
 

1 
 

Warming air temperatures alter the timing and magnitude of reservoir zooplankton 1 

biomass 2 

 3 

Heather L. Wander1*, Mary E. Lofton1, Jonathan P. Doubek2,3, Dexter W. Howard1, Matthew R. 4 

Hipsey4, R. Quinn Thomas ,5, Cayelan C. Carey1 5 

 6 

1Department of Biological Sciences, Virginia Tech, Blacksburg, VA, USA 7 

2School of Natural Resources, Lake Superior State University, Sault Ste. Marie, MI, USA 8 

3Center for Freshwater Research and Education, Lake Superior State University, Sault Ste. 9 

Marie, MI, USA 10 

4Aquatic Ecodynamics, Centre for Water and Spatial Science, UWA School of Agriculture and 11 

Environment, The University of Western Australia, Crawley, WA, Australia 12 

5Department of Forest Resources and Environmental Conservation, Virginia Tech, Blacksburg, 13 

VA, USA 14 

* Corresponding author 15 

 16 

Keywords: cladocerans, climate change, copepods, lake ecosystem model, plankton dynamics, 17 

rotifers, water quality   18 

19 



 

2 
 

Abstract  20 

Warming air temperatures are altering many physical, chemical, and biological processes in 21 

freshwater ecosystems. Process-based ecosystem models are important tools for predicting 22 

potential future changes to water quality due to warming by simulating complex ecological 23 

interactions. However, while previous studies have modeled climate-driven impacts on water 24 

quality (e.g., water temperature, dissolved oxygen, phytoplankton), few have included 25 

zooplankton, despite their critical role in freshwater ecosystems. Zooplankton functional groups 26 

can exhibit variable responses to warming temperatures, but the implications of these responses 27 

on freshwater ecosystems are not well understood. To understand the effects of warming on 28 

reservoir zooplankton and water quality, we configured and calibrated a process-based 29 

freshwater ecosystem model simulating three zooplankton functional groups and then applied 30 

multiple air temperature scenarios to explore ecosystem responses. We found that warming air 31 

temperature increased modeled rotifer biomass and decreased modeled cladoceran and copepod 32 

biomass. While the timing of annual rotifer peak biomass was not altered by warming air 33 

temperatures, annual copepod biomass peaks were delayed by 54-100 days within a year across 34 

warming scenarios. The timing of cladoceran biomass peaks was more variable in response to 35 

warming. Changes to the timing and magnitude of modeled zooplankton biomass were likely 36 

driven by changes in nutrients and phytoplankton, as we observed a trophic mismatch between 37 

phytoplankton and zooplankton biomass. These results highlight the importance of including 38 

zooplankton functional groups in process-based models when exploring the future effects of 39 

climate change on freshwater ecosystems, as changes in zooplankton communities can directly 40 

and indirectly alter ecosystem dynamics. 41 

 42 
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1. Introduction 43 

Ecological models are powerful simulation tools for understanding and predicting the 44 

effects of climate change on freshwater ecosystems (e.g., Andrade-Pereira and Cuddington, 45 

2024; Komatsu et al., 2007; Woolway and Merchant, 2019). Freshwater ecosystems are highly 46 

vulnerable to environmental change (Markovic et al., 2017; Williamson et al., 2008; Woodward 47 

et al., 2010) and serve as ideal cases for using models to disentangle the effects of climate 48 

change on complex interacting processes (e.g., John et al., 2021; Merz et al., 2023). In particular, 49 

ecosystem models that incorporate feedbacks between abiotic and biotic processes have proven 50 

useful for highlighting interactive effects of warming on physical, chemical, and biological 51 

components of freshwater ecosystems (e.g., Huber et al., 2008; Mooij et al., 2007; Zhang et al., 52 

2023a). For example, several studies have used ecosystem models to document oxygen 53 

depletion, decreased water transparency, higher surface nutrient concentrations, and increased 54 

phytoplankton biomass in lakes and reservoirs in response to warming air temperatures (e.g., 55 

Doan et al., 2015; Farrell et al., 2020; Jiménez-Navarro et al., 2023; Mooij et al., 2007). These 56 

studies provide valuable insight for understanding ecosystem responses to altered climate that are 57 

challenging to disentangle empirically. However, while there is an increasing number of 58 

modeling studies that have explored the effects of climate change on physical and chemical 59 

water quality variables and phytoplankton in lakes and reservoirs (e.g., Doan et al., 2015; Farrell 60 

et al., 2020; Jiménez-Navarro et al., 2023; Mooij et al., 2007), fewer studies have considered the 61 

role of warming temperatures on zooplankton communities (e.g., Rolighed et al., 2016; Zhang et 62 

al., 2022), and the subsequent interplay of food web processes that shape water quality.  63 

Including zooplankton in freshwater ecosystem models is crucial for understanding the 64 

full impact of warming temperatures on lake and reservoir dynamics. Zooplankton play critically 65 
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important roles in freshwater food webs, as they are the primary top-down control of 66 

phytoplankton biomass (Lampert et al., 1986; Mao et al., 2020), can regulate carbon and nutrient 67 

cycling (e.g., Bruce et al., 2006; Karpowicz et al., 2020; Li et al., 2014), and are overall 68 

important indicators of water quality (Jeppesen et al., 2011; Muñoz-Colmenares et al., 2021). 69 

Thus, because zooplankton are sensitive to changes in environmental conditions (Jeppesen et al., 70 

2011), altered zooplankton community composition and biomass due to warming likely has non-71 

linear consequences on overall water quality (e.g., Cousyn et al., 2001; Gannon and Stemberger, 72 

1978; Stamou et al., 2021). For example, shifts in zooplankton communities to favor smaller 73 

taxa, as has been observed in empirical studies in response to warming temperatures, can result 74 

in increased phytoplankton biomass because smaller zooplankton taxa are often less efficient 75 

grazers of phytoplankton (e.g., Cremona et al., 2020). Conversely, warming air temperatures can 76 

increase zooplankton feeding rates, further complicating food web interactions (e.g., Mckee and 77 

Ebert, 1996; Volkoff and Rønnestad, 2020). However, despite their importance, a review found 78 

that <1% (n = 2) of lake modeling studies that explored the effects of warming temperature 79 

scenarios reported zooplankton responses (Soares and Calijuri, 2021). The exclusion of 80 

zooplankton from the large majority of lake and reservoir modeling applications (but see 81 

Banerjee et al., 2016; Kerimoglu et al., 2017) represents a major knowledge gap, given the 82 

importance of zooplankton for regulating water quality, biogeochemistry, and other trophic level 83 

interactions (e.g., Bergström et al., 2021; Jansson et al., 2007; Jeppesen et al., 2011). 84 

The few studies that have examined the effects of warming temperatures on zooplankton 85 

dynamics in lakes and reservoirs to date have generally aggregated all zooplankton into a single 86 

functional group and focused on the effects of complex global change scenarios. First, 87 

aggregating into a single group can oversimplify complex ecosystem dynamics given the large 88 
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diversity of zooplankton functional traits which mediate how zooplankton respond to 89 

environmental conditions (e.g., differences in growth, predation risk, and feeding strategies; 90 

Barnett et al., 2007). Additionally, zooplankton functional groups have differential effects on 91 

water quality via variability in feeding rates and reproduction; therefore, simulating several 92 

zooplankton functional groups can provide a more holistic understanding of ecosystem-level 93 

changes (Hébert et al., 2016). Second, the majority of zooplankton modeling studies have 94 

simultaneously explored the effects of multiple climate and land use changes, such as warming 95 

air temperature, increased nutrient inputs, and increased water demand on total zooplankton 96 

biomass (e.g., Deng et al., 2024; Rucinski et al., 2014), which can result in complex responses by 97 

zooplankton to interacting environmental conditions. Aggregating across all zooplankton groups 98 

may mask responses of taxa to global change stressors, and complex global change scenarios 99 

often result in interactive effects on biological communities that are difficult to disentangle (e.g., 100 

MacDougall et al., 2018; Orland et al., 2019). Thus, examining the effects of global change 101 

stressors (such as warming temperatures) individually on multiple zooplankton groups in 102 

modeling studies is needed to provide a clearer understanding of how each stressor alone 103 

influences zooplankton community dynamics and, in turn, freshwater ecosystem processes.  104 

