample using a 1 L brown Nalgene, which we returned to the

refrigerator. We then took the small subsamples to the dark, temperature-controlled room
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(hereafter referred to as the ‘trial room”). For both filamentous algae samples, we took a portion
of algae from the stream water, removed any associated debris, and then separated out
subsamples (without water) for the trials, returning the remainder to the refrigerator. We took a
portion of rocks from each small rock sample bag, varying the amount of Podostemum for
Podostemum samples, and returned the remainder to the refrigerator.

While vial contents varied for the different rounds, the assembly process was largely the
same for producers on rocks and filamentous algae, and likewise for soft substrate and stream
water. Once in the trial room, we transferred each small rock sample or filamentous algae
subsample into a 30 ml glass vial and created sets of 6-8 vials. Just before we took initial
measurements, we filled each vial with stream water from a flask with a magnetic stirrer, which
constantly elutriated the contents to keep the stream water homogenized. For subsamples of soft
substrate and stream water, we first grouped empty vials into sets of 6-8 for a trial. We filled the
vials with the subsample just before we took initial measurements. For vials with stream water
only, we filled each from the flask with homogenized stream water, whereas for soft substrate,
we filled each vial from the 60 ml subsample bottle after inverting the bottle 2-3 times to
homogenize.

For each of the vials in a trial set (i.e. 6-8 vials experiencing the same light condition), we
started the trial before taking measurements of the next vial. We used a YSI 5010 Dissolved
Oxygen Instrument with a YSI 5100 BOD probe to take measurements of dissolved oxygen and
temperature. To take measurements, we inserted the probe, turned on the propeller, recorded the
time and the measurements of dissolved oxygen concentration (mg O L'!) and temperature (C).
We then topped the vial off with either stream water or diluted soft substrate, depending upon the

sample, and placed the vial into the water bath to begin the trial time. The water bath was set to
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the stream temperature as measured on the date of sample collection, and the light level at the
depth of the sample correlated to one of the following photosynthetic active radiation (PAR)
levels (umol m s7'): 0 (no light), 90, 224, 452, 941, or 1625 (full light). After an average of 31
minutes (median 30, range 29-40), we removed each vial from the water bath in the same order
they were inserted, recorded the time, and took a final measurement of dissolved oxygen and
temperature. All assembly and measurements began under red light, but once the lamps were

turned on for the trials, all samples in-wait or post-trial were covered with light-blocking plastic.

We created experimental light treatments by placing either 0, 3, 7, 11, or 16 sheets of
shade cloth between the water bath and a grow lamp, which was suspended at a constant height
(Image B1). The water depth was insufficient to include a light sensor in the water bath, so we
determined the light level experienced by the sample using the Beer-Lambert Law irradiance
attenuation equation with surface light measurements taken with a LI-COR sensor, turbidity of
the tap water within the water-bath equal to 0.14 NTU, and a sample depth of 2.54 cm (Equation

1). Dark light treatments were conducted without the use of the grow lamp.

Equation 1
PAR, = PAR, - eKa'?)
For calculating the underwater light level for each sample, where:

- PAR, = the light at the bottom of the water bath or river (umol photons m2s™).

PAR, = the measured surface light (umol photons m~ s') at the location of the

biomass sample

z = the water depth (m) of the biomass sample

K, = the diffuse attenuation coefficient (m™), calculated as:
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K; = 1.0+ (0.02 - NTU)
- NTU = the turbidity in Nephelometric Turbidity Units of the tap water or on the

day of the biomass sampling event

Laboratory Processing

We quantified biomass as ash-free dry mass (AFDM) rather than using chlorophyll a as
an indicator of photosynthetic activity because we ultimately wanted to express rates on a per-
mass basis (Bowden et al. 2017) for all producer types. We measured the volume of liquid (ml)
remaining in vials after the final measurements to use in calculating biomass of either seston or
soft substrate. For soft substrate and a select number of vials of seston, we then filtered the
measured liquid onto 0.7 um glass fiber filters (GFFs) to determine ash free dry mass (AFDM).
For vials with rocks or filamentous algae, we discarded the liquid after measuring the volume
and further processed the filamentous algae or producer material on the rocks or to determine
AFDM. If we could not process the rocks immediately following their removal from the vials,
we refrigerated them in polyethylene bags in the interim. To process rocks, we first removed any
Podostemum material with a razor blade and placed the material into a weigh-tin. We then
brushed and rinsed the rocks, collected the resulting slurries, which we filtered onto 0.7 pm
GFFs and placed in weigh-tins. For filamentous algae, we removed the algal material and placed
into weigh-tins. For soft substrate, we filtered the contents of the vial onto 0.7 um GFFs and
placed into weigh-tins. All weigh-tins were pre-ashed, and all GFFs were pre-ashed (i.e.,
combusted at 500° C) and pre-weighed. To determine a representative AFDM (g ml!) of seston
and soft substrate, we processed additional subsamples that were stored in the refrigerator. All
producer material was dry-weighed within the tins, combusted at 500° C, and reweighed to

determine AFDM (g for vial contents and g ml! for representative samples).
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Calculating Mass-specific GPP

We used the software R for all data preparation and analysis (R Core Team 2025). We
grouped producers into the following general categories: Podostemum, rock biofilm, filamentous
algae, soft substrate biofilm, and seston. We also conducted analyses with the producers further
separated into types: Podostemum on rocks from the shade, Podostemum on rocks from the sun,
rock biofilm from the shade, rock biofilm from the sun, filamentous green algae Rhizoclonium
sp., filamentous cyanobacterium Lyngbya sp., soft substrate (silt) from the shade, soft substrate
(sand) from the sun, downstream seston from July 29, upstream seston from July 29, and
downstream seston from August 3. To determine mass-specific producer productivity rates, we
first calculated the change in dissolved oxygen (mg O? L'! min-!) for each vial per trial. For vials
in the dark, this change was ecosystem respiration (ER). For vials under one of the five
experimental light conditions, this value was net ecosystem productivity (NEP). Whether the
functional rate of the vial was comprised of one or more different producers depended upon the
sample type. For instance, functional rates for vials of rocks with Podostemum was comprised of
contributions from Podostemum on the rock, biofilm on the rock, and seston from the stream
water versus soft substrate, which was comprised of biofilm from the soft substrate sample and
seston from the stream water used in dilution.

Once a change in dissolved oxygen was calculated for each vial per trial, vials from light
trials (i.e., NEP values) were matched with an appropriate dark trial (i.e., ER value). At least one
set of vials per producer type underwent a dark trial in addition to one light condition and
therefore had both an NEP and corresponding ER value. Our methodology is consistent with
Conn et al. (Ch.2) in that we assume soft substrate and stream water to be homogenized. Thus,

for soft substrate and stream water vials, once we had a set of vials that underwent a
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corresponding dark trial, we used the mean ER of those vials as the ER value for the vials under
the remaining light conditions. We then matched each rate with the appropriate producer masses,
at which point we separated out any biofilm and/or seston included in the vial to isolate the
producer of interest. For all vials except those containing soft substrate and stream water, AFDM
of the producer of interest was directly weighed from the vial contents. Per our assumption of
homogeneity, we used an average AFDM from representative subsamples for most stream water
vials and some soft substrate vials. However, when available, we used the most precise values
possible, regardless of the assumption of homogeneity. We then used Equations 2-5 to calculate
GPP for the producer of interest for each vial under a specific light condition.

Equation 2

(NEP —ER) XV
AFDM

GPPS:

For calculating GPP of seston, where:

- GPPs=mass-specific GPP contribution of seston for vial (mg O> g!' h!)

- NEP = A DO from light run of current vial (mg O, L'! h'!)

- V=volume of stream water collected from vial (L)

- ER = A DO from corresponding dark run of the vial or A DO from the dark run of
another subsample undergoing the same light treatment (mg O, L' h'!)

- AFDM= AFDM of seston taken directly from the vial or mean AFDM from
representative subsamples of the same sample scaled to the vial volume (g)

Equation 3

((NEP — ER) X V) — ((NEPs — ERs) X Vi)
AFDM,

GPPL ES

For calculating GPP of rock biofilm or filamentous algae, where:
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- GPP; = mass-specific GPP contribution of producer i for vial (mg O, g! h'!)

- NEP= A DO from light run of vial (mg O, L' h*!)

- V=volume of stream water collected from vial (L)

- ER = A DO corresponding dark run for vial (mg O, L' h'!)

- NEPs = Mean NEP for seston from the same stream water sample for the same light
treatment or NEP for seston from the stream water subsample undergoing the same
trial (mg O, ml"' h'!)

- ERs =Mean NEP for seston from the same stream water sample or NEP for seston
from the stream water subsample undergoing the same trial (mg O, ml! h'!)

- V= volume of stream water collected from vial (ml)

- AFDM,;= AFDM of the producer i (g)

Equation 4

— ((NEP — ER) x V) — ((NEPs — ERs) X P)
s AFDM — (AFDMj X P)

For calculating GPP of soft substrate biofilm, where:

- GPP = mass-specific GPP contribution of biofilm for vial (mg O, g! h'!)

- NEP = A DO from light run of current vial (mg O, L'! h'!)

- ER = A DO from corresponding dark run of the vial or A DO from the dark run of
another subsample from the same field sample (mg O, L' h'!)

- V=volume of stream water collected from vial (L)

- NEPs = NEP for seston from the same subsample undergoing the same trial scaled to
a vial or mean NEP for seston from the same stream water sample for the same light

treatment scaled to a vial (mg O> h'!)
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- ERs = ER for seston from the same subsample undergoing the same trial scaled to a
vial or mean ER for seston from the same sample under the same light treatment
scaled to a vial (mg O, h'!)

- P =proportion of stream water based on sample dilution

- AFDM= AFDM of biofilm and stream water taken directly from the vial or mean
AFDM from representative subsamples of the same field sample scaled to the vial
volume (g)

- AFDM;s= Mean AFDM of seston in a vial of the same stream water sample (g)

Equation 5

((NEP —ER) X V) — ((NEPgy4s — ERppys) X AFDMp,)

GPPpc =
i AFDMp,

For calculating GPP of Podostemum on rocks, where:

- GPPpc = mass-specific GPP contribution of Podostemum for vial (mg O> g'h'!)

- NEP = A DO from light run of vial (mg O> L' h'!)

- ER= A DO from corresponding dark run (mg O, L' h'!)

- V'=volume of stream water collected from vial (L)

- NEPg,,s = Mean mass-specific NEP for vials of rock biofilm and seston from the
same stream light environment under the same light treatment (mg O» g! h'!)

- ERg.s = Mean mass-specific ER for vials of rock biofilm and seston from the same
stream light environment (mg O g! h!)

-  AFDMp4 = AFDM of filtered biofilm from the vial (g)

- AFDMpc = AFDM of Podostemum picked off rock from the vial (g)
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Multiple vials with soft substrate and seston produced negative GPP values. There are multiple
scenarios that could result in negative values, the most likely of which are that the assumption of
homogeneity was invalid at such a small scale (i.e. averaged AFDM and/or ER was inappropriate) or
respiration increased under light. Some soft substrate and seston vials with exact measurements of
AFDM and/or ER (i.e. no assumption of homogeneity necessary) still produced negative values for
GPP, suggesting that in at least some cases respiration rates did increase under light. Because the
possible scenarios resulting in negative GPP values consistently require extremely low rates of
productivity, we considered the GPP rates in those vials to be negligible and replaced them with zeros
for further calculations.

We calculated a mean GPP from the individual vials (or averaged across samples, in the case of
soft substrate) of each producer group and type for each light treatment. We also calculated a mean GPP
per producer group and type across light treatments. For Podostemum and rock biofilm, the unit of
replication was an individual rock out of the many rocks from multiple field samples in a given stream
light environment. For filamentous algae, a replicate was a subsample from one of the two field samples
corresponding to either Rhizoclonium sp. or Lyngbya sp. However, each of the soft substrate field
samples — four from each stream light environment — was considered a replicate, thus soft substrate vials
were averaged by field sample before averaging by producer type or group.

Evaluating the Effects of Light and Producer Type on Mass-specific GPP

To evaluate the direct effect of varying irradiance and indirect, antecedent mediation of
stream light level on gross primary productivity, along with substrate and taxon, we conducted
ordinary least squares linear regression (Table 3.1). We predicted mass-specific GPP for all
producers by group or type and/or experimental light treatment (n = 121). We also conducted a

regression analysis for each producer group predicting mass-specific GPP by type and/or
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experimental light treatment (n ~ 30 per producer). For models predicting GPP by a producer
category and experimental light treatment, we included an interaction term. We ranked models
using the Akaike information criterion (AIC) (Burnham and Anderson 2002) and included all
models with A AIC <2 as “competitive models” for evaluating the role of the light and type. We
considered a predictor to be a significant driver of GPP when the variables were present in
competitive models. We also qualitatively assessed the shape of the relationship between
experimental light and mass-specific GPP for each producer group and type and compared the
magnitude and variability of GPP rates between producer groups or types at each light level.
Calculating Areal Productivity and Assessing Producer Contribution to
Segment GPP in the Middle Oconee River

To illustrate producer contribution to stream areal productivity, we calculated mean GPP
per producer(mg O> g'! h'!) per segment (i.e. upstream run or downstream shoal) over a three-
year period of variable flow conditions. We used biomass samples taken from the same stream
reach from 2016-2018 (Conn et al. Ch.2). To align the categories in the biomass study with our
producer types, we separated biomass of the producer biofilm into soft substrate biofilm and rock
biofilm, the latter corresponding to biofilm from bedrock, fixed rock, large removable rock, and
small removable rock. We assigned blocks 2-4 (central channel) of the biomass study transects
as representative of a sunny light environment and blocks 1-5 as representative of a shady light
environment (Figure 3.2). We excluded transect seven from the contribution illustration because
our sample collection occurred only in the run and downstream shoal. We also excluded
sampling events after July 2017 as no light measurements were available for the sample

locations. The processing notes from the biomass study indicated whether each filamentous algae
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sample was the chlorophyte or the cyanobacterium and later identified samples of both types as
Rhizoclonium sp. and Lyngbya sp., so we assigned them accordingly.