It is likely that warming alters both the composition and phenology of the zooplankton 105 

community. First, zooplankton communities comprise diverse taxa (e.g., cladocerans, copepods, 106 

rotifers) that respond to warming temperatures in different ways (Gavrilko et al., 2021). For 107 

example, Cremona et al. (2020) found that cladoceran biomass decreased and cyclopoid biomass 108 

increased in response to warming air temperatures in an analysis of >35 years of monitoring data 109 

from a eutrophic lake. This pattern of increased cyclopoid biomass and decreased cladoceran 110 

biomass in response to warming is supported by other empirical studies (e.g., Beaver et al., 2020; 111 
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Løvik and Kjellberg, 2003; Strecker et al., 2004; Wagner and Adrian, 2011). In contrast to 112 

cladocerans, rotifer biomass typically increases in response to warming temperatures because 113 

they are associated with greater phytoplankton biomass and organic matter, which serves as an 114 

important food source for many rotifers (e.g., Chen et al., 2012; Cremona et al., 2021). Second, 115 

zooplankton taxa exhibit seasonal patterns characterized by distinct biomass peaks within a year 116 

(Sommer et al., 2012, 1986). Therefore, warming will likely shift the timing of peak biomass 117 

differently (He et al., 2020; Winder et al., 2012). Varying thermal optima play an important role 118 

in driving phenological changes among taxa, as the timing of peak biomass of some, but not all, 119 

species may be affected by warming temperatures (Adrian et al., 2006). Altered timing of 120 

zooplankton peaks can result in a trophic mismatch if zooplankton and phytoplankton exhibit 121 

asynchronous phenology in response to warming temperatures (e.g., He et al., 2020; Winder and 122 

Schindler, 2004), thereby affecting water quality if earlier peaks in phytoplankton are not 123 

coupled with the same advance in zooplankton peak timing (Berger et al., 2014). Therefore, 124 

identifying the responses of zooplankton taxonomic groups to warming temperatures is 125 

necessary to better understand the role that temperature has in altering physical, chemical, and 126 

biological processes in freshwater ecosystems. 127 

To provide insight into these complex dynamics, we used a process-based water quality 128 

model to simulate the zooplankton community in a eutrophic reservoir over seven years. We first 129 

calibrated and validated the model to capture physical, chemical, and biological variables with 130 

multiple zooplankton functional groups during the simulation period. We next applied different 131 

temperature warming scenarios based on downscaled climate projections to explore the role of 132 

increased air temperature on zooplankton functional groups. Our research questions were: 1) 133 

How do warmer air temperatures expected under future climate scenarios affect the magnitude of 134 
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taxon-specific zooplankton biomass? and 2) Do changes in air temperature alter the timing of 135 

annual zooplankton dynamics? We expected that warming air temperature would favor smaller 136 

zooplankton taxa (i.e., rotifers) and shift the timing of zooplankton biomass peaks earlier in the 137 

season. 138 

  139 

2. Methods 140 

2.1 Model description overview 141 

 The study questions were addressed using the General Lake Model (GLM) coupled with 142 

the Aquatic Eco-Dynamics (AED) modules to simulate physical, chemical, and biological water 143 

quality variables in a eutrophic reservoir (GLM-AED v3.3.1; Hipsey, 2022; Hipsey et al., 2019). 144 

GLM-AED is an open-source, one-dimensional coupled hydrodynamic-ecosystem model that 145 

has been used to simulate water quality variables across lakes and reservoirs (e.g., Bruce et al., 146 

2018; Hipsey et al., 2019; Wander et al., 2024b; Ward et al., 2020). GLM-AED uses hourly 147 

meteorological data and daily inflow and outflow data as inputs to drive the model and simulate 148 

the dynamics of hydrological and water quality variables. A Lagrangian approach is used to 149 

simulate thermal stratification and water quality variables associated with different depths 150 

throughout the water column.  151 

GLM-AED has a modular structure that allows users to customize their desired level of 152 

ecosystem complexity by turning on or off different AED water quality modules (Hipsey et al. 153 

2022). In this study, the AED modules that were simulated were dissolved oxygen, carbon, 154 

silica, nitrogen, phosphorus, organic matter, phytoplankton, and zooplankton (Wander et al., 155 

2025). The AED modules simulating dissolved oxygen, carbon, silica, nitrogen, phosphorus, 156 

organic matter, and phytoplankton have been used extensively in other water quality modeling 157 
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studies and applied to many different waterbodies (e.g., Bucak et al., 2018; Deng et al., 2024; 158 

Fadel et al., 2019; Ladwig et al., 2021; Soares and Calijuri 2021). The zooplankton module in 159 

GLM-AED was adapted from DYRESM-CAEDYM (Dynamic Reservoir Simulation Model - 160 

Computational Aquatic Ecosystem Dynamics Model), a coupled one-dimensional 161 

hydrodynamic-biogeochemical model (Bruce et al. 2006; Gal et al. 2009). More details on the 162 

processes that are represented in each module are provided in Hipsey et al. (2022), with the key 163 

zooplankton-specific equations summarized below. The modeling workflow follows a structured 164 

approach consistent with ongoing efforts to improve documentation and transparency in process-165 

based modeling (e.g., Jakeman et al., 2024).  166 

 167 

2.2 Site description 168 

 We simulated water quality from July 2015-May 2022 in Beaverdam Reservoir (BVR; 169 

37.313° N, -79.816° W), a eutrophic temperate reservoir located in Vinton, Virginia, USA 170 

(surface area = 0.28 km2, catchment area = 3.69 km2; Doubek et al., 2019; Hamre et al., 2018). 171 

Mean annual air temperatures have exhibited an increasing trend since 1948, with a slope of 172 

0.2℃/decade, as measured from a meteorological station located at the Roanoke Airport ~13 km 173 

away (NOAA NCEI, 2025; Fig. S1). BVR is managed by the Western Virginia Water Authority 174 

as a secondary drinking water source. The reservoir is located in a predominately forested 175 

watershed and exhibits hypolimnetic anoxia during the summer stratified period (Doubek et al., 176 

2019). The reservoir also experiences water level fluctuations due to management and weather, 177 

resulting in a variable maximum depth of 9.7-12.2 m over our monitoring period (Carey et al., 178 

2024b).  179 

 180 
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2.3 Field observations 181 

We used historical monitoring data from Beaverdam Reservoir to calibrate and validate 182 

the GLM-AED model. Routine monitoring of BVR over the modeling period has consisted of 183 

weekly to fortnightly manual water quality sampling during the summer stratified period and 184 

fortnightly to monthly sampling during the remainder of the year (Carey et al., 2024e). Water 185 

level was monitored weekly using a staff gauge from 2015 to 2020 and then with a pressure 186 

transducer deployed near the reservoir’s dam every 10 minutes starting in June 2020 (Carey et 187 

al., 2024b).  188 

Our routine monitoring included manually collected observations of the reservoir’s 189 

physics, chemistry, and biology. At the deepest site in BVR, water temperature and dissolved 190 

oxygen depth profiles were collected using a SeaBird 19plus V2 SeaCAT Conductivity, 191 

Temperature, and Depth (CTD) profiler (Sea-Bird Scientific, Bellevue, WA, USA) and a YSI 192 

handheld probe (ProPlus with Quattro cable or ProODO optical dissolved oxygen meter; YSI 193 

Inc., Yellow Springs, OH, USA; Carey et al., 2024e, 2024c). Chlorophyll a profiles were also 194 

obtained from the CTD using the attached ECO V2 FLNTU optical sensor (Sea-Bird Scientific, 195 

Bellevue, WA, USA). We collected depth-specific dissolved nutrient samples (ammonium, 196 

nitrate, phosphorus, dissolved organic carbon) at the following depths: 0.1 m, 3 m, 6 m, and 197 

within ~1 m above the sediments (between 8-11 m depending on water level). Nutrient samples 198 

were collected with a Van Dorn, filtered through glass-fiber 0.7-µm filters into acid-washed 199 

bottles, and immediately frozen until analysis (Carey et al., 2024d). Standard methods were used 200 

for chemical analyses following Carey et al. (2022a). 201 

Zooplankton were collected using an 80-μm Wisconsin-style plankton net. Tows of the 202 

full water column were collected from ~1 m above the sediments at depths between 8-11.5 m. 203 
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Zooplankton were preserved in ~70% ethanol by volume in the field and stored in the lab until 204 

processed. A Meiji RZ dissecting microscope was used to measure and identify zooplankton in 205 

the lab (Meiji Techno, San Jose, California, USA), with magnification ranging from 500 to 750×. 206 

We identified at least 100 individual zooplankton per sample and recorded lengths for the first 207 

~10 individuals from each taxon to calculate biomass (following Downing and Rigler, 1984; 208 

Wander et al., 2024a). Although zooplankton were sampled less frequently than other water 209 

quality variables, zooplankton samples were always paired with all aforementioned water quality 210 

variables as part of routine monitoring (e.g., water level, nutrients, chlorophyll a). 211 

 212 

2.4 Model configuration 213 

We configured GLM-AED for BVR following standard methods (Hipsey et al., 2019). 214 

GLM-AED was run on an hourly time step from 7 July 2015 to 3 May 2022. We simulated four 215 

sediment zones to represent interactions occurring at the sediment-water interface at different 216 

depths of the reservoir, capturing spatial variation in sediment processes from shallow nearshore 217 

areas to the deeper pelagic region. Two zones represented the epilimnetic layer (0-3 m and 3-6 218 

m), whereas the other two zones represented the hypolimnetic layer (6-9 m and 9-12 m) during 219 

summer stratified conditions, each with different temperature and heat dynamics and areas of the 220 

sediment-interfacing layers (Wander et al., 2025). We used hourly meteorological data from a 221 

nearby (2.15 km away) research-grade meteorological station (Campbell Scientific, Logan, UT, 222 

USA) as driver data (Carey et al., 2024a). These variables include air temperature, relative 223 

humidity, total rainfall, wind speed and direction, barometric pressure, and shortwave and 224 

longwave radiation collected every minute. We gap-filled any missing observations due to 225 

meteorological station maintenance with NASA's bias-corrected North American Land Data 226 
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Assimilation System weather data (Xia et al., 2012). We averaged the 1-minute resolution 227 

weather observations to an hourly resolution as inputs to GLM-AED. 228 

In lieu of having gauged inflow data, we modeled inflow to BVR using the Thornthwaite-229 

Mather Water Balance (TMWB) model (Steenhuis and Van der Molen, 1986), as described by 230 

Woelmer et al. (2022). Briefly, this model uses soil characteristics within the watershed (Soil 231 

Survey Staff, 2021) and precipitation and air temperature from a nearby meteorological station 232 

(Carey et al., 2024a) to generate daily observations of inflow discharge for a single inflow 233 

stream. Because we needed inflow data on a daily timestep, we modified the TMWB model to 234 

include surface recharge following Shuler and Mariner (2020) to minimize baseflow 235 

underestimation at a shorter timestep (Wander et al., 2025). We then calculated outflow as the 236 

total inflow minus the change in volume for each day of the simulation, which was determined 237 

by the water level and bathymetric data (Carey et al., 2022b). Inflow water temperature was 238 

approximated from temperature observations collected at the gauged inflow of a nearby reservoir 239 

(~3 km away). Given limited inflow water chemistry observations at BVR, we simulated 240 

inflowing carbon and nutrient concentrations by randomly sampling from a truncated normal 241 

distribution based on observations collected at two inflow sites at BVR on nine days spanning 242 

2019 and 2020 (Wander et al., 2025), following the methods of Ward et al. (2020). Negative 243 

values from the normal distribution were set to zero. 244 

 We implemented a 15-year model spin-up period from 7 July 2000 to 3 May 2015 to 245 

ensure that modeled zooplankton dynamics reached a stable state before analyzing ecosystem 246 

responses to warming scenarios. The inclusion of a 15-year spin-up period prevented the initial 247 

conditions of the model from introducing transient dynamics, allowing sediment and water 248 

column processes to equilibrate before the start of the observational period in our simulation (8 249 
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July 2015). Due to limited availability of meteorological, inflow, and outflow data from 2000-250 

2015, we used a cyclical approach to assign our observational data to dates within the spin-up 251 

period (following Thomas et al., 2013). Specifically, days in the years 2000 and 2008 were 252 

assigned values from observations recorded in 2016 (e.g., 01 January 2000 was assigned data 253 

from 01 January 2016), days in 2001 and 2009 were assigned values from 2017, and so forth. 254 

Because 2015 and 2022 were partial years, we excluded these data when cycling to allow for 255 

continuity in daily observations from January-December each year and prevent jumps in the data 256 

due to interannual variability. Therefore, cycling only occurred using data from January 2016 to 257 

December 2021. 258 

 As noted above, we simulated dissolved oxygen, carbon, silica, nitrogen, phosphorus, 259 

organic matter, phytoplankton, and zooplankton in BVR with GLM-AED (Wander et al., 2025). 260 

The configuration of the dissolved oxygen, carbon, silica, nitrogen, phosphorus, organic matter, 261 

and phytoplankton modules was largely based on Carey et al. (2022a)’s configuration of GLM-262 

AED for a nearby reservoir that exhibits similar water quality dynamics. Initial conditions for 263 

each of these variables were derived from observational data collected as described above (Carey 264 

et al., 2024b; 2024c; 2024d; 2024e; 2024f). 265 

 Within the GLM-AED plankton modules, we initialized three phytoplankton groups for 266 

BVR following Carey et al. (2022a) and three zooplankton groups that were configured to align 267 

with Gal et al. (2009). The phytoplankton groups represented cyanobacteria, green algae, and 268 

diatoms. Selection of these three phytoplankton groups was informed by multiple years of 269 

historical monitoring data, as these broad groups comprise the most abundant phytoplankton taxa 270 

in BVR (Hamre et al., 2018; Lofton et al., 2019). The three zooplankton groups represented 271 

cladocerans, copepods, and rotifers, which correspond to the dominant zooplankton taxa in BVR 272 
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over seven years of monitoring (Carey et al., 2024f; Table S1). We delineated these three 273 

zooplankton groups based on the distinct size ranges they exhibit in BVR, with rotifers as the 274 

smallest zooplankton group and cyclopoids as the largest (Fig. S2). We note that cyanobacteria 275 

were not parameterized as a food resource for zooplankton. The dominant taxon in BVR is 276 

Planktothrix spp. (Hamre et al., 2018) which has some (albeit low) edibility reported in the 277 

literature (e.g., Kurmayer and Jüttner, 1999; Oberhaus et al., 2007). A sensitivity analysis 278 

indicated that parameterizing cyanobacteria as a food resource for cladocerans had minimal 279 

effects on the zooplankton results in this study (Fig. S3).  280 

We parameterized the zooplankton functional groups by assigning values from Gal et al. 281 

(2009) to describe their varying temperature sensitivities, preference for food resources, and 282 

growth, reproduction, and mortality rates (Wander et al., 2025). Within AED, we set the 283 

zooplankton food preferences following Gal et al. (2009) and Kara et al. (2012), in which rotifers 284 

preferentially grazed particulate organic carbon (80%), then diatoms (10%), and green algae 285 

(10%); cladocerans preferentially grazed green algae (50%), then diatoms (30%), and particulate 286 

organic carbon (20%); and copepods preferentially preyed on rotifers (50%), then cladocerans 287 

(40%), and particulate organic carbon (10%). Temperature parameters were chosen based on 288 

theoretical work that suggests that smaller taxa do better at cooler temperatures (e.g., Gillooly, 289 

2000). Therefore, we set the optimum temperature parameter value as 25℃ for rotifers and 28℃ 290 

for cladocerans and copepods. Similarly, the maximum temperature parameter was 30℃ for 291 

rotifers and 35℃ for cladocerans and copepods (Wander et al., 2025). 292 

Within the zooplankton GLM-AED module, there are several processes that mediate the 293 

transfer of zooplankton biomass, which are depicted in Figure 1. Changes in zooplankton 294 

biomass (!"##
!$

; in units of mmol C m-3; converted to mg C L-1 for results reporting) over time are 295 
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determined individually for each functional group from the balance of grazing (Grz, which 296 

encompasses predation), respiration (Resp), and mortality (Mort), as defined below: 297 