We assigned each sample to a light condition of either shade or sun, and calculated a
light level experienced by each sample using the Beer-Lambert Law irradiance attenuation
equation (Equation 5). Once a sample light level was calculated, we matched each biomass
sample to the mass-specific GPP rate corresponding to its assigned type at a light level that
was closest to the light level of the sample. This process included the following assumptions:

- Mass-specific GPP rates assigned to each producer group and type remain
representative over time even with potential changes, such as community composition
or producer quality

- Mass-specific GPP rates on small rocks are the same as for larger hard substrates

- Mass-specific GPP rates are the same in both segments

- All samples within blocks 1 and 5 of the biomass study are shaded

- Instantaneous light levels measured at the biomass sample location are representative

of the location’s general light conditions over time

After each sample was assigned a mass-specific productivity rate (mg O, g! h'!),
we calculated an areal productivity rate (mg O, m™ h'!) and converted the rate into g C m™
day™! (Equation 6).
Equation 6
GPP; = (Rgpp - B) X CFygm X CFpq

For calculating sample GPP in g C m day!, where:

- GPP; = areal gross primary productivity (g C m2 day ")

- Rgpp = mass-specific GPP rate (mg O. g AFDM ' h™')
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- B =sample biomass (g AFDM m™)

- CF; g, = time and mass conversion factor, calculated as:

CF.. = 24hday™ _ 0.024
tme = 1000 mgg=t

- CFpo = metabolic conversion factor using a photosynthetic quotient (PQ) of 1.2 (Bott

2007) and calculated as:

12 g Cmol C*

CFpg = — = 0.3125
32 g O:mol O: = X 1.2 mol O2 mol C™*

After assigning each sample an areal productivity rate, we calculated a mean GPP (g C
m2 day ') per producer for each segment and a total GPP (g C m™ day™') per segment for each
of the 13 sampling events. We considered the proportion of total GPP from each producer’s
mean GPP as the ‘producer contribution’. We then quantified producer contribution to total GPP
relative to producer contribution to total AFDM (quantified as the proportion of total AFDM
from each producer’s mean AFDM), which we refer to as the ‘relative GPP contribution’

(Equation 7).

Equation 7

For calculating the relative GPP contribution for each producer, where:

GPP,
n

). G
j=1

Ci:



C;= relative GPP contribution for producer i

GPP;= Areal GPP (g C mday") of producer i

B;= Areal biomass (g AFDM m™2) of producer i

n
E GPP;= Total areal GPP of all n producers in the community
j=1

n
- z B;= Total areal biomass of all n producers in the community
j=1

We interpreted the relative GPP contribution in relationship to the 1:1 proportionality

line, where:

- C; > 1 indicates a disproportionately high functional contribution. The producer’s
contribution to stream GPP exceeds its structural presence.

- C; = 1 indicates a proportional functional contribution. The producer's contribution to
GPP is proportional to its structural presence.

- C; < 1indicates a disproportionately low functional contribution. The producer’s

contribution to GPP falls short of its structural presence.

For data visualization, we applied a log-plus-one transformation to the index value. This
transformation shifted the proportionality line from 1 to In(2) = 0.693. While the transformation
changed the numerical value, the conceptual meaning remained the same: values above, on, or
below the new line still indicated greater than, proportional to, or less than expected relative GPP
contribution, respectively.

RESULTS
We found that rock biofilm and filamentous algae had consistently higher mass-specific

GPP than Podostemum and soft substrate biofilm across all light levels, while seston was highly
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variable (Figures 3.2, 3.3, B1). When producers were separated by type, Podostemum and soft
substrate biofilm’s GPP remained substantially lower than that of rock biofilm, filamentous
algae, and some types of seston across all light levels (Figures 3.4, 3.5, B2). We found that an
interactive effect of experimental light level and producer type was the best predictor of mass-
specific GPP for global models — benthic producers and all producers (i.e. including seston) —
and for all group-specific models with the exception of soft substrate (Table 3.2). Patterns for
mean areal GPP were reversed for some producer groups relative to patterns for mean mass-
specific GPP, especially when rates were separated by segment, and on average, the lower shoal
was more productive than the run (Table 3.3).

Mean mass-specific GPP varied across light levels within and between producer groups
(Figures 3.6-3.11). While Podostemum and rock biofilm producer groups exhibited positive
GPP-PAR relationships, mean GPP decreased under full light conditions for samples from the
shade while consistently increasing with PAR for samples from the sun (Figures 3.6 and 3.7).
For both groups, samples from the sun exhibited higher maximums of mean GPP, consistently
elevated values across all light levels, and stronger positive relationships with PAR (Figures 3.6
and 3.7). The filamentous green algae Rhizoclonium exhibited a similar GPP-PAR relationship as
Podostemum and rock biofilm from the sun, while the filamentous cyanobacterium Lyngbya was
similar to Podostemum and rock biofilm from the shade (Figure 3.8). However, the contrast
between Rhizoclonium and Lyngbya was more pronounced. Rhizoclonium had substantially
higher mean GPP values, reached its maximum at higher PAR levels, and showed greater
variability around the means compared to Lyngbya. In contrast, soft substrate biofilm and seston
producer groups both exhibited negative GPP-PAR relationships (Figures 3.9-3.11). For soft

substrate biofilm, this negative GPP-PAR relationship occurred across all stream light
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environments/substrates (Figure 3.9). For seston, the negative GPP response to PAR was
variable across producer types (and/or subsets). Some types, such as August downstream seston,
exhibited a positive relationship, and the magnitude of the means and PAR level at which the
maximum occurred also varied across types (Figure 3.10 and 3.11).

The top model for Podostemum and rock biofilm included an interaction between PAR
and the stream light environment while the top model for filamentous algae included an
interaction between PAR and taxon. The top model, and only competitive model, for soft
substrate excluded PAR. Soft substrate biofilm was best predicted by stream light environment,
which was associated with substrate. While the top model predicting seston included an
interaction between PAR and the sample type, the models predicting GPP by stream position and
collection date were also competitive (i.e., within 2 AIC of the top model). Rock biofilm was the
only producer group with a top model with an explanatory power above 50% (Adj. R? = 0.63),
though both global top models had an explanatory power near 40% (Adj. R? = 0.37 for all
producers and 0.41 for benthic producers) (Table 3.2). All other top models had an explanatory
power of less than 25% with soft substrate biofilm being the only producer group with a top
model with less than or equal to 10% (Adj. R? = 0.24 for Podostemum, 0.23 for filamentous
algae, 0.10 for soft substrate and 0.15 for seston).

The ranking of producers by areal GPP was largely opposite the ranking of producers by
mass-specific GPP, which also differed between segments (Table 3.4). Soft substrate, which had
the lowest mass-specific GPP and areal GPP in the lower shoal, had the highest areal GPP in the
run. Similarly, Podostemum, which had the second lowest mass-specific GPP, had the highest
areal GPP in the lower shoal and the reach as a whole. Filamentous algae, which had the highest

mass-specific GPP, also had a relatively high areal GPP rate— the second highest areal GPP in
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the run and the reach as a whole while never ranking the lowest. The disparity between mean
productivity rates, as measured by the normalized range ratio, was smaller for overall areal GPP
than mass-specific GPP (1.08 and 2.14 respectively). However, when areal GPP was considered
by segment, the disparity between the highest and lowest productivity rate was larger for lower
shoal areal GPP than mass-specific GPP (2.14 to 2.69 respectively).

When areal GPP was calculated for the study section of the Middle Oconee River, rock
biofilm and filamentous algae demonstrated a consistently high relative GPP contribution across
sampling events and river segments (Figure 3.12). Filamentous algae, when present, typically
had the highest relative contribution of GPP. In contrast, soft substrate consistently had the
lowest relative GPP contribution, with only one data point near the proportionality line.
Podostemum’s relative GPP contribution varied across segments: it was lower (near or below the
proportionality line) in the lower shoal across sampling events, but more often high in the run,
though to a lesser extent than filamentous algae and rock biofilm.

DISCUSSION

Our results suggest that producers vary in their contribution to stream productivity,
reflecting differences in mass specific GPP-light relationships and in this system, biomass
dynamics driven by producer-specific responses to antecedent flow conditions. When producers
were grouped broadly by morphology and also when subdivided by stream light environment or
taxon, we observed contrasting responses to varying irradiance in terms of magnitude, direction,
peak, and overall shape of the photosynthesis-irradiance (PI) curve (e.g., saturation,
photoinhibition, continuous light-limitation). Overall, the differences between producers in GPP-
light relationships was consistent with expectations based on prior literature. Light availability in

the stream environment, in addition to irradiance, was an important predictor of overall mass-
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specific GPP and of mass-specific GPP for a particular producer group (with the exception of
soft substrate biofilm). Interestingly, when mass-specific GPP rates were incorporated into a
two-year biomass dataset, high mass-specific GPP rates did not correspond to high biomass, thus
productive capacity did not uniformly determine contribution to overall stream productivity.
Given the role of antecedent flow conditions in determining biomass patterns in this system and
the potentially disproportionate contribution of Podostemum to areal GPP, these results implicate
producer-specific variability as a mechanism by which overall stream function could be altered.
Determinants of Mass-specific GPP

While light is a fundamental requirement for photosynthesis, producers differ in their
capacities to convert light into energy (as measured by GPP). Consequently, there is no universal
optimal level of irradiance, nor a consistent relationship with irradiance for all producers to
maximize productivity (Yang et al. 2020). However, light availability is a consistent constraint of
GPP (Bernhardt et al. 2022). Further, greater specificity of benthic light conditions (i.e.,
factoring in light attenuation of incident surface light) can improve stream GPP predictions (Kirk
et al. 2021). Thus, while light availability is limited by the seasonal photoperiod and extent of
canopy cover, and then further decreases via water-column attenuation, our laboratory trials
indicate that producers also have fundamentally different capacities and limits to their
productivity. These relationships were not necessarily generalizable within a producer group. In
both global and group-specific regression analyses PAR and ‘type’ (representative of distinctions
in stream light environment or taxon) were important predictors of mass-specific GPP.

For both rock biofilm and Podostemum, stream light environment appeared to affect the
capacity to increase productivity with increasing irradiance, though more data, especially

additional light levels, is necessary to confirm these trends. Rock biofilm and Podostemum
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samples from the sun became more productive with increasing irradiance while samples from the
shade appeared to exhibit saturation and/or photoinhibition - reaching a maximum, after which
GPP leveled off or slightly decreased. For Podostemum, which was the only single-species
producer of the groups, samples from the sun are likely more indicative of an ultimate capacity
for GPP, but even so, these results suggest that responses to environmental disturbance, such as
decreasing riparian vegetation, could have short-term counterintuitive effects on stream
productivity (e.g., producers conditioned to shade may not capitalize on the increased light
availability).

Podostemum had lower rates of GPP than rock biofilm and filamentous algae across all
light levels, which is consistent with general expectations based on the physiology of vascular
plants in comparison to algae (Allan et al. 2021). For vascular plants, however, Podostemum is
highly productive, and we documented GPP rates much higher than those previously recorded by
Hill and Webster (1984) in the New River, VA. This is unsurprising given the relative lack of
macroinvertebrates or detritus on our small rock samples compared to the larger substrates used
in the Hill and Webster (1984) recirculating chambers, and to what is found in-stream in the
Middle Oconee River.

Filamentous algae exhibited a similarly divergent response to irradiance: Rhizoclonium
GPP exhibited no saturation while Lyngbya exhibited photoinhibition at higher irradiance. Given
their phylogenetic difference — Rhizoclonium sp. (Chlorophyta) and Lyngbya sp. (a filamentous
cyanobacterium) — it is not surprising that the two exhibited distinct responses to irradiance.
These results align with prior research showing that Rhizoclonium has a wide tolerance range of
light levels (Aroca et al. 2020) and Lyngbya an affinity for lower light (Bridgeman and Penamon

2010). Because some species of Lyngbya produce cyanotoxins (Carmichael et al. 1997,
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Lajeunesse et al. 2012), their ability to reach maximum GPP at a lower light level is uniquely
relevant to ecosystem and human health. While many filamentous green algae are adapted to
moderate-to high light conditions, Lyngbya may pose a health concern even under low light
conditions, such as streams where riparian buffers remain intact or their downstream reservoirs.
Interestingly, LeRoy et al. (2023) found that even dramatic alterations to canopy cover do not
necessarily shift stream algal species composition. For a species like Rhizoclonium, increased
light could release constraints and boost GPP, whereas for rock biofilms and Podostemum from
the shade, the initial response may be limited.