Eq. 1)  !"##
!$

	= 𝑍𝑜𝑜 ∗ (𝑓%&&'( ∗ 𝐺𝑟𝑧	 − 	𝑅𝑒𝑠𝑝	 − 	𝑀𝑜𝑟𝑡) 298 

where fassim is the assimilation efficiency for zooplankton grazing (which accounts for 299 

inefficiencies due to messy feeding) and Zoo is the zooplankton biomass in units of carbon.  300 

Grazing is governed by the equation: 301 

Eq. 2)  𝐺𝑟𝑧	 = 	𝑅)*" 	 ∗ 	𝜙)[𝑇] 	∗ 𝑃𝑟𝑒𝑦	/	(𝐾)*" 	+ 	𝑃𝑟𝑒𝑦) 302 

where Rgrz is the zooplankton grazing rate, Prey is the concentration of prey resources specific to 303 

a zooplankton functional group; Kgrz is the half-saturation constant for zooplankton grazing 304 

based on the total food (Prey) availability (mmol C/m3) accounting for food preferences and 305 

assuming a Type II Holling response; and 𝜙)[𝑇] is a hump-shaped, temperature-dependent 306 

metabolic scaling function for grazing as follows: 307 

Eq. 3) 𝜙)[𝑇] = 𝜗'+,-. − 𝜗'
/[+,1!"] + 𝑐.' 308 

where ϑi is the Arrhenius temperature coefficient for the ith zooplankton group and k is a unitless 309 

shape parameter that controls the decline in growth above the zooplankton group’s optimum 310 

temperature, 𝑇'
#3$. The parameters c1i and c0i are numerically solved such that the function 311 

satisfies three conditions: (1) 𝜙)[𝑇] = 1 at the standard reference temperature 𝑇'&$!, (2) the 312 

derivative 𝑑𝜙)[𝑇]/𝑑𝑡 = 0 at the optimum temperature 𝑇'
#3$, and (3) 𝜙)[𝑇] = 0 at the maximum 313 

tolerable temperature 𝑇'(%4. The temperature response is a function that ensures peak growth at 314 

𝑇'
#3$, with reduced growth at sub- and supra-optimal temperatures, consistent with empirical 315 

observations.  316 

Respiration is governed by the equation: 317 
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Eq. 4)  𝑅𝑒𝑠𝑝	 = 	𝑅*5&3 	 ∗ 	𝜙*[𝑇] 	∗ 	𝑓&%6 318 

where Rresp is the zooplankton respiration rate; fsal is the salinity limitation function; and 𝜙*[𝑇]	is 319 

an exponential temperature-dependent metabolic scaling function using a standard Arrhenius 320 

curve of the form: 321 

Eq. 5)  𝜙*[𝑇] = 𝜗'+,-.  322 

where the functions Φg[T] and Φr[T] scale similarly with temperature at low temperatures, but 323 

begin to diverge between Tstd and Topt, which has the effect of increasing the respiration penalty 324 

at higher temperatures.  325 

Mortality is governed by: 326 

Eq. 6)  𝑀𝑜𝑟𝑡	 = 	𝑅(#*$ 	 ∗ 	𝜙*[𝑇] 	∗ 	𝑓78 327 

where Rmort is the zooplankton mortality rate, and fDO is the dissolved oxygen limitation function. 328 

 A portion of zooplankton loss due to messy feeding, respiration, and mortality are 329 

transferred to particulate organic matter (i.e., zooplankton egestion, Egest), which is governed 330 

by: 331 

Eq. 7)  𝐸𝑔𝑒𝑠𝑡	 = 𝑍𝑜𝑜 ∗ ((1 − 𝑓%&&'() ∗ 𝐺𝑟𝑧 + (1 − 𝑓951%6,&5!) ∗ 𝑓951%6 ∗ 𝑅𝑒𝑠𝑝 +𝑀𝑜𝑟𝑡) 332 

where ffecal,sed is the fraction of fecal pellets that sink directly to the sediments; and ffecal is the 333 

fecal pellet fraction of respiration. See Hipsey et al. (2019, 2022) for further details on excretion 334 

(i.e., the transfer of zooplankton loss to dissolved organic matter), fT, fDO, and fsal equations. Our 335 

modeling application does not explicitly model losses due to predation and includes those losses 336 

in the mortality parameterization (eq. 6). 337 
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 338 

Figure 1: Conceptual diagram representing the fluxes and rates represented in the zooplankton 339 

AED module. Three phytoplankton groups are parameterized in our application of GLM-AED; 340 

green algae, diatoms, and cyanobacteria. Additionally, three zooplankton groups are 341 

parameterized: cladocerans, copepods, and rotifers. Note that messy feeding is represented as 342 

part of grazing, which is why there are double arrows for this process.  343 

 344 

2.5 Model calibration and validation 345 

We calibrated GLM-AED model parameters for BVR over a five-year period (7 July 346 

2015- 31 December 2020), starting with water temperature. To determine which parameters were 347 

most sensitive, we first conducted a global sensitivity analysis for GLM following Carey et al. 348 

(2022) and Ladwig et al. (2021). The most sensitive parameters were then calibrated over the 5-349 
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year period using the covariance matrix adaptation evolution strategy (CMA-ES) for automated 350 

numerical optimization to minimize root mean square error (RMSE) between observations and 351 

model output following Carey et al. (2022a). Highly sensitive parameters (Table S2) were 352 

calibrated using depth-specific water temperature observations from manually collected sensor 353 

profiles. We repeated this process for parameters in all AED water quality modules described 354 

above. All other parameters from the water quality modules that were not identified from the 355 

sensitivity analysis were set to the model default values documented in Hipsey et al. (2019) and 356 

Carey et al. (2022a). 357 

Following calibration, we validated our model over a period of ~16 months from 1 358 

January 2021 to 3 May 2022 to explore how well our calibrated model was able to reproduce 359 

physical, chemical, and biological processes in BVR (see Table S3 for goodness-of-fit statistics). 360 

Following Soares and Calijuri (2021), we used some of the most common metrics in lake 361 

modeling studies to evaluate model performance: root mean square error (RMSE), percent bias 362 

(PBIAS%), and normalized mean absolute error (NMAE). We focused our calibration on 363 

capturing overall patterns and seasonality of water quality variables given the limited 364 

observational data available for some variables (e.g., zooplankton biomass).  365 

 366 

2.6 Climate scenarios 367 

We applied air temperature and inflow water temperature scenarios to our calibrated 368 

model to explore the effects of climate warming on the timing and magnitude of annual 369 

zooplankton biomass peaks. Our temperature scenarios were based on the Multivariate Adaptive 370 

Constructed Analogs (MACA) Representative Concentration Pathways (RCP) 4.5 and 8.5 371 

climate projections for 2006-2100 available at https://climate.northwestknowledge.net/MACA/ 372 

https://climate.northwestknowledge.net/MACA/
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(Abatzoglou and Brown, 2012). We examined the mean daily air temperature projections for the 373 

Roanoke, VA, USA region across the 20 downscaled General Circulation Models (GCMs; 374 

Taylor et al., 2012). We then compared these projections with historical data from 1950-2005 to 375 

identify the range of air temperature increases across all RCP 4.5 and 8.5 models (Livneh et al., 376 

2013). We found that these models predicted increased mean air temperatures that ranged 377 

between 0.6-3.1℃ warmer for RCP 4.5 relative to the historical (1950-2005) mean temperatures 378 

and 1.2-3.5℃ warmer for RCP 8.5 (Table S4). Based on these climate projections and our goal 379 

to explore the sensitivity of zooplankton responses in GLM-AED across a range of temperature 380 

increases, we applied the following climate scenarios to our model: +1℃, +5℃, and +10℃; 381 

hereafter referred to as plus1, plus5, and plus10, respectively. We included the plus10 model 382 

scenario to serve as a stress-test to explore how sensitive zooplankton are to extreme warming 383 

within the GLM-AED model.  384 

To apply these scenarios to our calibrated GLM-AED model, we developed three 385 

meteorological driver files with adjusted daily air temperature values for 2015-2022 that 386 

corresponded to each scenario. We added offsets to the historical daily air temperature 387 

observations to maintain natural variability in the driver data and create air temperature climate 388 

scenarios that were 1℃, 5℃, and 10℃ warmer than observed temperatures. Second, we adjusted 389 

the daily inflow water temperature based on an empirically derived relationship between air 390 

temperature and water temperature (Supplemental Text S1; Wander et al., 2025), allowing us to 391 

simulate warming of the water temperature of the inflow stream associated with warmer air 392 

temperatures (Text S1). Finally, we ran the model for each climate scenario and the baseline 393 

observed conditions over 2015-2022 (with a separate 2000-2015 spin-up period for each scenario 394 
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and the baseline, as described above) to determine how warming affects ecosystem functioning 395 

in BVR.  396 

 397 

2.7 Sensitivity analysis 398 

 We conducted a second targeted sensitivity analysis to examine the robustness of our 399 

zooplankton model parameterization, following approaches used in other GLM-AED lake 400 

modeling analyses (e.g., Ladwig et al., 2021). We focused on the parameters that most differed 401 

among the three zooplankton functional groups: zooplankton grazing rate (Rgrz), respiration rate 402 