Soft substrate biofilm and seston were the only two groups to exhibit inverse
relationships with irradiance and also the two groups with the least predictive models. Soft
substrate biofilm was also the only producer group for which PAR was not in the top models
predicting mass-specific GPP. Prior research has documented lower rates of GPP in sand and
soft sediment in comparison to hard substrates (Hoellein et al. 2009) and attributed this reduction
to increased instability (Atkinson et al. 2008): fine sediments are commonly disturbed, even
mobile under low-flow conditions, and materials can be periodically, if not entirely, buried.
Marcarelli et al. (2015) confirmed that the lower rate of GPP in sand is due not only to lower
standing stocks, but also lower productivity rates. The only predictor in the top model for sand
and soft substrate, stream light environment, was also associated with substrate — sand in the sun
vs. silt in the shade. While biofilms from both sand and soft sediment consistently had low GPP
rates in comparison to other producers, our findings are similar to those of Hoellein et al. (2009)
who found that sand had higher GPP rates than that of fine benthic organic matter (FBOM).

While FBOM refers specifically to the organic matter, it is typically associated with silt over
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sand and our silt samples had a higher mean g AFDM ml! than that of sand samples, though
more data would be needed to confirm this trend as £1 SD ranges overlapped.

In contrast to soft substrate, the negative overall relationship between seston and PAR
did not hold for all types —individual samples varying in both date and location relative to the
first-order tributary. Samples exhibited differences in magnitude, light level at which maximum
occurred, and the overall direction and shape of the relationship. Depending upon the light level
and sample, seston samples exhibited low to no GPP as well as high GPP, with the GPP of
certain samples occasionally surpassing even the GPP of filamentous algae, and at other times on
par with both rock biofilms and/or filamentous algae. These findings are simultaneously
consistent with the Conn et al. (Ch.2) biomass study where no detectable Chl-a was found in the
water column of the same study reach, and the findings of Reisinger et al. (2015, 2021) where
the water column was found to significantly contribute to ecosystem function, both stream
metabolism and nutrient uptake, in multiple mid-sized rivers. The potentially high magnitude of
seston GPP is also consistent with physiological differences between phytoplankton and other
benthic algae, such as a higher surface area to volume ratio (Steinman et al. 1992b, Lange et al.
2016). While the top model for seston included both PAR and sample, all single predictor
models describing the attributes of the sample (i.e., sample, collection date, and stream position)
were competitive. Interestingly both downstream locations had an overall positive relationship
with PAR, though considerable variation in magnitude. These differences between samples are
likely indicative of the high turnover rate of suspended producers in the water column and given
that the two samples exhibiting a positive relationship were downstream, inputs from the

upstream tributary.
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Producer Contribution to Stream Productivity and Potential Implications

Our primary producer groupings are coarse distinctions in morphology — vascular plants,
multicellular filaments, prostrate algal/microbial assemblages, or unicellular phytoplankton — and
associated substrate — hard, soft, or free-floating. These differences in growth form and
attachment to particular substrates (or lack thereof) reflect distinctions in localized habitats and
susceptibility to disturbance, which influence producer biomass and are also linked to
physiological determinants of productivity. For example, individual biofilm assemblages are
indisputably unique in their biotic constituents (Battin et al. 2016), and those on soft substrate are
particularly susceptible to flow disturbance in ways that differ from biofilms on hard substrate,
and both types distinct from mats of filamentous algae. Thus, while further subdivision based on
stream light environment or taxon might best predict the GPP-light relationship, the biomass of
many broader producer groupings can be reliably predicted by abiotic factors operating at larger
temporal and spatial scales.

General relationships between growth form and disturbance susceptibilities are relatively
established in the literature (Biggs and Thomsen 1995, Biggs et al. 1998, Riis and Biggs 2001,
2003b, Francoeur and Biggs 2006, Suren and Riis 2010), though seldom empirically validated
for a diverse producer community such as this, even less frequently at scales correlating to
environmental controls and/or management action. In this system, however, quantifiable
differences in the responses of these producer groups to antecedent high and low flow conditions
were documented in three years immediately prior to this study (Conn et al. Ch.2). This provides
a unique opportunity to assess the relative contributions of different producers to stream
productivity in the context of already established relationships with antecedent flow conditions

and with a producer of disproportionate ecological importance and conservation concern.
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When mass-specific GPP rates were incorporated into the two-year biomass data set from
the same river reach, areal GPP rates did not exhibit the same patterns across producers as mass-
specific GPP rates (i.e., the same producers that had high GPP did not have high biomass, and
vice versa). Our findings from the laboratory trials indicate that producers have distinct mass-
specific GPP, which for most broad groups and divisions of type, were relative to instantaneous
light availability. However, these small-scale laboratory trials did not incorporate the full range
of abiotic and biotic factors that are known to limit biomass accrual — herbivory, water column
attenuation (via water depth and turbidity), or hydrologic disturbance, for example (Francoeur
and Biggs 2006). In some instances, high production may be realized despite a lack of biomass —
herbivores can exert top-down control that limits producer biomass accumulation, yet carbon is
still transferred to the next trophic level, increasing biomass of consumers (e.g., Suren and Riis
2010). The decoupling of biomass and productivity highlights the importance of identifying the
physiological and ecological mechanisms through which producers differentially contribute to
stream productivity.

While rock biofilm and filamentous algae, and at some points seston, had substantially
higher rates of mass-specific productivity, Podostemum and soft substrate biofilm were the
overall two biggest contributors to stream productivity across time and space due to high
biomass (seston was not included in the comparison). Given this high GPP contribution despite
low productivity rates, soft substrate biofilm and to a lesser extent Podostemum were relatively
inefficient in their contributions: their influence was largely a factor of biomass accrual and not
high GPP. In contrast, rock biofilm, and especially filamentous algae (when present) had a high
relative GPP contribution: their contribution to stream productivity was disproportionate relative

to their contribution to overall biomass. Notably, Podostemum and rock biofilm consistently
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dominated different segments, and filamentous algae and Podostemum both experienced periods
of high biomass in the summer of 2016 while rock biofilm appeared to peak in the fall of 2016.
Together, these differences in relative GPP contribution imply that shifts in environmental
conditions — such as flow variability or disturbance — could have disproportionate effects on
stream productivity and ecosystem functioning, depending on which producer groups are most
impacted.

Given contrasting contributions, shifts in environmental conditions could influence
stream function via different pathways (i.e., producers), and different mechanisms (e.g., flow or
temperature acting on biomass and/or productivity). For example, in this illustration, increased
duration and severity of low flow events, which Podostemum is negatively affected by, could
have dramatic effects on stream metabolism given Podostemum’s disproportionate contribution
to GPP and to secondary production via the provisioning of complex habitat (Wood and Freeman
2017). Given the current conservation concern around Podostemum, this may be an increasingly
plausible scenario. While the resulting balance of changes to GPP and ER would ultimately
affect stream metabolism are outside of the scope of this study, given Podostemum’s
foundational role, the impact could be a fundamental shift across levels of production.

In contrast, increasing temperatures due to climate change could lead to even higher rates
of GPP in Rhizoclonium, and while some species of the genus are moderately palatable in small
amounts, herbivory decreases as dense algal mats form. This scenario is thus relevant to water
management, as the water quality of the stream and most especially downstream reservoirs can
be negatively affected if biomass accrues and the material is not consumed. Large amounts of

microbial decomposition can lead to hypoxia. Further, when the filamentous algae contain
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cytotoxins, increasing biomass presents additional health concerns for humans and wildlife
(O’Neil et al. 2012, Gkelis et al. 2014, Paerl 2017).

While these results are specific to the Middle Oconee River, and serve as illustrative
examples only, they highlight the importance of understanding the mechanisms underpinning
stream function. Our study contains various assumptions (see Methods) and is also limited by the
scale at which laboratory trials were conducted. Continued research is essential to predict how
dynamics such as decoupling of biomass and productivity, varying contributions of different
producers, and diverse environmental controls operate across scales and in different systems.
Experimental research examining the effects of localized stimuli on producer function already
exists in abundance for many taxa, as do in sifu mesocosms of assorted temperate benthic
communities, and high frequency stream metabolism data, which has been used to identify
environmental drivers of large-scale patterns in stream metabolism. Linking these scales offers
an opportunity to evaluate how these mechanisms propagate from local processes to overall
stream function. These linkages are critical for understanding stream ecosystem functioning

under increasing global change and in the context of different management strategies.
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TABLES
Table 3.1: Predictor variables for regression analysis of mass-specific GPP. PAR is a discrete numerical variable describing the
experimental treatment of the sample. All other predictor variables are factors describing the producer category or stream environment

of the sample. Collection date was only considered as a factor for water samples.

Predictor Variable Metric Description Unit Categories
PAR Photosynthetic active radiation level pumolm=s™ (1) PAR 90 (2) PAR 224 (3) PAR 452 (4) PAR 941
of experimental light treatment (5) PAR 1625
Producer General producer group of sample — (1) PC - Podostemum (2) BA — rock biofilm

(3) FA — filamentous algae (4) SS — soft substrate biofilm
(5) WC - seston

Type Specific subset of producer group of — (1) Podostemum from shade or (2) sun
sample (3) Rock biofilm from shade or (4) sun
(5) Filamentous green alga or (6) blue-green algae
(7) Soft substrate biofilm from shade or (8) sun
(9) Seston from above or (10) below tributary in July or (11)
seston from below tributary in August

Stream light for PC or BA  Stream light environment of sample — (1) Shade — river edge with tree cover (2) Sun — open-
canopy central channel

Taxa Taxon of filamentous algae sample — (1) Green alga Rhizoclonium (2) Cyanobacterium Lyngbya

Stream light for SS Stream light environment and — (1) Silt biofilm from shade (2) Sand biofilm from sun
substrate of biofilm sample

Sample Sample with unique stream position — (1) Upstream July seston (2) Downstream July seston
and collection date (3) Downstream August seston

Stream position In-stream location of water sample — (1) Upstream = above tributary (2) Downstream = below
relative to tributary tributary

Collection date Water sample collection date — (1) 29 July 2020 (2) 03 August 2020
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Table 3.2: Mean areal gross primary productivity (g C m-2 day-1) of segment total GPP,
producer mean GPP, and producer mean GPP by segment across 13 sampling events. Type is not
a producer category for areal GPP as it was used to assign the mass-specific GPP rate for the

calculation of areal GPP.

Mean  Standard

Level Segment Producer GPP  Deviation
Overall Segment Lower Shoal All 5.27 7.31 19
Overall Segment Run All 3.27 4.7 18
Overall Producer All Rock biofilm 271 4.56 37
Overall Producer All Filamentous algae 1.08 1.03 37
Overall Producer All Podostemum 1.27 3.79 37
Overall Producer All Soft substrate biofilm 1.06 2.4 37
Producer by Segment Lower Shoal Podostemum 5.23 5.43 19
Producer by Segment Lower Shoal Rock biofilm 1.45 1.14 19
Producer by Segment Lower Shoal Filamentous algae 0.96 2.55 19
Producer by Segment Lower Shoal Soft substrate biofilm 0.06 0.15 19
Producer by Segment Run Podostemum 0.19 0.13 18
Producer by Segment Run Rock biofilm 0.71 0.79 18
Producer by Segment Run Filamentous algae 1.57 4.81 18
Producer by Segment Run Soft substrate biofilm 2.05 3.13 18
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Table 3.3: All competitive models (AAIC < 2) predicting GPP (mg O2 g'! h'!) of all producers (i.¢., including seston), benthic
producers , Podostemum, rock biofilm, filamentous algae, soft substrate biofilm, and seston. ‘Type’ in the top models for all and
benthic producers refers to the specific distinction between subsets of a producer group. The specific Type variable for each producer

group is identified in the producer-specific models.

Competitive Models n ARdzJ PAR Range Type Range PA}I;a;;ype AAIC Avitc
All Producers 164
GPP ~ PAR + Type + PARXType 0.37 -0.012 0.039 -4929 11.388 -0.017 0.034 — 1.00
Benthic Producers 121
GPP ~ PAR + Type + PARXType 041 -0.001 0.039 -4917 5.096 -0.006 0.034 — 1.00
Podostemum 30
GPP ~ PAR + Stream light + PARxStream light 0.24 0.001 0.003 0.080 — 0.002 — — 0.61
GPP ~ PAR 0.16 0.002 0.002 — — — — 1.21  0.33
Rock Biofilm 30
GPP ~ PAR + Stream light + PARxStream light 0.63 0.005 0.019 0.814 — 0.014 — — 1.00
Filamentous Algae 29
GPP ~ PAR + Taxon + PARxTaxon 0.23 0.002 0.039 -3.351 — 0.037 — — 0.74
Soft Substrate Biofilm 32
GPP ~ Stream light 0.10 — — 1.806 — — — 0.66
Seston 43
GPP ~ PAR + Sample + PARXxSample 0.15 -0.012 0.008 -8.218 8.099 -0.020 -0.040 — 0.28
GPP ~ Stream position 0.07 — — -7.693 — — — 0.31 0.24
GPP ~ Collection date 0.05 — — 7.061 — — — 1.21  0.15
GPP ~ Sample 0.06 — — -9.936 -4.186 — — 142 0.14
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Table 3.4: Each producer’s mean mass-specific and areal productivity rates. Mean mass-specific GPP is in units of g C g *! day™! while
areal GPP is in units of g C m™! day!. Mass-specific GPP is the mean of samples across all experimental light treatments for a given
producer group. Areal GPP is the mean of means across sampling events for a given producer group. Type is not a producer category
for areal GPP as it was used to assign the mass-specific GPP rate to biomass data of the Conn et al. (Ch.2) study to calculate areal GPP.