(Rresp), mortality rate (Rmort), the fecal pellet fraction of respiration (ffecal), the fraction of fecal 403 

pellets that sink directly to sediments (hard fraction; ffecal,sed), the optimal temperature for 404 

zooplankton temperature dependence (𝑇'
#3$), the maximum temperature for zooplankton 405 

temperature dependence (𝑇'(%4), the ratio of internal nitrogen to carbon (INC), and the ratio of 406 

internal phosphorus to carbon (IPC). We adjusted these parameters by adding and subtracting 407 

10% to the calibrated value for each ith zooplankton functional group (Table S5). We then 408 

visualized changes in biomass for each functional group over the modeling period to assess the 409 

sensitivity of modeled zooplankton biomass to varying parameter ranges (Fig. S4). 410 

 411 

2.8 Analysis of zooplankton dynamics 412 

To identify differences in zooplankton biomass among scenarios, we calculated the mean 413 

annual biomass for each of the three functional groups during the full calendar years of 2016-414 

2021. We summed zooplankton biomass across the full water column (0.5-m intervals) and 415 

report aggregated biomass values below. Focusing on zooplankton aggregated across the full 416 

water column allowed us to account for any diel zooplankton migration occurring in BVR 417 

(Wander et al., 2024a). Conversely, we focused on surface water quality variables 418 



 

20 
 

(phytoplankton, nutrients) because zooplankton grazing pressure is greatest at the surface 419 

(Wander et al., 2024a). We excluded 2015 and 2022 from the annual analysis, as we only 420 

simulated 177 and 122 days, respectively, in those years.  421 

We performed Kruskal-Wallis tests to compare the biomass of each taxon across 422 

scenarios (with each year’s mean biomass as a replicate) followed by pairwise Wilcoxon rank 423 

sum tests when appropriate (R Core Team, 2024). Additionally, we applied locally estimated 424 

scatterplot smoothing (LOESS) with a smoothing parameter of 0.75 to visualize trends in the 425 

timing and magnitude of zooplankton peak biomass for each taxon using the ggplot() function in 426 

R. LOESS is a non-parametric approach used to smooth data by fitting quadratic local 427 

polynomial regressions to the data (Wickham et al., 2023). Finally, we calculated changes in the 428 

timing of zooplankton biomass by identifying the day of year when each zooplankton taxon 429 

exhibited its maximum biomass separately for each year and scenario from 2016-2021. We 430 

focused our results reporting on the comparison between the baseline and the plus5 scenario, 431 

with all scenarios included in the Supplement.  432 

All analyses were performed in R v.4.4.1 (R Core Team, 2024) and all code and model 433 

configuration files archived in Zenodo (Wander et al., 2025).  434 

 435 

3. Results 436 

3.1 Modeled vs. observed water quality dynamics  437 

The GLM-AED model was able to reasonably capture observed physical, chemical, and 438 

biological conditions and their seasonal patterns in Beaverdam Reservoir from 2015-2022 (Fig. 439 

2; Table 1). Specifically, the model was able to reproduce seasonal and annual dynamics in water 440 

quality variables over the simulation period similarly well to other process-based aquatic models 441 
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(Fig. 2; Soares and Calijuri 2021). Modeled surface water temperature, dissolved oxygen, 442 

dissolved inorganic nitrogen (NO3 + NH4), and dissolved reactive phosphorus concentrations 443 

aligned well with observations (Table 1, Fig. 2, Fig. S5). Fluctuations in water level were well-444 

captured by the model, with slight underpredictions at the beginning of the simulation period and 445 

overpredictions towards the end, and an overall RMSE of 0.32 m over the full simulation period 446 

(Fig. 2). The pattern and magnitude of surface chlorophyll a concentrations were generally 447 

reproduced by the model, despite some underpredicted peaks throughout the simulation period 448 

(Fig. 2).  449 
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Table 1: Goodness-of-fit (GOF) metrics for surface (0.1 m) water quality variables during the 450 

full simulation period (2015-2022), calibration period (2015-2020), and validation period (2021-451 

2022) using the GLM-AED ecosystem model. GOF metrics included root mean square error 452 

(RMSE), percent bias (PBIAS%), and normalized mean absolute error (NMAE). N is the number 453 

of observations during each time period; model outputs were compared to observational data for 454 

the entire water column to calculate each GOF parameter during each time period. Variable 455 

column names correspond to water temperature (Temp, ℃), dissolved oxygen (DO, mg L-1), 456 

dissolved inorganic nitrogen (DIN, μg L-1), dissolved reactive phosphorus (DRP, μg L-1), and 457 

chlorophyll a concentrations (Chla, μg L-1). Goodness-of-fit metrics for other depths and 458 

variables are provided in Tables S3 and S6. Note that DIN is calculated as the sum of NH4 and 459 

NO3. 460 

Time period Parameter Temp DO DIN DRP Chla 

 N 121 121 126 126 112 

 RMSE 1.91 1.9 25.2 4.3 2.0 

Full Simulation PBIAS% 1 14.5 70.4 -33.6 3.9 

 NMAE 0.07 0.2 1.2 0.5 0.7 

 N 96 96 103 103 98 

 RMSE 1.76 2.0 25.8 4.4 1.8 

Calibration PBIAS% 0.8 15.4 76.6 -35.7 10.8 

 NMAE 0.06 0.2 1.2 0.5 0.6 

 N 25 25 23 23 14 

 RMSE 2.41 1.5 22.2 3.9 3.0 

Validation PBIAS% 2 11.5 43.4 -20.4 -45.9 
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 NMAE 0.11 0.1 1.1 0.7 1.1 
 461 

 462 

Figure 2: Modeled (black) vs. observed (red) values for water quality variables during the full 463 

simulation period (7 July 2015-3 May 2022) in Beaverdam Reservoir. Variables are water level 464 

(a), water temperature (b), dissolved oxygen (DO; c), chlorophyll a (d), cladoceran biomass (e), 465 

copepod biomass (f), rotifer biomass (g), and total zooplankton biomass (sum of all taxa; h). 466 

Panels b-d correspond to surface (0.1 m) modeled and observed water quality variables. 467 

Zooplankton biomass for each taxon is summed across 0.5-m interval depths for the full water 468 

column (maximum depth = 12 m). Dashed line indicates the transition from the calibration 469 

period to the validation period. Goodness-of-fit metrics for other variables and depths are 470 
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presented in Figs. S5 and S6. 471 

 472 

Integrated (full water column) zooplankton biomass throughout the simulation period was 473 

predicted within an RMSE of 2 mg C L-1 (Table S6). Cladocerans and rotifer biomass predictions 474 

performed similarly, although rotifer biomass was slightly overpredicted (RMSE of 0.7 mg C L-475 

1) relative to observations (Table S6, Fig. 2). Copepod biomass had the highest RMSE at 1.69 mg 476 

C L-1 (Table S6), as biomass was overpredicted towards the beginning of the simulation period 477 

and underpredicted towards the end (Fig. 2). The goodness-of-fit metrics for other water quality 478 

metrics are reported in the supplement (Table S3).  479 

 480 

3.2 Simulated water quality variables 481 

Water temperature and dissolved oxygen concentrations followed consistent seasonal 482 

patterns over time, with a mean modeled summer (June-August) surface water temperature over 483 

the seven-year simulation period of 26.9 ± 2.0℃ (1 standard deviation; Fig. 2a), and a mean 484 

modeled summer surface dissolved oxygen concentration over the simulation period of 8.6 ± 0.6 485 

mg L-1 (Fig. 2b). Conversely, the mean winter (December-February) surface water temperature 486 

was 2.6 ± 4.2℃ and winter surface dissolved oxygen concentration was 12.1 ± 0.6 mg L-1 (Fig. 487 

2a-b).  488 

Dissolved nutrients, chlorophyll a, and zooplankton biomass had more complex seasonal 489 

trends and greater inter-annual variability. The mean surface dissolved inorganic nitrogen 490 

concentrations over the simulation period were 27.9 ±15.0 μg L-1, with slightly higher (31%) 491 

concentrations during winter months than summer months (Fig. S5). Mean surface dissolved 492 

reactive phosphorus concentration was 4.1 ± 2.1 μg L-1, with no obvious seasonal patterns (Fig. 493 
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S5). Mean surface chlorophyll a concentrations were 15% greater during the summer than 494 

winter, with concentrations of 1.7 ± 1.4 μg L-1 aggregated over the simulation period (Fig. 2d). 495 

Simulated 9 m depth water quality variables are reported in the supplement (Figs. S6-S7). 496 

Zooplankton biomass trends were similar to those of phytoplankton biomass, with peaks 497 

in zooplankton biomass typically coinciding with peaks in chlorophyll a concentrations (Fig. 2). 498 

Aggregated throughout the entire 2015-2022 simulation period, mean baseline total zooplankton 499 

biomass was 1.5 ± 1.2 mg L-1 (Fig. 2j), which was composed primarily of cladocerans (mean 500 

biomass was 0.6 ± 0.4 mg L-1) and rotifers (0.6 ± 0.5 mg L-1), with slightly lower copepod 501 

biomass (0.4 ± 0.6 mg L-1; Fig. 2). Total zooplankton biomass tended to peak in early July each 502 

year under baseline conditions (Fig. 2). Of the three zooplankton taxa simulated in the model, 503 

cladocerans typically peaked earlier in the summer, followed by copepods, and finally rotifers in 504 

late summer throughout the simulation period (Fig. 3). The model accurately captured the 505 

partitioning of biomass across the zooplankton size spectrum (Fig. S8).  506 
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 507 

Figure 3: Modeled zooplankton biomass (mg C L-1) for all three zooplankton taxa (cladocerans, 508 

copepods, rotifers) in baseline conditions over the full simulation period from 2015-2022 in 509 

Beaverdam Reservoir. Biomass is aggregated for the full water column. 510 

 511 

3.3 Effects of warming temperature scenarios on surface water quality  512 

As expected, the projected summer (May-September) surface (0.1 m) water temperature 513 

in Beaverdam Reservoir increased in response to the climate warming scenarios. Aggregated 514 

over the simulation period, mean summer modeled surface temperature was 24.0 ± 3.2 ℃ (range 515 

16.4-26.1℃) in baseline conditions (Fig. S9). In comparison, the mean summer modeled surface 516 

temperature was 24.7 ± 3.0℃ (range 17.4-26.3℃) for the plus1 scenario, 25.2 ± 2.8℃ for the 517 

plus5 scenario (range 18.4-27.1℃), and 28.1 ± 3.1℃ (range 20.5-30.4℃) for the plus10 scenario 518 

over the simulation period (Fig. 4). The differences in summer surface water temperatures 519 
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among scenarios were more muted than the differences in air temperatures, as expected. The 520 

mean difference between the baseline and plus10 scenarios was 4.0℃, with a 1.1℃ difference 521 

between the baseline and plus5, and a 0.6℃ difference between the baseline and plus1 scenario. 522 

Summer stratification, i.e., when surface and bottom water density differences were > 0.1 kg m-3, 523 

lasted on average 1 day longer in the plus1 scenario, 11 days longer each year in the plus5 524 

scenario, and 40 days longer each year in the plus10 scenario relative to baseline conditions (Fig. 525 

S10). 526 

As the mean summer (May-September) surface water temperature was greatest in the 527 

plus10 scenario and lowest under baseline conditions (Fig. 4), the summer surface dissolved 528 

oxygen concentrations were lowest in the plus10 scenario (8.2 ± 0.4 mg L-1) and greatest under 529 

baseline conditions (9.0 ± 0.6 mg L-1). This differs from hypolimnetic (9 m) summer dissolved 530 

oxygen concentrations that were highest in the plus10 scenario (6.3 ± 1.4 mg L-1) and lowest 531 

under baseline conditions (1.3 ± 1.4 mg L-1; Fig. S7). Mean summer surface dissolved inorganic 532 

nitrogen concentrations were greatest under baseline conditions (25.6 ± 14.2 μg DIN L-1) and in 533 

the plus10 scenario (15.4 ± 3.4 μg DIN L-1; Fig. 4) relative to the two other scenarios. Mean 534 

summer surface dissolved reactive phosphorus concentrations were greatest in the plus10 535 

scenario (5.5 ± 0.5 μg DRP L-1) and lowest in the plus1 scenario (3.7 ± 1.1 μg DRP L-1; Fig. 4). 536 

Mean summer surface chlorophyll a concentrations were greatest in the plus10 scenario (2.5 ± 537 

0.5 μg L-1) and lowest in the plus5 scenario (2.1 ± 0.8 μg L-1; Fig. 4). Finally, mean summer 538 

zooplankton biomass was greatest under baseline conditions (2.2 ± 0.6 mg C L-1) and lowest in 539 

the plus10 scenario (1.5 ± 0.5 mg C L-1; Fig. 4). 540 

 541 
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 542 

Figure 4: Mean modeled summer (May-September) yearly values for surface (0.1 m) water 543 

quality variables and full water column total zooplankton biomass for 2016-2021 (the years with 544 

complete observations over the full calendar year) in Beaverdam Reservoir. Panels correspond to 545 

different water quality variables: water temperature (Water temp), dissolved oxygen (DO), 546 

dissolved inorganic nitrogen (DIN), dissolved reactive phosphorus (DRP), chlorophyll a 547 

concentration, and total zooplankton (Zoop) biomass. Note that DIN is calculated as the sum of 548 

NO3 and NH4. 549 

 550 

3.4 Research Question 1: How do warmer air temperatures expected under future climate 551 

scenarios affect the magnitude of taxon-specific zooplankton biomass? 552 

 We found that the magnitude of modeled zooplankton biomass differed across taxa and 553 

climate scenarios, but that the differences were not statistically significant (Kruskal-Wallis test; 554 

χ2 = 2.17, p = 0.54). Mean total zooplankton biomass was slightly higher across all taxa in the 555 
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plus10 scenario (1.7 ± 1.5 mg C L-1) relative to baseline (1.5 ± 1.2 mg C L-1), plus1 (1.4 ± 1.0 556 

mg C L-1), and plus5 scenarios (1.5 ± 1.3 mg C L-1), but not substantially different (Fig. 5).  557 

Across taxa, we found that modeled relative cladoceran biomass decreased 16%, modeled 558 

relative copepod biomass remained approximately the same, and modeled relative rotifer 559 

biomass increased 21% in the plus5 scenario relative to the baseline, aggregated across the 560 

simulation period (Fig. 6; plus1 and plus10 scenarios are shown in Fig. S11). The relativized 561 

biomass data are consistent with patterns in absolute zooplankton biomass, as overall rotifer 562 

biomass increased 2-58% across warming scenarios relative to the baseline (Fig. 5). However, 563 

only rotifer biomass changes were significantly different across scenarios (Kruskal-Wallis test; 564 

χ2 = 16.03, p = 0.001), as biomass was higher in the plus5 and plus10 scenarios than under 565 

baseline conditions and the plus1 scenario (pairwise Wilcoxon rank sum tests p ≤ 0.026; Table 566 

S7; Fig. 5). Despite non-significant changes in biomass across scenarios, cladoceran biomass 567 

decreased by 14-31% across all three warming scenarios relative to the baseline. Copepod 568 

biomass generally decreased with warming air temperatures by 1-23%, except in the plus10 569 

scenario, in which biomass exhibited a 16% increase (Fig. 5). Ultimately, warming increased 570 

divergence in taxon-specific biomass responses, with relative changes in cladoceran, copepod, 571 

and rotifer biomass becoming more pronounced between the baseline vs. plus5 and plus10 572 

scenarios (Fig. 5). 573 

The greatest difference in modeled zooplankton community composition aggregated for 574 

the full water column over the full simulation period was observed between the baseline vs. 575 

plus5 and plus10 scenarios (Fig. 5). Cladocerans had the greatest relative biomass in baseline 576 

conditions (43%) versus the lowest relative biomass in the plus5 and plus10 scenarios (26% and 577 