Normalized range ratio: mass-specific GPP = 2.14, overall areal GPP = 1.08, run areal GPP = 1.65, and lower shoal = 2.68.

Producer Mass-specific  SD  Rank Reach SD  Rank Run SD Rank Lower Shoal Rank SD

GPP Areal GPP Areal GPP Areal GPP
Podostemum 1.42 1.03 3 2.71 456 1 0.19 0.13 4 5.23 1 5.43
Rock biofilm 6.15 5.24 2 1.08 1.03 4 0.71 0.79 3 1.45 2 1.14
Filamentous algae 10.31 15.42 1 1.27 379 2 1.57 4.81 2 0.96 3 2.55
Soft substrate biofilm 0.48 1.17 4 1.06 24 3 2.05 3.13 1 0.06 4 0.15
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FIGURES
Figure 3.1: Study site diagram (A) and corresponding aerial photo (B) of the Middle Oconee
River at Ben Burton Park in Athens, Georgia from the Conn et al. (Ch.2) study. This figure and
the following description (modified) were taken from the original Conn et al. (Ch.2) manuscript
to describe the data used in our assessment of producer contribution to productivity. A small,
run-of-the-river hydropower facility currently exists upstream, beyond the extent of the aerial
photo. The small brown square on river right of (A) indicates a municipal water intake facility
across from a first-order tributary, Hunnicutt Creek. Transects begin at the downstream end of
the reach with T1-T3 (lower shoal) below the tributary, and T4-T6 (run) and T7 (upper shoal)
above the tributary. Transect 7 was not used in our study. Inset indicates the sampling design for
each transect, stratified into 5 equal blocks with one randomly located, destructive sample (red
dots) taken from each block, which results in a total of 35 samples across the entire reach.
Shaded areas are assigned as B1 (river left) and B5 (river right), while sunny areas are assigned

as the central channel B2 — B4.
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Figure 3.2: Mass-specific GPP across producer groups. Boxplots display GPP (mg O> g h™)
for all light levels combined (umol photons m s™') using a discontinuous y-axis. The top panel
shows high-GPP values (190-200 mg Oz g' h™"), containing one filamentous algae outlier, while
the bottom panel displays the remaining data (0-50 mg O2 g™' h™'). Boxes represent the

interquartile range (25th-75th percentiles) with median line; whiskers extend to 1.5%IQR.
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Figure 3.3: Mass-specific GPP across producer groups by light treatment. Boxplots display GPP
(mg O:2 g h™') by experimental light treatment (umol photons m2 s™"). Boxes represent the
interquartile range (25th-75th percentiles) with median line; whiskers extend to 1.5%IQR.

Sample sizes ~ 30 = 2 for all groups except seston. Seston sample size = 43
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Figure 3.4: Mass-specific GPP across producer types. Boxplots display GPP (mg O2 g™' h™") for
all light levels combined (umol photons m™ s™") using a discontinuous y-axis. The top panel

shows high-GPP values (190-200 mg Oz g™ h™"), containing one Rhizoclonium outlier, while the
bottom panel displays the remaining data (0-50 mg Oz g h™"). Boxes represent the interquartile

range (25th-75th percentiles) with median line; whiskers extend to 1.5xIQR.
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Figure 3.5: Mass-specific GPP across producer types by light treatment. Boxplots display GPP
(mg O:2 g h™') by experimental light treatment (umol photons m2 s™"). Boxes represent the
interquartile range (25th-75th percentiles) with median line; whiskers extend to 1.5%IQR.
Sample sizes ~ 15 + 2 for all producer types. Corresponding Figure B1 displays mass-specific
gross primary productivity across producer groups by light treatment separated into high and low

GPP rates.
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Figure 3.6: Mean (left) and sample (right) mass-specific GPP (mg O? g"1 h™') by experimental
light treatment (umol m™ s™') for Podostemum by group and type. Type for Podostemum is
stream light environment — shade or sun. Left: Sample size for mean mass-specific GPP was
consistent between types and across all light treatments (n = 3), as depicted in column 2. Right:
Relationship between mass-specific productivity and experimental light treatment. Relationships
are projected from linear models predicting GPP by PAR for all Podostemum data (row 1) or
separated by stream light environment (rows 2-3). For both columns, shading indicates the
confidence interval. Corresponding Figure B2 displays mass-specific gross primary productivity

across producer types by light treatment separated into high and low GPP rates.
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Figure 3.7: Mean (left) and sample (right) mass-specific GPP (mg O? g"1 h™') by experimental
light treatment (umol m2 s™') for rock biofilm by group and type. Type for rock biofilm is stream
light environment — shade or sun. Left: Sample size for mean mass-specific GPP was consistent
between types and across all light treatments (n = 3), as depicted in column 2. Right:
Relationship between mass-specific productivity and experimental light treatment. Relationships
are projected from linear models predicting GPP by PAR for all rock biofilm (row 1) or
separated by stream light environment (rows 2-3). For both columns, shading indicates the

confidence interval.
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Figure 3.8: Mean (left) and sample (right) mass-specific GPP (mg O? g"1 h™') by experimental
light treatment (umol m2 s™') for filamentous algae by group and type. Type for filamentous
algae is taxon — Rhizoclonium or Lyngbya. Left: Sample size was consistent between types and
across all light treatments (n = 3) except for PAR 90, where one Rhizoclonium data point was
excluded, as depicted in column 2. Right: Relationship between mass-specific productivity and
experimental light treatment. Relationships are projected from linear models predicting GPP by
PAR for all filamentous algae (row 1) or separated by taxon (rows 2-3). For both columns,

shading indicates the confidence interval.
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Figure 3.9: Mean (left) and sample (right) mass-specific GPP (mg O? g"1 h™') by experimental
light treatment for soft substrate biofilm by group and type (umol m=2 s™"). Type for soft substrate
biofilm is stream light environment, which was associated with substrate — silt from shade or
sand from sun. Left: Sample size for mean mass-specific GPP was consistent between types and
across all light treatments (n = 3) except PAR 1625 — full light — where one additional data point
is included per type, as depicted in column 2. Silt biofilm from the shade produced negative
values (which were zeroed) for PAR 452, 921, and 1625. Right: Relationship between mass-
specific productivity and experimental light treatment. Relationships are projected from linear
models predicting GPP by PAR for all soft substrate biofilm (row 1) or separated by stream light

environment/substrate (rows 2-3). For both columns, shading indicates the confidence interval.
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Figure 3.10: Mean (left) and sample (right) mass-specific GPP (mg O? g"1 h™') by experimental
light treatment (umol m2 s™') for seston by group and type. Type for seston is sample — unique
combination of collection date and stream position — July upstream, July downstream, August
downstream. Left: Sample size was consistent across all types and light treatments (n = 3) except
for PAR 1625, where July downstream seston only had one data point, as depicted in column 2.
Right: Relationship between mass-specific productivity and experimental light treatment.
Relationships are projected from linear models predicting GPP by PAR for all seston (row 1) or

separated by sample (rows 2-4). For both columns, shading indicates the confidence interval.
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Figure 3.11: Mean (left) and sample (right) mass-specific GPP (mg O? g"1 h™') by experimental
light treatment (umol m s7') for seston by group and subsets of date or stream position relative
to a first-order tributary. Type for seston is sample —July upstream, July downstream, August
downstream — which created two additional subsets — collection date (rows 2 & 3) and stream
position (rows 4 & 5). Left: Sample size was consistent across all subsets and light treatments (n
= 3) except for PAR 1625, where July downstream seston only had one data point, as depicted in
column 2. Right: Relationship between mass-specific productivity and experimental light
treatment. Relationships are projected from linear models predicting GPP by PAR for all seston
(row 1) or separated by collection date (rows 2 & 3) and stream position (rows 4 & 5). For both

columns, shading indicates the confidence interval.
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Figure 3.12: Areal productivity (g C m? day *!) (top), biomass (g AFDM m2) (middle), and
relative GPP contribution (bottom) across 13 sampling events in the Middle Oconee River.
Biomass data is from the Conn et al. (Ch.2) study. The relative GPP contribution (C;) is unitless
and log(1 + C;) transformed. The dashed line in the relative GPP contribution plot (bottom)
represents the proportionality line but at 0.693 due to the data transformation. If C; is above the
1:1 line, the producer contributes more to total community productivity than would be expected
based on its share of the total biomass. If C; is on the 1:1 line, the producer's contribution to total
community productivity is exactly proportional to its share of the total biomass. If C; is below the
1:1 line, the producer contributes less to total community productivity than would be expected

based on its share of the total biomass. Colors remain consistent across plots.
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ABSTRACT

Hydraulic models are integral to modern river management, yet determining the
appropriate level of representational and computational detail required to inform decision-
making remains a critical challenge. Using a site on the Middle Oconee River in Athens,
Georgia, we evaluated how key decisions in hydraulic model design (varying data input
resolution, sampling design, and dimensionality) and hydrologic representation (varying
hydrologic metrics) influence ecological inferences about fish habitat provisioning. To assess
these effects, we computed three habitat metrics representing ecologically-relevant habitat types
for focal fish taxa: total wetted habitat, proportion shallow-fast habitat, and a Shannon-Weiner
habitat diversity index. Higher resolution models consistently outperformed simpler models, but
the sensitivity of different habitat metrics to change in model complexity varied, influencing the
relative risk and value of the increased modeling investment. A complementary approach using
both time-weighted and targeted discharge statistics provided the most accurate and
comprehensive depiction of how streamflow variability affects habitat provisioning, although
targeted metrics alongside traditional central tendency statistics yielded substantial gains in
ecological insight. In this context, model complexity and hydrologic representation strongly
influenced ecological understanding for the less common shallow-fast habitat type. These results
underscore that the appropriate level of representational and computational detail should be
guided by the project objectives and risk tolerance; for sensitive or rare habitats, investing in
greater model complexity may be warranted to capture critical flow ecology dynamics.

INTRODUCTION

As water managers seek to balance societal needs and the requirements for aquatic

ecosystem integrity, they increasingly rely upon integrated modeling — a framework that

combines multiple models across disciplines and scales — to inform the decision-making
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process (Borsuk et al. 2004, Uusitalo et al. 2015, Larsen et al. 2016). Integrated modeling is
especially useful in the context of environmental flows (eflows) (i.e., the quantity, timing, and
quality of water flows required to sustain freshwater ecosystems and our reliance on them) as it
provides a formal structure for linking complex ecological and geophysical processes to allow
managers to forecast the ecological outcomes of potential eflow scenarios (Gregory and Keeney
2002, Addison et al. 2013, Davis et al. 2015, Dietze et al. 2018, Poff 2018, Harris et al. 2024).
However, while forecasting can decrease the uncertainty around the outcomes of different
management actions, accurately capturing real-world complexity can lead to increasing model
complexity, and with it, decreasing tractability (due to limitations in resources) and
interpretability (Turner and Carpenter 2017). For these reasons, model development often
presents challenging trade-offs between simplicity/complexity and resolution/accuracy (Larsen et
al. 2016). Thus, water managers must assess the payoff of a modeling investment relative to the
need for information, complexity, and/or confidence in predictions. Ideally, one would invest in
the least complex model to adequately capture ecological complexity and make the right
conclusions about the merits of water management actions (Uusitalo et al. 2015, Larsen et al.
2016, Turner and Carpenter 2017).

Complexity arises in multiple aspects of the modeling and interpretive process including
analytical methods (e.g., data and model resolution), physical processes (e.g., flow variability),
ecological outcomes (e.g., multiple species, multiple metrics), and management actions (e.g.,
extraction rates) (Richter et al. 2006, Poff et al. 2010b, 2016, Schultz et al. 2010). Each of these
aspects represents a decision point that affects key model attributes, as described by Shultz et al.
(Schultz et al. 2010) — the tractability, interpretability, specificity, and validation potential of

the model. For a model to be useful, it must not be so complex that it is too costly, and thus not
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tractable, or uninterpretable, and thus not useful in decision-making. However, it must be
complex enough to accurately represent the system or systems of interest, providing an
appropriate level of specificity, and to be reasonably validated. While the modeling process is
intended to decrease uncertainty around decision-making, each modeling decision-point carries
the risk of structural uncertainty, which could lead to inaccurate model predictions or the
accumulation of systematic error propagating through the model. Model evaluation, preferably
against real-world data, is an important tool for understanding and reducing structural
uncertainty, and validation potential scales with a model’s representational detail. As more
processes and patterns are represented, there is more opportunity to test the replication of those
processes and patterns (Larsen et al. 2016). These complex interactions between accuracy,
complexity, uncertainty, and risk underscore the need to understand how modeling choices affect
ecological inference. This information is crucial for both adequately managing decision
uncertainty (Uusitalo et al. 2015) and ensuring the resulting information is adequately salient
(i.e., relevant to the decision at hand) (Brauman et al. 2021).