25%, respectively; Fig. 6, Fig. S12). Similarly, copepods made up the largest proportion (21%) 578 
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of the total biomass under baseline conditions and exhibited slightly lower, but similar 579 

proportions in the plus5 (17%) and plus10 (18% scenarios; Fig 6). Finally, rotifers comprised the 580 

lowest proportion of total biomass in baseline conditions (36%) and the similarly high 581 

proportions in the plus5 and plus10 scenarios (57%; Fig. 6). 582 

 583 

 584 

Figure 5: Boxplots summarizing annual modeled zooplankton biomass across scenarios for each 585 

functional group (cladocerans, copepods, rotifers, and summed total zooplankton) during the full 586 

years of the simulation period (2016 - 2021) in Beaverdam Reservoir (n = 6 points per boxplot). 587 

Colors correspond to different taxa. Boxes indicate median ± one quartile; upper and lower 588 

whiskers depict maximum and minimum values, respectively; points indicate extreme values. 589 

Letters indicate significant differences from pairwise Wilcoxon rank sum tests (p < 0.05; see 590 

Table S7 for statistics). Note that rotifers (yellow) were the only functional group that exhibited 591 

significant differences in biomass across climate scenarios. 592 
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 593 

Figure 6: Time series of relative modeled zooplankton biomass during a) baseline conditions 594 

and b) +5℃ (plus5) warmer air temperatures from 2015 - 2022 in Beaverdam Reservoir, where 595 

colors correspond to the three focal zooplankton functional groups. Panel c depicts relative 596 

biomass boxplots for each taxon for baseline (teal) vs. +5℃ (maroon) conditions. Boxes indicate 597 

median ± one quartile; upper and lower whiskers depict maximum and minimum values, 598 

respectively; points indicate outliers. Note that relative biomass is a unitless value between 0 and 599 

1, calculated as the proportion of biomass for each taxon divided by the summed total 600 

zooplankton biomass for each day. 601 

 602 

3.5 Research Question 2: Do changes in air temperature alter the timing of annual zooplankton 603 

dynamics? 604 

We found that the timing of peak modeled zooplankton biomass differed across climate 605 

scenarios: the timing of peak annual modeled zooplankton biomass was most similar between the 606 

baseline and plus1 scenarios and greatly differed between the baseline vs. the plus5 and plus10 607 

scenarios (Fig. 7). Specifically, cladoceran and copepod peak biomass occurred in June or July 608 

for the baseline and plus1 scenario, but in December for the plus5 and plus10 scenarios (Fig. 7). 609 
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The greatest variability in biomass across months in the plus5 and plus10 scenarios was observed 610 

for copepods (Fig. 7). Overall, cladoceran and copepods exhibited the lowest biomass in August 611 

in the plus5 and plus10 scenarios, and in January/February in the baseline and plus1 scenarios 612 

(Fig. 7). In contrast to the cladocerans and copepods, rotifer peak biomass was similar across all 613 

climate scenarios, occurring between July and August (Fig. 7). Under baseline conditions and in 614 

the plus1 scenario, all three functional groups exhibited the lowest biomass in February or March 615 

and the highest biomass between June and August (Fig. 7). The coefficient of variation was 616 

greatest for copepods across all scenarios (ranged from 1.4-2.3), and lowest for rotifers in the 617 

plus5 (0.6) and plus10 (0.5) scenarios (Fig. 7). 618 

 619 

Figure 7: Smoothed modeled monthly zooplankton biomass for each functional group during the 620 

years in the full simulation period with complete observations (2016 - 2021). Colored lines 621 

correspond to locally estimated scatterplot smoothing for each scenario (baseline, plus1, plus5, 622 
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plus10). Panels represent each simulated zooplankton group (cladocerans, copepods, rotifers, 623 

total zooplankton). Shaded region represents 95% confidence intervals. 624 

 625 

Warming air temperatures affected the timing of peak modeled biomass for cladocerans, 626 

copepods, and rotifers differently. While there were no significant differences in the timing of 627 

maximum biomass across years (Kruskal-Wallis tests; all p ≥ 0.49; Table S8), copepods 628 

exhibited a peak biomass that was delayed by 54-100 days among years in response to warming 629 

air temperature in the plus1, plus5, and plus10 scenarios (Fig. 8). Conversely, the timing of 630 

cladoceran peak biomass was variable across the three climate scenarios, ranging from 41 days 631 

later to 49 days earlier relative to baseline conditions among years (Fig. 8). Finally, warming air 632 

temperatures in the three climate scenarios did not substantially change the mean annual timing 633 

of rotifer peak biomass (though the distributions varied), as rotifer biomass peaks ranged from 9 634 

days later to 34 days earlier than that observed under baseline conditions (Fig. 8).  635 

 636 
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 637 

Figure 8: Violin plots for the day of year (DOY) that corresponds to the modeled maximum 638 

annual biomass in Beaverdam Reservoir from 2016-2021 across climate scenarios (colors) and 639 

functional groups (panels). 640 

 641 

Warming also altered modeled zooplankton grazing, mortality, and respiration rates 642 

among cladocerans, copepods, and rotifers. Specifically, we found that cladoceran grazing 643 

decreased by 68%, but copepod and rotifer grazing did not substantially change from baseline 644 

conditions to the plus5 scenario (Fig. 9). Additionally, cladoceran, copepod, and rotifer mortality 645 

rates decreased by 67%, 29%, and 14%, respectively, from the baseline to the plus5 scenario 646 

(Fig. 9). Finally, cladoceran and copepod respiration rates decreased by 60% and 23%, while 647 

rotifer respiration rates did not change substantially between baseline conditions and the plus5 648 

scenario (Fig. 9). 649 
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 Phytoplankton biomass was also affected by warming temperatures, likely in response to 650 

both changes in top-down zooplankton grazing and bottom-up nutrient limitation. Total 651 

phytoplankton biomass did not change substantially between baseline conditions and the plus5 652 

scenario; however, peaks in total phytoplankton biomass were slightly lower in the plus5 653 

scenario (Fig. 9). The lack of a major change in aggregated phytoplankton biomass was likely 654 

due to changes in the individual phytoplankton groups offsetting each other. For example, 655 

diatom biomass increased in response to warming (by 33% from baseline to plus5; Figs. 9, S10), 656 

while cyanobacteria biomass did not change and green algae biomass decreased by 67% from the 657 

baseline to the plus5 scenario (Figs. 9, S13).  658 

659 
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 660 

Figure 9: Modeled zooplankton mean grazing rates (top row), mortality rates (second row), 661 

respiration rates (third row), and daily phytoplankton biomass (bottom row) under baseline 662 

conditions (left column) and the plus5 warming scenario (right column) in Beaverdam Reservoir. 663 

Colors correspond to different zooplankton and phytoplankton functional groups. Note that 664 

mortality and respiration rates are inherently negative because they decrease zooplankton 665 

biomass. The mortality and respiration rates should be interpreted differently than the grazing 666 

rates, as mortality and respiration rates are greatest at the bottom of each plot (i.e., more 667 

negative) whereas grazing rates are highest at the top of each plot (i.e., more positive). In the 668 

bottom row, the black solid line corresponds to total phytoplankton biomass, while colors 669 

represent relative phytoplankton biomass in the bottom two panels.670 
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3.6 Sensitivity of key results to zooplankton parameters  671 

Our modeled zooplankton biomass results were robust to changes in the model 672 

parameterization, as shown by the sensitivity analysis. Specifically, there were only minimal 673 

differences in the magnitude and timing of peak biomass in response to the zooplankton 674 

sensitivity tests for cladocerans, copepods, and rotifers (Fig. S14). Rotifers exhibited the greatest 675 

change in response to low vs. high parameters, but biomass changes were only minimal overall, 676 

ranging between 0.45-0.62 mg C L-1 (Fig. S4). Cladoceran and copepod biomass changed even 677 

less between low vs. high parameter sets (Fig. S4). The relative proportion of rotifer biomass 678 

decreased by 11% between the low parameter set and the high parameter set (Fig. S15). 679 