In this study, we address how common aspects of model complexity interact and
potentially affect ecological inference about aquatic habitat provisioning. We do so by
constructing integrated hydraulic-habitat models of fish communities in response to variation in
stream flow. First, we examine the role of hydraulic model complexity on ecological inference
relative to fish habitat metrics. Second, we study how different approaches for assessing
hydrologic variability could alter understanding of habitat provisioning. These two aspects of
complexity (i.e., model and physical) often arise in environmental flow analyses, and we hope
this study helps managers prioritize investments in modeling to most effectively inform flow

management decisions.
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METHODS

We conducted two studies with data from a Piedmont river in the southeastern United
States to determine how ecological inference varies with hydraulic model complexity and
selection of hydrologic metric (Table 4.1). We used high resolution hydraulic models to predict
ecological outcomes for three fish habitat types: deep-fast, shallow-fast, and shallow-slow. In
study 1, we varied the data resolution (i.e., 5, 9, and 17 cross-sections), sampling design (i.e.,
evenly space vs. bed-slope stratified cross-sections), and hydraulic model resolution (i.e., one vs.
two dimensions) to assess the effect of model complexity on ecological inference. In study 2, we
varied the hydrologic metric (i.e., mean discharge, median discharge, annual 7Q10, annual 30Q?2,
and 30% of mean annual flow) and conducted an effectiveness analysis to assess the effect of
metric choice on ecological inference. We used R to compute habitat metrics and analyze

ecological outcomes in both studies (R Core Team 2022).

Middle Oconee River

The Middle Oconee River is a sixth-order tributary of the Altamaha River with a
watershed area of roughly 641 km? in northeast Georgia (Figure 4.1). While there are no major
impoundments within the main channel, there is an intake near Athens, GA for the off-channel
Bear Creek Reservoir, which provides municipal water for four surrounding counties. The
current water permit allows for a maximum water withdrawal of 60 million gallons per day
(MGD) (Georgia EPD Permit Number 078-0304-05) subject to meeting minimum flow criteria.
While withdrawal rates as of 2012 (Campana et al.) were typically less than 20 MGD, the
permitted rates represent a substantial portion of river flow with the proportion increasing
dramatically during the late summer months when discharge is at its lowest. A streamflow gage

downstream of the intake has provided discharge data for long-term streamflow monitoring since
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1938 (U.S. Geological Survey Gage number 02217500). Using the flow data and other
ecological field data, researchers have studied benthic communities and hydrologic patterns in
this river for more than 60 years (Nelson & Scott, Grubaugh and Wallace, Katz and Freeman,
McKay et al., Bhattacharjee et al, McDowell, Wood et al., Rack, Conn et al. Ch.2). Thus, the
Middle Oconee River provides a unique study site with a long-term flow record in a well-studied
ecological landscape. In addition, Bhattacharjee et al. (2019) measured channel geometry using
17 transects (Figure 1) over a 0.46 km reach of the river to model variation in water depths and
velocities in relation to discharge. This field data and a LIDAR model provided the basis for

assessing the effects of model complexity and hydrologic representation on ecological inference.

Study 1: Hydraulic Model Complexity

In Study 1, we addressed two research questions: (1) How does input data resolution,
sampling design, and hydraulic model dimensionality affect habitat outcomes? and (2) Does
model resolution change inference about the ecology of the system? To answer these questions,
we evaluated habitat outcomes for 10 steady-state hydraulic models, which varied in input data
resolution, sampling design, and dimensionality. Input data resolution refers to the use of 5, 9, or
17 cross-sections of elevational data (i.e., differences in sampling density), while sampling
design refers to the selection of evenly spaced or bed-slope stratified placement for the models
using 5 or 9 cross-sections. A 1-dimensional (1D) and a 2-dimensional (2D) model were
developed for each level of input data resolution and sampling design. We then computed three
habitat metrics — total wetted area, proportion shallow-fast habitat, and habitat diversity — for

all ten hydraulic models to evaluate the effect on habitat outcomes and ecological inference.
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Hydraulic Model Development

We first processed the topographic and bathymetric data collected for the hydraulic
models. We used a previously developed digital elevation model (DEM), converted from high
resolution LiDAR data collected in 2015, as floodplain topography. However, because traditional
LiDAR does not penetrate water, we developed a 2D representation of channel bathymetry from
surveyed channel cross sections. In 2013, Bhattacharjee et al. (2019) surveyed 17 cross-sections
along a 0.46 km study reach using an RTK-GPS. We merged these two data sets using a spline
approach to interpolate the measured cross sections, as illustrated by Merwade et al. (2008). The
resulting 2D representation was then mosaicked on top of the floodplain LiDAR raster dataset to
create a seamless DEM. The final 2D terrain surfaces have a spatial resolution of 4 ft (~1.22 m),
which is consistent with the LiDAR-derived DEM for the site.

We repeated this data merger and interpolation process to create four additional
bathymetric maps of the system, which varied the input data resolution to the hydraulic models.
For the first geometry, we removed alternating cross-sections until only 9 remained. For the next
geometry, we removed the same number of cross-sections but did so strategically, in areas with
the least change in bed slope (referred to here as bed slope stratified). For the third geometry, we
removed every third cross-section until only 5 cross-sections remained. For the final geometry,
we reduced input data resolution to 5 cross sections using the bed slope stratification method.
This process created 5 data resolution levels: 17 cross-sections, 9 evenly selected cross-sections,
9 bed-slope stratified selected cross-sections, 5 evenly selected cross-sections, and 5 bed-slope
stratified selected cross-sections.

Once the 5 geometries were developed, we conducted one- and two-dimensional steady

state simulations in HEC-RAS for each geometry (US Army Corps of Engineers 2019). We used

145



a steady state 1D HEC-RAS model previously developed by Bhattacharjee et al. (2019) based on
all 17 cross sections. Bhattacharjee et al. calibrated their model by iteratively adjusting the
Manning’s roughness value for the channel and floodplains for each cross section such that
model results matched observed water surface levels. We developed a steady state 2D HEC-RAS
model using the same roughness values as the calibrated 1D model at each cross section. For
each of the 10 simulations (5 geometries with both 1d and 2d runs), we conducted 79 steady-
state simulations for a range of flows between 0.28 m3/s to 566.33 m?/s (the range of observed
flows at the gage). Finally, we exported the resulting depth and velocity raster datasets from

HEC-RAS and classified them into categories as specified in Table 4.2.

Habitat Assessment

We used three ecologically-relevant habitat types developed by Bhattacharjee et al.
(2019) to evaluate ecological outcomes (Table 4.2). These habitat types, and their representative
taxa, correspond to fish habitat suitability criteria developed by Bain et al. (1995) and
subsequently used to evaluate habitat availability in relation to flow for southeastern US fishes
(Bowen et al. 1998). Notably, shallow-fast habitat is the rarest and supports a more speciose fish
assemblage, so any effects on shallow-fast habitat are considered of particular ecological interest.
Remaining habitat, designated as ‘other’, was incorporated into total wetted area estimates.

We calculated habitat area for the HEC-RAS depth and velocity raster datasets using the
‘raster’ package in R statistical software (R Core Team, 2019). For each depth dataset, we
classified pixels as either shallow or deep based on the designated habitat criteria value (Table
2). Similarly, each pixel in the corresponding velocity raster dataset was classified as either slow
or fast. Once the depth and velocity rasters were classified, we separated each class (i.e., shallow

vs. deep and slow vs. fast) into its own raster dataset such that cells meeting that criteria were
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assigned a value of 1 while those that did not were assigned a value of 0. Because habitat
suitability for a given representative species differs, deep-fast and shallow-fast habitat types have
different velocity threshold values and required the creation of two separate “fast” datasets for
each velocity dataset. We then added together the corresponding datasets (e.g., shallow-slow =
shallow + slow) to calculate suitability for each habitat type, which resulted in each cell having a
value of either 0, 1, or 2. Cells with a value of 0 represent pixels that contain neither
corresponding datasets while cells with a value of 1 contain only one of the datasets, and cells
with a value of 2 contain both of the corresponding datasets. We then reclassified the rasters such
that pixels with a value of 0 or 1 were listed as null. And finally, we calculated areas for each
fish habitat type using the ‘area’ function and calculated the total wetted area by adding the
remaining habitat categorized as ‘other’ with the total area of the three specific fish habitat types.

To evaluate ecological outcomes more thoroughly, we developed a Shannon-Wiener
habitat diversity metric using each habitat type as ‘species’, which provides a measure of how
wetted area is distributed between the different habitat types. We calculated dimensionless
diversity for each discharge using Equation 1.

Equation 1
5 = —z pijin(pij)
i

Where :
e ;= the Shannon diversity index at a given flow condition j
e ;= flow condition (specific discharge)
e [ = habitat type (shallow-fast, deep-fast, shallow-slow, other)

e p; = proportion of habitat type i t flow condition j
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The diversity index has a potential minimum of 0 when one habitat is present and all
others are absent and a maximum of 1.386 when all habitat types are equally represented. We
used the following bins to interpret the index:

e 0-0.5: Low diversity (one type dominates)
e (.5-1.0: Moderate diversity
e 1.0-1.386: High diversity (types are relatively even; theoretical max = 1.386)

We applied the ten hydraulic-habitat models over a range of river discharges to develop
habitat rating curves depicting the availability of each habitat type (e.g., Figure 4.2) and
established the highest resolution model as a benchmark (i.e., 2D-17XS model scenario). To
evaluate the effects of model complexity — dimensionality, sampling density (input data
resolution, sampling design (bed-slope stratification) — we calculated the percent difference of
habitat values at each discharge for all model scenarios (i.e. remaining 9 model scenarios) in
comparison to the benchmark. We assessed model performance for accuracy (systematic bias),
precision (prediction variability), error severity (magnitude of extreme deviations), and

discharge-specific error patterns (magnitude and distribution relative to discharge).

Study 2: Hydrologic Representation

Environmental flow analyses often center on a small number of streamflow targets such
as a minimum flow threshold or a central tendency statistic like a mean or median. Historically,
these flows are the focus of hydraulic simulations and other flows are neglected. In Study 2, we
asked how metric selection affects habitat outcomes and their resulting ecological implications.
We used the same three ecologically relevant habitat metrics developed in study 1 (total wetted
area, proportion of shallow-fast habitat, and habitat diversity) calculated from only the highest

resolution hydraulic model — the 2D HEC-RAS model developed with data from all 17 cross
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sections. In addition to evaluating habitat at specific discharge values, we conducted a
magnitude-frequency analysis to calculate a time-weighted average of habitat over the entire
range of flows used in study 1 (79 values between 0.28 m3s™! to 566.33 m?s!).

To evaluate how the selection of different stream flow metrics informs ecological
inference, we compared total wetted area, the proportion of shallow-fast habitat, and habitat
diversity at the following discharges: mean (4.75 m?s™!), median (9.91 m3s! with 10" and 90"
percentiles of 4.16 and 26.05), annual 7Q10 (1.27 m?s™"), and annual 30Q2 (4.39 m?s™"). All four
metrics are commonly used to provide environmental flow recommendations, i.e., target flows
used in environmental regulations (Richter et al. 1996, Annear et al. 2004, Risley et al. 2008).
While mean and median discharge are integrative metrics estimating typical flow conditions,
7Q10 (the lowest discharge that occurs over 7 consecutive days with a 10-year recurrence
interval) and 30Q2 (the lowest discharge that occurs over 30 consecutive days within a two-year
recurrence interval) are threshold metrics representing minimum flow tolerances. Because of the
differences in the recurrence interval, 7Q10 represents a rarer event (10% chance in a given year)
whereas 30Q2 is relatively common (50% chance of it occurring in a given year). Both of these
metrics have been used in the State of Georgia to regulate water withdrawal amounts (Peterson et
al. 2011, Gotvald 2017).

We then used a magnitude-frequency analysis to estimate the amount of habitat across
the entire range of the flow regime. We calculated a frequency distribution of all discharge
values (frequency curve in Bhattacharjee et al. 2019)(Figure 4.3) and a habitat rating curve for
all three habitat types from the HEC-RAS simulations. The product of the amount of habitat (i.e.,
magnitude) and probability of occurrence (i.e., frequency) provides a relative measure of the

time-weighted amount of habitat (i.e., the magnitude-frequency curve in Figure 4.3). The area
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under this curve is the total amount of a given habitat type provided by the entire flow regime
over the 60-year simulation period (Bhattacharjee et al. 2019). Unlike the other habitat metrics at
specific discharges thresholds, time-weighted average provides a measure of habitat that
incorporates duration. We extended the time-weighted approach by calculating habitat frequency
percentiles, which identify the smallest 10% (10" percentile) and largest 10% (90™ percentile) of
habitat areas regardless of discharge. This contrasts with flow exceedance percentiles, which
describe habitat conditions at specific discharge frequencies. We then evaluated hydrologic
metrics by assessing their: (1) redundancy or systematic differences in habitat predictions, (2)
complementary value, (3) differential sensitivity across habitat types, and (4) consequences for
environmental flow recommendations and associated management risks.

RESULTS

Two dimensional models performed better across all habitat metrics when ecological
metrics from alternative models were compared to those of the highest resolution model scenario
(2D-17XS) as a benchmark. One dimensional models were specifically more prone to extreme
overprediction (Figure 4.4). For all metrics and for all aspects of model complexity, the largest
model error consistently occurred at the upper and lower extremes of discharge (Figure 4.5).

For predicting total wetted area (Figure 4.4), model dimensionality appeared to affect
both precision & accuracy. When compared to 1D models, 2D models exhibited less median-bias
and thus more accuracy on average as well as less variability and fewer large errors, especially
those of more extreme overprediction. The most extreme overpredictions of 1D models occurred
at high flows (max = 31.20 % at 368.12 m? s™!) and the most extreme underpredictions at low
flows (max = 30.96% at 0.28 m? s’!) (Figure 4.5). In contrast, 2D models were most prone to

extreme underpredictions, which occurred at low flows (max of 29.05% at 0.28 m?® s™!), though
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there were 2D models that produced smaller overpredictions at low and high flows (max of 8.68
at 0.28 m? s!). For both 1D and 2D models, reducing sampling density increased median-bias
and variability, decreasing accuracy and precision. However, sampling design based on bed
slope stratification mitigated losses in accuracy and precision in both 1D and 2D models, though
it was not enough to overcome the increased errors of overprediction in 1D models (Figure 4.4).
Notably, the highest resolution model scenario (2D-17XS) estimated systematically more wetted
area than all other scenarios.

We found similar patterns in model performance predicting shallow-fast habitat (Figure
4.4). Again, dimensionality affected both accuracy and precision, with 2D models exhibiting less
median-bias and variability than 1D models. The 1D models exhibited a much greater tendency
toward over-prediction in comparison to 2D models, most notably extreme overpredictions with
decreasing sample density. For 1D models, overprediction was frequent across discharges, and
extreme overpredictions exceeded 400% difference from the benchmark at high flows (max =
418.76% at 283.17 m’s™") (Figure 4.5). However, the highest flows produced underpredictions in
the 1D model. Even among 2D models, decreasing data input resolution affected the median and
increased the risk of overprediction. For 2D models, stratification again reduced the effect of
changes to sampling density, decreasing the risk of overprediction. However, this did not occur
in 1D models. In fact, at some sampling densities, stratification appears to have compounded
existing model error, resulting in more median-bias, greater variability, and the extreme > 400%
overpredictions. Given the high percent differences from the benchmark, even for the second
highest resolution model (2D- 9XS Strat), this metric appears the most sensitive to model

simplification.
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While other metrics exhibited larger systemic bias (e.g., wider IQR or more extreme
outliers), the habitat diversity metric appeared to be the most difficult metric for models to
predict with precision across discharges. Regardless of any aspect model complexity, models
consistently produced both over- and under-predictions of habitat diversity across the range of
discharges. Similar to model performance with the other two habitat metrics, 2D models
predicted habitat diversity with greater accuracy and precision than 1D models, especially with
respect to overprediction (Figure 4.34). However, unlike with other habitat metrics, changes in
sampling density had no clear effect on either 1D or 2D models, nor did sampling design for 1D
models. In contrast, stratification improved the overall precision of 2D models, reducing the
variability around the mean, especially of overprediction, but it also introduced more extreme
underpredictions. Regardless of dimension, models under- and over-predicted diversity at high
and low flows. However, only non-stratified samples, both 1D and 2D, produced large errors at
low flows, which were underpredictions (max = 64.24% at 0.28 m® s™).

Using the highest model resolution (2D-17XS), we examined how the choice of
hydrologic metric could affect ecological inference. We computed habitat outcomes at common
discharge thresholds used in environmental flow assessment — central tendencies percentiles, and
low flow statistics — and compared the outcomes produced by those single-discharge metrics to
time-weighted habitat outcomes (Table 4.3). We found that the central tendency hydrologic
metrics — mean and median — provided similar estimates of total wetted habitat area as time-
weighted average. However, both mean and median overestimated the provisioning of the rarer,
shallow-fast habitat in comparison to the time-weighted average. For habitat diversity, median
and time-weighted average provided similar estimates, while the diversity estimate for mean was

lower, indicating a higher influence of lower diversity values at certain flow conditions.
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Proportion of shallow-fast habitat differed between flow percentiles and time-weighted
percentiles. The 10" and 90™ percentiles of discharge showed a decrease from low to high flow
(12.63% to 6.87%, respectively), whereas time-weighted percentiles showed the largest 10% of
the habitat proportion occurred at high flows (26.05 —356.79; Table 4.3). The median discharge
estimated a higher proportion (15.58%) than either flow percentile, revealing a unimodal
relationship between flow and shallow-fast habitat (Table 4.3). Further, the broad range of
associated high flows from the time-weighted 90 percentile suggests a more complex, multi-
modal relationship.

The habitat diversity estimate decreased from the 10" to 90 percentiles of flow (1.16 to
0.72, respectively) indicating a negative relationship with flow (Table 4.3). Similarly, the higher
habitat diversity estimate was associated with lower discharges in the time-weighted percentiles.
However, the habitat percentiles revealed a mismatch between habitat size and diversity: the
larger habitat (i.e., 90 percentile of habitat) was associated with the lower diversity estimate,
while the smaller habitat was linked to higher diversity.

The regulatory low flow metric 30Q2 uses a similar discharge threshold as the 101
percentile of flow, resulting in redundant values. In contrast, the 7Q10 metric represents extreme
low flow and produced lower values than the 10" percentile of discharge across all three habitat
outcomes. This indicates a continued decline in habitat quantity and diversity with more extreme
low flows (Table 4.3). The proportion of shallow-fast habitat appeared particularly sensitive,
with the estimate halving from 12.63 to 6.29.

DISCUSSION
Our findings illustrate that both hydraulic model complexity and hydrologic metric

selection can significantly shape ecological understanding, especially for sensitive and less
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common habitat types. Using the highest model resolution (2D-17XS) for the Middle Oconee
River as a benchmark, we found that increasing model dimensionality combined with targeted
field data collection strategies, such as stratified sampling, enhanced habitat predictions,
consistently reduced the risk of overprediction and proved especially critical for accurately
estimating certain habitat outcomes (i.e., proportion shallow-fast habitat). However, we found
distinct limitations of even the highest resolution model in accurately and precisely predicting
habitat provisioning under extreme low or high flows. In evaluating the outcomes from
hydrologic metrics that represent discharge in different ways, we found distinct benefits to using
time-weighted metrics, as well as complementary insights provided by targeted summary
statistics in the presence of a complex, non-monotonic relationship between flow and proportion
shallow-fast habitat. While these specific ecological responses to modeling choices are unique to
the Middle Oconee River in Athens, GA, the general patterns provide insight into how
differences in hydraulic model complexity and hydrologic representation may influence common
management decisions, such as environmental flow recommendations.

In Study 1, we found that greater model dimensionality and informed field data collection
(i.e. increased sampling density and transect stratification) improved model performance for all
three habitat provisioning outcomes: (1) total wetted area, encompassing all unique combinations
of water velocity and depth and thus habitat for all taxa, (2) the proportion of the less common,
and therefore potentially higher management concern shallow-fast habitat, and (3) the Shannon-
Wiener diversity index which quantifies the evenness and richness of hydraulic habitat types
provisioned for of associated taxa. While greater model complexity generally improved model
performance, there were instances in which increased data input resolution and/or stratification

offered little benefit (e.g., performance of all higher-sampling density models in predicting

154



habitat diversity), or even reduced model performance (e.g., 1D stratified models in predicting
the proportion shallow-fast habitat).

Overall, the metric total-wetted habitat was the least sensitive to variations in model
complexity, whereas proportion shallow-fast habitat was the most sensitive to changes. However,
across all configurations, 1D models exhibited a greater tendency toward overprediction, which
could potentially lead to underestimation of the ecological risk associated with lower eflow
thresholds (i.e., overestimating habitat provisioning at lower discharges). For total wetted habitat,
incorporating stratification across models mediated the effects of decreased cross-section density
(i.e., reduced data input resolution). However, when predicting the proportion of shallow-fast
habitat, this same method introduced extreme overpredictions. Given that water managers are
likely to prioritize the protection of this rarer habitat type, the results illustrate a case where
investing in greater model complexity may be justified to obtain a more representative depiction
of habitat provisioning to inform flow recommendations. An important distinction involves the
risks posed by overpredictions, which are an essential consideration in water management
because they help determine the appropriate ‘Level of Effort’ (LoE), including whether greater
or reduced investments, including modeling investments, are justified (Schultz et al. 2010, Harris
et al. 2023). Prior research confirms that shallow-fast habitat specifically is associated with
higher risk in regard to models overpredicting available habitat due to ecological dynamics —
predation and competition (Hayes et al. 2009).

Though total-wetted habitat estimates were affected by modeling decisions, the
ecological consequences under non-extreme conditions (e.g., little habitat available to any taxa)
are not as clearly interpretable as with specific habitat types. This demonstrates that the choice of

ecological metric, alongside model complexity and hydrologic metric selection, determines how
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salient a model is: whether the information produced is relevant to decision-makers (Brauman et
al. 2021). If a hydraulic model were used to provide information about biota not specialized to
depth-velocity combinations, then perhaps a general habitat metric might provide sufficient
ecological insights to management recommendations such as eflows. Harris et al. (2023)
specifically state that many restoration applications only require lower LoE, which encompasses
both model inputs and ecological outcomes. However, whether a general habitat parameter could
lead to ecological insights would likely depend upon the associated level of model complexity.
In a case study of the Rio Grande, Harris et al. (2024) found a simple ecological metric (i.e., total
area) offered minimal insight into habitat provided to the Silvery Minnow with 1D models, but
the value was improved with higher model complexity. However, the overall results of their
study suggest such an investment in model complexity is better applied to more affirmative
ecological outcomes.

While it is important to know how model complexity affects ecological outcomes, these
effects don’t guarantee meaningful differences in management action. For example, in Study 1
our 1D models overestimated shallow-fast habitat, but if the discrepancy in habitat provisioning
were not enough to warrant a change in management (e.g., water withdrawal strategy), there
would be no practical effective gain from the investment in complexity. While this is knowledge
gained in hindsight, considering the scale of the ecological response relative to the thresholds of
management actions can indicate the level of accuracy and precision (representative detail)
required from the model. Further, quantifying the level of uncertainty in the modeling process
can also indicate whether model performance lies within an acceptable range. Given acceptable

model performance, incorporating uncertainty quantification, such as sensitivity analysis, offers
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a cost-effective way to improve decision-making in environmental flow management without
increasing model complexity.

To effectively use habitat information for water management decision (e.g., eflow
determinations), decision-makers must identify which aspects of the flow regime to manage: a
choice that depends heavily on the specific hydrologic metrics selected to characterize the
regime (McKay et al. 2016). Natural flow regimes are dynamic, and prior research indicates that
managing multiple aspects of the natural hydrograph is necessary to maintain the structure and
function of aquatic ecosystems (Poff et al. 1997b). It has long been established that not all flow
events are equally relevant to the ecology of the system and that magnitude and frequency,
specifically, are important aspects of flow to characterize to understand the ‘effective’ impact on
a system (Wolman and Miller 1960). Effectiveness analysis offers a method for incorporating
frequency and magnitude into the assessment of habitat provisioning (McKay et al. 2016,
Bhattacharjee et al. 2019). Thus, in Study 2, we included time-weighted metrics derived from
effectiveness analysis (i.e., magnitude frequency analysis) to examine how hydrologic
representation shapes the ecological information available for interpretation.

We found that that time-weighted statistics provided the best understanding of typical
provisioning of the less-common, shallow-fast habitat and of habitat diversity. However, a
complementary approach, capturing the effects of both general and specific aspects of the flow
record, provided the most thorough understanding of ecological outcomes, given the presence of
a complex flow ecology relationship. While using time-weighted average offered little
improvement in estimating total wetted habitat, it produced a more accurate estimate of the
proportion of shallow-fast habitat, avoiding the overestimation associated with both mean and

median metrics. Given the high likelihood that this habitat is a conservation priority, using a
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time-weighted average could reduce uncertainty and the associated risks around the effects of
eflow decisions by ensuring that they do not underestimate the amount of shallow-fast habitat
provided.

None of the central tendency statistics revealed the nonlinear relationship between the
proportion shallow-fast habitat and flow, nor did the use of flow or habitat percentiles alone,
regardless of how flow variability was incorporated into the statistics (i.e., time-weighted vs.
specific discharge thresholds). This relationship was most fully characterized by a
complementary approach, using the central tendency statistic median and both time-weighted
percentiles and percentiles of specific discharge thresholds. Using the 10" and 90™ flow
percentiles alongside the median indicated a unimodal relationship as habitat was higher at the
median than at either percentile. However, adding the time-weighted percentiles revealed that it
was a multi-modal relationship as the 90" percentile of habitat occurred at higher flows than the
peak at moderate flows. The use of one or the other percentiles (flow or habitat) would result in
opposite ecological inferences (shallow fast decreases vs. increases, respectively, with increasing
flow), while central tendency statistics alone could result in an overprediction of the proportion
of shallow-fast habitat. Thus, a simple approach to characterizing the flow-ecology relationship
could result in inappropriate eflow determinations. While the habitat outcomes and associated
management risks of this relationship are specific to the Middle Oconee River, complex
relationships are characteristic of ecological systems (Larsen et al. 2016, Dietze et al. 2018).

Notably, the time-weighted percentile statistics (i.e., 10% smallest amount of habitat),
may be a simple method to assess habitat bottlenecks for populations that are habitat-limited.
Similar to the concept of ecological bottleneck (Wiens 1977), a habitat bottleneck is as a

limitation in critical habitat for one or more life stages that ultimately affects the adult population
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level (Bovee et al. 1998). Where static hydraulic models fail to account for how habitat
suitability changes through time, Stalnaker et al. (Stalnaker et al. 2017) highlight that by
incorporating time (via hydrology data), an effective model can assist in identifying these
bottlenecks.

Our findings from Study 2 also highlight the importance of selecting discharge metrics
with ecological specificity. Targeted metrics reveal nuanced aspects of flow regimes that general
statistics often overlook. For instance, low flow metrics like 7Q10 and 30Q2, both with
regulatory relevance, capture different dimension of hydrology. 30Q2 reflects more frequent,
seasonal low flows that indicate typical stress tolerance, whereas 7Q10 measures infrequent but
extreme low flow events which likely exceed the stress tolerance of biota and lead to detrimental
effects. Consequently, a conservative approach to eflows, perhaps in a system with a threatened
habitat and/or species, may rely on metrics capturing extreme events, while typical stress-range
metrics might be sufficient for setting minimum flows. This underscores the need for alignment
between modelers and decision-makers regarding which ecological aspects to capture and the
importance of metric interpretability.

Despite the site-specific nature of these studies, our findings provide important
considerations in determining the most appropriate modeling approach. While greater
complexity and the selection of many metrics could provide the most accurate and/or thorough
understanding of an ecological system and the subsequent responses to different management
scenarios, there are often serious management constraints — limited financial or computational
resources or barriers to communicating complex modeling outcomes, for instance — that shape
the feasibility, or tractability, of the modeling approach (Addison et al. 2013, Larsen et al. 2016).

For example, Study 2 included only a few hydrologic metrics when, by 2003, 171 metrics were
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already available (Olden and Poff 2003), and by 2017, that number had grown to at least 612
(Eng et al. 2017). Running hundreds of discharge metrics through even the simplest of
hydrologic models could easily surpass the computational capacity available for the study,
posing a significant constraint for groups with limited resources. Our findings suggest that
targeted metrics, such as 7Q10, which requires only the historical flow record and simple
calculations, provide increased ecological insight that is typically associated with increased
computational power. Indeed, the capacity for specific ecological insight, has led to the
regulatory use of this metric in setting minimum flow requirements, such as monthly minimum
flows (mMFLs) associated with 7Q10 for withdrawal strategies. (Novak et al. 2016). However,
researchers note the limitations of these metrics, citing a lack of evidence that they adequately
protect stream life, such as fish assemblages (e.g., Freeman and Marcinek 2006), and have
provided more integrated alternatives such as the sustainability boundary approach — which
focuses on defining boundaries to efforts that are based on multiple aspects of the flow regime
(Richter 2010). This highlights, however, a fundamental need for a better understanding of flow
ecology relationship.

Increases in dimensionality or geo-physical data input cannot reduce uncertainty in
ecological phenomena the model is not including. Thus, gains in credibility due to the quality of
geo-physical data, model complexity, or post-processing analysis can be undermined by a lack of
ecological data in simple hydraulic models. For example, the ecological outcomes in our models
are proxies — water-depth and velocity combinations to represent ecologically significant habitat
and thus the presence of fish — but provisioning of habitat does not guarantee availability to fish
or healthy, productive populations. Decades of prior research in the same study reach has shown

that there are myriad fish-flow dynamics that we are ignoring: some fish exhibit resistance to low
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flow (Katz and Freeman 2015), and fish species richness can respond to water withdrawals
(Freeman and Marcinek 2006), for instance. Further, these simple hydraulic models seldom
integrate the energetics of the system, such as inputting data or using metrics describing basal
energetics, despite a wealth of prior research showing that basal resources can determine higher-
level trophic production, and those same resources are shaped by the hydrology of the system. In
the same study reach, prior research has shown that primary producer growth and population size
responds to low water velocity and discharges (Pahl 2009b, Wood et al. 2019) and that
antecedent conditions — both high and low flows- affect producer identity and biomass (Conn et
al. Ch. 2). These primary producers are both energy and habitat for the macroinvertebrates the
fish eat, or sometimes even the fish themselves. Thus, in addition to studying the effects of
varying geo-physical inputs and increasing complexity, we must also evaluate the direct and
potentially interactive effects of differentially incorporating ecological inputs: what trophic level
best represents the dynamic being investigated, are ecological proxies appropriate, is post-
processing validation with biological data possible?
CONCLUSION

The results of these two studies highlight the importance of creating a model that is
appropriate to the system being studied and the questions being asked. There is no one correct
level of complexity nor one best set of metrics. Determining the appropriate level of
representational and computational detail can be especially challenging with topics like eflows
because the information necessary to make decisions requires integrating knowledge and
expertise across disciplines with different modeling approaches. Researchers have developed
various frameworks to guide the development of models coupling ecological and geophysical

systems that include an evaluation of complexity (e.g., Larsen et al. 2016). In practice, balancing
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the need for representational and/or computational detail with tractability remains a central
challenge in environmental flow modeling. Our results illustrate that decisions about model
complexity and hydrologic representation should be explicitly guided by management objectives
and tolerance for ecological risk. Further, hydrodynamic complexity alone cannot resolve
ecological uncertainty, and continued research into ecological modeling inputs, especially around

basal energetics, needs to occur alongside other modeling considerations.
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TABLES
Table 4.1. Overview of the study designs evaluating the effects of hydraulic model complexity

and hydrologic representation on ecological inference.

Summary of

Study Research Question General Approach Resulis

1 How does ecological inference Three fish habitat metrics Figure 3
vary with hydraulic model computed from ten hydraulic-
complexity? habitat models of varying

resolution.

2 How does ecological inference Three fish habitat metrics Table 3
vary with hydrologic computed at common hydrologic
representation? summary statistics and time-

averaged through effectiveness
analysis.
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Table 4.2. Habitat suitability criteria and representative taxa (modified from Bain et al.
1995).Total wetted area comprises the three specific habitat types as well as all remaining habitat

categorized as ‘other’.

Habitat Type Water Water Representative Taxa
Depth Velocity

Deep - fast >35cm  >45cms!  Micropterus salmoides (largemouth bass)

Shallow - fast <35cm > 55cms!  Nocomis leptocephalus (bluehead chub)
Etheostoma inscriptum (turquoise shiner)

Shallow - slow <35cm <35cms!  Lepomis spp. (bluegill and sunfish)
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Table 4.3: Habitat outcomes derived from alternative indices that differentially incorporate flow

variability. Traditional discharge statistics calculate habitat at specific discharge thresholds,

while time-weighted statistics calculate habitat while accounting for the frequency of the

discharge.
) Total  Proportion Hablta}t
Associated Diversity
: : . Wetted  Shallow- .
Hydrologic Metric Discharge Metric
(m3sh) Area Fast (dimensionles
(ha) Habitat )

Traditional Metrics

Mean Discharge 14.75 1.29 14.95 0.97

Median Discharge 9.91 1.23 15.58 1.21

" . :

10™ Percentile of Discharge 416 1.10 12.63 1.16

(low flow)

90 Percentile of Discharge

(high flow) 26.05 1.41 6.87 0.72
Time-weighted Metrics

Time-weighted Average — 1.25 12.47 1.22

10™ Percentile of Habitat

(smallest habitat) 0.23-4.16 1.1 8.72 1.07

90 Percentile of Habitat 26.05 -

(largest habitat) 356.79 1.41 204 0.66
Regulatory Low Flow Metrics

Annual 7Q10 1.27 0.96 6.29 0.87

Annual 30Q2 4.39 1.11 13.01 1.19
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FIGURES
Figure 4.1: Map of study site on the Middle Oconee River at Ben Burton Park in Athens,
Georgia. Model cross sections (white lines) indicate the transects where bathymetric data was
collected directly from the Middle Oconee River. These cross-sections determined the input data
resolution. Elevational data depicted as a heat map are from a previously developed LiDAR-
derived digital elevation model of floodplain terrain modified to include a 2D representation of

channel bathymetry derived from transect data.
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Figure 4.2: Cumulative habitat rating curve for the two-dimensional, 17 cross-section (2D-
17XS) hydraulic-habitat model for the range of recorded discharges. Habitat rating curves were

developed for all 10 model scenarios. 2D-17XS is the highest resolution mode.
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Habitat Rating Curve for the 2D - 17 Cross-Section Model

Habitat (ha)
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0.05 0.10 0.50 1.00 5.00 10.0 50.0 100 500
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Figure 4.3: Conceptual depiction of magnitude frequency curve from Bhattacharjee et al.
(2019). The habitat rating curve describes the amount of habitat (i.e., magnitude) across different
stream discharges while the frequency curve indicates the frequency of the discharges. The
effectiveness curve integrates the two, indicating the amount of habitat experienced over time

given how often each discharge occurs.
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Figure 4.4: Effects of hydraulic model complexity on habitat modeling outcomes: total wetted
area (top), proportion of shallow-fast habitat (middle), and Shannon-Weiner diversity index
(bottom). Hydraulic model dimensionality is labeled as one- or two-dimensional (1D and 2D,
respectively). Input data resolution is expressed as the number of cross-sections in the hydraulic
model (i.e., 5, 9, or 17). Sampling design is shown as stratified by bed slope or evenly spaced.
Positive values indicate the model underpredicts relative to the benchmark; negative values
indicate overprediction. Each boxplot represents the habitat metrics computed for each discharge

executed in the models (i.e., 79 streamflow values).

172



Percent Difference from 2D-17XS Benchmark (%)

Total Wetted Area

201 : : : 3 ;
. : : : i
-301 i i :
Proportion of Shallow-Fast Habitat
1004 ! ! '
0+ - | ___ 1 ---- e c . I ___ ,.-__]_ l_]------l.-'_l_‘_ __________ o
B A |
-1001
-2001 5
-300
400+ : .
Diversity Index
604 :
40+ . ’ .
i
20+ :
. ]
—— - = =5 =
0+- E ] - e— B -y - -pPEmm—— . | -
1 |
-204 .
-40+ X . - : .
6@ o2 9‘@\ L (\_‘_“o %@ &2 e L
o v P N o S o
DY DY O N

Model Scenario

173

Stratification

E3 yes
E na
Ed no

Dimension

B 2D
E 1D



Figure 4.5: Distribution of model outliers (values beyond the 75" percentile) across the full
range of discharge (m? s!) in comparison to the 2D-17XS benchmark. Models are separated by
dimension (1D vs 2D; top panel) and stratification status (stratified vs non-stratified; bottom
panel). The dimension comparison includes all model configurations, while the stratification
comparison excludes the 1D-17XS model as there is no stratified counterpart. Positive y-values
(above the dashed line) indicate an underprediction; negative y-values (below the dashed line)

indicate an over-prediction.
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CHAPTER 5
CONCLUSION

As pressure on riverine ecosystems continues to increase, water managers are tasked with
balancing ecological integrity with societal demands for freshwater. The ultimate goal of my
research is to improve predictions of ecological responses to better inform those water
management decisions. To do so requires building a mechanistic understanding of the biotic
links between streamflow and stream function while also identifying reliable methods for using
that knowledge to inform decision-making. The contributions of this dissertation are twofold: (1)
filling an ecological knowledge gap by quantifying individual steps in the producer-mediated
pathway of streamflow affecting function and (2) filling a modeling knowledge gap by
evaluating how modeling decisions influence the uncertainty associated with predicting
ecological responses to streamflow.

Identifying existing flow ecology relationships is a key step in determining how
ecosystems will respond to future climate and management scenarios (Poff and Zimmerman
2010b). Palmer and Ruhi (2019) identify a critical point in this research as the ‘flow-biota-
ecosystem-process-nexus’. This term highlights the dual roles of ecological structure and
function as well as the dynamic, multi-directional nature of the three-way relationship. Primary
producer biomass represents a foundational metric of ecosystem structure — food and habitat to
other stream biota, while gross primary productivity is the critical function that structure
provides, and one inextricably linked to other ecosystem processes. In Chapter 2, I focused on

the first two elements of the nexus — antecedent flow conditions and primary producers. In
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Chapter 3, I connected the same primary producers to the third element of the nexus — the
process of primary production.

Our findings in Chapter 2 show that antecedent flow conditions, both high and low flows,
are strong drivers of the biomass and distribution of Podostemum ceratophyllum, biofilms
containing algae, and filamentous algae. The predictor variables we used to model primary
producer biomass represent unique combinations of the defining characteristics of a flow regime:
magnitude, frequency, duration, timing, and rate of change of discharge. By examining temporal
patterns in peak biomass, we found that sustained drought and floods had strong producer-
specific effects. Podostemum and filamentous algae benefited from longer periods of high flows,
while being negatively affected by low flows. In contrast, biofilm was the only group to be
positively affected by low flows. These results are consistent with other empirical studies
elucidating different bottom-up and top-down controls of producer biomass, such as water
velocity and herbivory (Peterson and Stevenson 1992, Rosemond et al. 1993, Wood et al. 2019).
Further, they provide empirical support for current theory which implicates differences in
organismal traits, largely growth form, as the determinants of producer-specific resistance and
resilience to disturbance (Biggs et al. 1998, Dodds and Biggs 2002, Schneck and Melo 2012,
Lange et al. 2016). Thus, our research identifies producer-specific responses to antecedent flow
conditions — shaped by distinctions in organismal traits — as an important mechanism occurring
in the nexus.

In Chapter 3, we found that the same primary producers, separated by broad distinctions
in morphology and associated substrate, varied in their mass-specific gross primary productivity.
Further separating the producer groups into types, based on stream light environment and/or

substrate or taxon, revealed distinct responses to irradiance: saturating, non-saturating, or
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photoinhibition. While the productivity rates of Podostemum, rock biofilm, and soft substrate
biofilm differed by sometimes orders of magnitude, samples of each producer group taken from
the sun, along with the green alga Rhizoclonium, exhibited a similar functional response: a non-
saturating relationship to light. In contrast, samples from the shade and the cyanobacteria
Lyngbya appeared to similarly exhibit saturation, if not photoinhibition. Soft substrate biofilm,
and some samples of seston, exhibited an overall negative relationship with light, though seston
was highly variable. In the context of the biodiversity ecosystem functioning framework, distinct
GPP-light relationships indicate the presence of functional diversity (Shahid and Justin 2003).
Further, similarities in GPP-light relationships of types across producer groups demonstrate that
it does not perfectly align with morphological or taxonomic diversity. Our research identifies
functional diversity as another important mechanism occurring in the nexus.

When Chapter 3 mass-specific productivity rates were combined with Chapter 2 biomass
data, the patterns in productivity rates did not match the patterns in biomass. Rock biofilm and
filamentous algae had a higher capacity for productivity than Podostemum and soft substrate
biofilm. However, Podostemum and soft substrate biofilm consistently dominated segments of
the stream reach (lower shoal and run, respectively). This decoupling of biomass and
productivity produces multiple mechanisms by which producers can affect stream productivity.
Podostemum, disproportionately contributed to areal stream productivity throughout the study
period due to high biomass, which we previously connected to a positive relationship to long
term high flows. In contrast, filamentous algae exhibited a high relative GPP contribution,
providing more to areal stream productivity than biomass alone would indicate, though only
periodically affecting total areal stream productivity due to periods of low or no biomass. Thus,

filamentous algae’s contribution was both a combination of producer-specific high GPP, which
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laboratory trials have indicated would only increase with increasing light availability, and
positive and negative relationships with high and low flow conditions, respectively, which we
previously connected to the patterns in biomass. These data illustrate the potential for fluctuating
stream productivity due to the combination of functional diversity and producer-specific
relationships to antecedent flow condition. While the addition of productivity data elucidated a
greater portion of the flow-biota-ecosystem-process nexus, it is pivotal that these illustrative
projections be empirically validated by connecting organismal GPP to community scale
productivity (Suding et al. 2008) as well as fully linking them to whole stream productivity
(Bernhardt et al. 2018).

Our findings from Chapters 2 and 3 provide a strong foundation for continued ecological
research into the flow ecology relationships that are needed to inform water management
decisions. This decision-making process increasingly relies upon integrated modeling, which
provides a formal structure for linking complex ecological and geophysical processes (Gregory
and Keeney 2002, Addison et al. 2013, Harris et al. 2023). This allows managers to forecast the
outcomes of potential scenarios, such as species abundance under different eflow strategies
(Gregory and Keeney 2002, Davis et al. 2015, Dietze et al. 2018, Poff 2018). In Chapter 4, I
focused on a current challenge in the modeling process: identifying how common aspects of
model complexity interact and potentially affect ecological inference about habitat provisioning.
While this chapter shifts from primary producers to fish habitat, we modeled the specific
streamflow-habitat scenarios in the same Middle Oconee system. Further, our findings provide
important insights for modeling the flow-biota-ecosystem-process-nexus.

We found that higher resolution models consistently outperformed simpler models,

especially for the less common shallow-fast habitat. We also found that a complementary
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approach using both time-weighted and targeted discharge statistics provided the most accurate
and comprehensive understanding of how streamflow variability affects habitat provisioning,
which was necessary to capture to the non-monotic relationship between flow and the shallow-
fast habitat. Model development often presents a challenging between simplicity/complexity and
resolution/accuracy (Larsen et al. 2016, Turner and Carpenter 2017), and these results highlight
that for sensitive, more rare ecological attributes (structure or function) the investment may be
worth it due to the increased risk associated with uncertainty (Schultz et al. 2010).

Podostemum ceratophyllum, whose habitat type generally corresponds to the rarer
shallow-fast habitat, presents a high-risk scenario due to its functional importance to both
primary (Conn et. al, Ch.2) and secondary production and current population declines (Wood and
Freeman 2017). Thus, inaccuracies in model predictions could disproportionately affect the
stream ecosystem. Current research indicates how important it is for the representational and
computational detail of a model to be informed by management objectives (Larsen et al. 2016),
yet simple hydraulic models fail to adequately capture the flow-biota-ecosystem-process nexus
Palmer and Ruhi (2019) describe as key to river management. These models often use proxies
for ecological outcomes (e.g., habitat provisioning for fish populations) and seldom consider
energetic processes, proxies or otherwise. As a foundation species with demonstrated flow-
ecology relationships, Podostemum ceratophyllum presents an opportunity to improve model
predictions of ecosystem processes.

Next Steps

Developing more effective approaches to protecting freshwater integrity is imperative.

My dissertation moves research forward in identifying mechanisms underlying the streamflow —

stream function relationship and considerations and potential leverage points in current modeling
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practices. However, this work has occurred in one, well-studied system: an aspect integral to
understanding the underlying mechanisms, but also a major limitation of their use. There remains
important links to identify and validate across both community and ecosystem scales. Integrated
modeling must also move forward in adequately capturing these mechanisms. This continued
movement will allow us to better understand, predict, and protect ecosystem processes under

increasing global change and management.
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APPENDIX A

CHAPTER 2 SUPPLEMENTARY MATERIALS

DATA AVAILABILITY

DOI for all versions of published primary producer biomass data: 10.5281/zenodo.16422069

Repository access: https://doi.org/10.5281/zenodo.16422069

Zenodo Version 1 Record Number 16422070
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SUPPLEMENTARY TABLES

Table Al: Comparison of river discharge from the USGS gage 02217500 during the historic
record (1929-2015) and the study period (Jan 2016 — Aug 2018). Units for flow are cubic meters
per second (m3 s—1). Daily flows are averaged for that calendar day over the years of the

timeframe summarized.

Description Histqric record Stufiy period
daily flows daily flows

Lowest daily minimum flow 0.11 1.19
Lowest 5th percentile of daily flows <091 <1.25
State-declared low flow* <1.28

Lowest 10" percentile of daily flows <142 <1.30
Lowest 25" percentile of daily flows <2.78 <147
Mean 50" percentile of daily flows 9.94 8.81
Mean daily flow 14.19 10.19
Highest 75" percentile of daily flows >29.68 > 66.69
Highest 95" percentile of daily flows >104.04 >128.98
Highest daily maximum 376.61 138.19

*This is set at the 7Q10 of a given river system, which is the lowest 7-day mean flow that
occurs, on mean, once every 10 years (United States Environmental Protection Agency

2009).
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Table A2: Occurrence and co-occurrence rates of larger producers and/or quantities out of 644

samples. PC = Podostemum ceratophyllum. FA = filamentous algae, including Rhizoclonium sp.

LM = Lemanea sp. PF = Potamogeton foliosus. BR = bryophytes. DI = diatom mass large

enough to be caught in sieve. These producers are categorized as macrophytes (Podostemum

ceratophyllum, Potamogeton foliosus and a third unidentified taxon), bryophytes (2 unidentified

morphotypes), filamentous algae (Rhizoclonium sp. and Lyngbya sp.), red algae (Lemanea sp.),

and biofilms containing green algae, cyanobacteria, and diatoms.

PC FA LM PF BR DI
n=2378 n =96 n=11 n=11 n=35 n=4
PC 0.85 0.18 1.0 0.4 0.75
FA 0.22 0.27 0.27 0.8 0
LM 0.003 0.03 0 0 0
PF 0.03 0.03 0 0 0
BR 0.005 0.04 0 0
DI 0.008 0 0 0 0
g)?:iﬂrrence 0.57 0.15 0.02* 0.02 0.008 0.006*

*LM is a cold-weather species & sampling only occurred during one consecutive winter and spring
compared to 3 summers and 2 falls. ** DI total is only of diatom quantities large enough to be caught in

a sieve.
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Table A3: Top models (AAIC < 2 and for hard substrate also R? > 0.25) predicting mean and maximum biomass of biofilm (Chl-a)
across the entire reach, on soft substrate (soft sediment or sand), and on hard substrate (small and large removable rock). Biomass is
measured as Chl-a per mg m-2. Timeframes: short-term (7d, 14d, 30d), mid-term (90d), long-term (180d). Predictor variables are

scaled, and dominant variables are in bold text.

High Flow High Flow Low Flow Low Flow

Top Models R?>  Coefficient Standard Coefficient  Standard  AAIC AlC
Estimate Error Estimate Error wi.
Biofilm (Chl-a)
mean ~ standard.spate.90 + x.low.90  0.88 -4.97 1.19 10.86 1.14 — 0.53
max ~ standard.spate.30 + x.low.90 0.86 -47.95 21.83 167.18 20.51 — 0.17
max ~ standard.spate.90 + x.low.90 0.86 -44.42 20.34 179.04 19.53 0.05 0.17
Biofilm (Chl-a) soft substrate
mean ~ standard.spate.90 + x.low.90  0.88 -8.63 2.27 20.47 2.18 — 0.49
max ~ standard.spate.90 + x.low.90 0.86 -45.46 20.27 179.40 19.46 — 0.18
max ~ standard.spate.30 + x.low.90 0.86 -47.70 21.96 167.67 20.63 0.28 0.16
Biofilm (Chl-a) on hard substrate
mean ~ standard.spate.180 + min.90 0.29 -2.40 1.01 -1.96 1.00 — 0.01
mean ~ standard.spate.90 + min.90 0.28 -2.18 0.94 -1.73 0.95 0.19 0.01
mean ~ X.high.180 + min.14 0.28 1.46 0.83 -1.85 0.88 0.32 0.01
max ~ x.high.180 + min.14 0.36 20.78 8.31 -18.88 8.79 — 0.03
max ~ x.high.180 + min.30 0.35 21.30 8.47 -18.82 9.04 0.26 0.03
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Figure Al: Monthly mean AFDM of seston and biofilm over time. Biofilm AFDM is a mean
across the entire reach and is measured in g m2 while seston AFDM is a mean of 2-3 grab
samples and is measured in g L'!. Regression of biofilm AFDM predicting seston AFDM: y =

0.001x + 1.9 (R? = 0.005, p-value = 0.79).
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Figure A2: Proportion of producer mean monthly biomass on each substrate type across the
entire reach. Biofilm Chl-a was not quantified for bedrock and fixed rock (*). Units for AFDM
are g m2 whereas units for Chl-a are mg m. Error bars indicate standard error of the mean of
monthly biomass (n = 18). BR.FR = bedrock or fixed rock, LR = large removable rock, SR =

small removable rock, SS = soft
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APPENDIX B

CHAPTER 3 SUPPLEMENTARY MATERIALS

DATA AVAILABILITY

DOI for all versions of published primary producer functional data: 10.5281/zenodo.17545386

Repository access: https://doi.org/10.5281/zenodo.17545386

Zenodo Version 1 Record Number 17545387

See Appendix A for published primary producer biomass data.

DOI for all versions of published whole stream functional and environmental monitoring data of

the study reach: 10.5281/zenodo.17612952

Repository access: https://doi.org/10.5281/zenodo.17612952

Zenodo Version 1 Record Number 17612953
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SUPPLEMENTARY FIGURES

Figure B1: Mass-specific gross primary productivity across producer groups by light treatment
separated into high and low GPP rates. Boxplots display GPP (mg O: g™' h™") by experimental
light treatment (pmol photons m2 s™'). Boxes represent the interquartile range (25th-75th
percentiles) with median line; whiskers extend to 1.5%XIQR. Sample sizes ~ 30 + 2 for all groups

except seston. Seston sample size = 43
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Figure B2: Mass-specific gross primary productivity across producer types by light treatment
separated into high and low GPP rates. Boxplots display GPP (mg O: g™' h™") by experimental
light treatment (imol photons m s™'). Boxes represent the interquartile range (25th-75th
percentiles) with median line; whiskers extend to 1.5xIQR. Sample sizes ~ 15 + 2 for all

producer types.
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SUPPLEMENTARY IMAGES

Image B1: Example water bath setups with shade cloths (left) for one of the four shaded light
treatments — PAR of 90, 224, 452, or 941 — and without shade cloths (right) for a full light

treatment — PAR of 1625.
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APPENDIX C

CHAPTER 4 SUPPLEMENTARY MATERIALS

DATA AVAILABILITY

DOI for continued versions of published data: 10.5281/zenodo.17613023

Repository access: https://doi.org/10.5281/zenodo.17613023

Zenodo Version 1 Record Number 17613024
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