Conversely, the relative proportion of cladocerans and copepods increased by 9% and 2% 680 

between the low and high parameter sets, respectively (Fig. S15).    681 

 682 

4. Discussion 683 

We found that warming temperatures altered the magnitude and timing of cladoceran, 684 

copepod, and rotifer biomass in a eutrophic reservoir. In response to warming air temperatures, 685 

rotifer biomass increased, cladoceran biomass decreased, and copepod biomass decreased or 686 

stayed the same (Figs. 5-6). Despite changes in taxon-specific biomass, total zooplankton 687 

biomass did not substantively change, emphasizing the importance of analyzing individual 688 

functional groups. Simultaneously, the timing of peak copepod biomass was delayed in response 689 

to warming air temperature, whereas warming air temperatures had more variable, but less 690 

substantial, effects on the peak timing of cladoceran and rotifer biomass (Fig. 8). These changes 691 

to the timing and magnitude of zooplankton biomass among zooplankton functional groups in 692 

response to warming have implications for nutrient concentrations, phytoplankton biomass, and 693 
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fish populations, given the important role that zooplankton play in freshwater food webs. Below, 694 

we explore the effects of warming air temperatures on zooplankton community dynamics and 695 

discuss the implications for water quality.    696 

 697 

4.1 Indirect vs. direct effects of warming on zooplankton biomass  698 

Warming air temperatures have multiple direct and indirect effects on freshwater 699 

zooplankton community dynamics (e.g., Altindağ and Berdı̇, 2025; Beaver et al., 2020; Chen et 700 

al., 2012; Cremona et al., 2020; Wagner and Adrian, 2011). Warming temperatures can have 701 

direct effects on zooplankton biomass via shifts in growth, respiration, and mortality rates (as 702 

governed by the temperature parameterization for each functional group) that may affect 703 

zooplankton biomass (eqns. 1-7), and indirect effects via changes in phytoplankton biomass or 704 

other environmental conditions (e.g., Beaver et al., 2020; Cremona et al., 2020; Wagner and 705 

Adrian 2011). In response to warming air temperatures, the larger-bodied taxa (cladocerans and 706 

copepods) tended to decrease in biomass, whereas smaller rotifer taxa biomass increased, despite 707 

that the thermal optima of rotifers was parameterized as 3oC colder and the maximum 708 

temperature of rotifers was parameterized as 5oC colder than the other two groups. This finding 709 

that warming temperatures favor rotifers suggests that indirect, not direct (vis-à-vis the thermal 710 

parameterization), effects dominated the zooplankton responses.  711 

Air temperature warming altered many environmental conditions in Beaverdam 712 

Reservoir, which together indirectly altered zooplankton community composition and timing. In 713 

our model, rotifers exhibited the highest grazing rates among the three zooplankton functional 714 

groups in the warming scenarios (Fig. 9), suggesting that bottom-up stimulation of rotifers may 715 

be a primary mechanism increasing their dominance over the other zooplankton taxa. Our 716 

finding that respiration and mortality of cladocerans and copepods decreased in response to 717 
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warming was balanced by lower grazing rates of both groups (Fig. 9), suggesting direct 718 

physiological responses to warming. We found that warming temperatures were associated with 719 

slightly higher nitrate and phosphorus concentrations (Fig. 4), which in turn may have stimulated 720 

phytoplankton and ultimately affected the zooplankton community. For example, this increase in 721 

phytoplankton production may explain why we observed greater zooplankton biomass during the 722 

winter of 2017. 723 

Many of the drivers were likely interactive: i.e., changes in zooplankton dynamics may 724 

have offset or masked phytoplankton changes due to warming, especially when analyzing 725 

aggregate responses (Fig. 5) vs. individual functional group time series (Figs. S11, S16). For 726 

example, in 2019, diatom and copepod biomass exhibited peaks in the plus5 scenario, whereas 727 

the rotifer biomass was low that year (Figs. S11, S16). This peak in diatom biomass in 2019 may 728 

have been facilitated by food web interactions, as copepods are parameterized to prey on rotifers 729 

in our model, which are parameterized to graze diatoms. Therefore, the low rotifers in 2019 in 730 

the plus5 scenario may be due to copepods grazing down rotifers (Fig. S11), thereby releasing 731 

the diatoms from predation pressure and enabling their increase. Additionally, the increase in all 732 

zooplankton functional group biomass in 2017 for all warming scenarios was coincident with 733 

high nitrate concentrations and chlorophyll a concentrations, which is likely driven by increased 734 

green algae (Figs. 3, 9, S16). Green algae were parameterized to outperform diatoms at higher 735 

temperatures (following empirical studies, e.g., Visser et al., 2016), explaining their increase in 736 

2017. However, in 2020, summer surface temperatures in the plus5 scenario were the highest of 737 

all years, potentially resulting in lower chlorophyll concentrations for all three phytoplankton 738 

groups (Fig. S16). As a result, low cladoceran, copepod, and rotifer biomass in 2020 for the 739 

plus5 scenario was coincident with decreased phytoplankton food availability, which supports 740 
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our finding that indirect (bottom-up) forcing was important for mediating warming effects on 741 

zooplankton dynamics (Figs. S11, S16). We note that because fish were not explicitly 742 

represented in the model, we cannot identify the relative importance of top-down vs. bottom-up 743 

processes. 744 

Our finding that rotifer biomass generally increased in response to warming temperatures, 745 

increased nutrient concentrations, and changes in phytoplankton community composition is 746 

supported by other studies (e.g., Işkın et al., 2020; Özen et al., 2013). For example, Schindler et 747 

al. (1990) found that 2℃ warmer water temperatures resulted in increased dissolved nitrogen 748 

concentrations and phytoplankton biomass in a small eutrophic boreal lake, which favored 749 

increased rotifer biomass (e.g., Li et al., 2019). Similarly, Dupuis and Hann (2009) found that 750 

warming summer temperatures were associated with increased phytoplankton biomass, increased 751 

rotifer biomass, and decreased large cladoceran biomass. However, Huỳnh et al. (2024) observed 752 

the opposite pattern, whereby warming temperatures resulted in increased copepod biomass and 753 

decreased rotifer biomass, which they attribute to increased predation of copepods on rotifers.  754 

Overall, the shift in zooplankton community structure to one dominated by rotifers in our 755 

study likely has implications for water quality, as rotifers primarily consume bacteria and small 756 

algae and play an important role in trophic transfer within the food web (e.g., Conty et al., 2007; 757 

Kim et al., 2000). A decline in larger cladoceran taxa may exacerbate phytoplankton blooms via 758 

reducing grazing efficiency (e.g., Pan et al., 2015; Zadereev et al., 2023), or, as we observed in 759 

2017 in the plus5 and plus10 scenarios, stimulation of rotifers due to warming could compensate 760 

for the cladoceran losses, thereby keeping phytoplankton biomass low (Figs. 8, 9, S16). We note 761 

that we observed decreased cyanobacteria biomass in the plus5 and plus10 scenarios (Fig. S16), 762 

despite that cyanobacteria are generally favored by warmer temperatures (Carey et al., 2012). 763 
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This decrease in cyanobacteria in warmer conditions is likely due to multiple changing 764 

environmental conditions, which could include light limitation, thermal stratification, and other 765 

factors. Ultimately, our study highlights the importance of including both the direct effects of 766 

warming (e.g., via increased growth rates) and indirect, top-down effects of warming (e.g., via 767 

altered zooplankton grazing) in lake ecosystem models.  768 

 769 

4.2 Warming-induced shifts in timing of zooplankton peak biomass 770 

 Warming temperatures delayed the timing of annual copepod biomass peaks, with no 771 

substantive change in the timing of rotifer biomass peaks, and variable effects on the timing of 772 

cladoceran peaks (earlier and later). Studies have typically found earlier, not later, timing of fast-773 

growing taxa such as cladocerans and rotifers in response to warming water temperature and 774 

earlier phytoplankton biomass peaks (e.g., Adrian et al., 2006; Winder and Schindler, 2004). 775 

However, these findings were derived from studies in north temperate lakes that experience 776 

months of ice cover in the winter, whereas there was no ice observed for BVR in any of the 777 

winters in the plus5 and plus10 scenarios, compared to 19 days on average per winter in the 778 

baseline and plus1 scenarios.  779 

In our study, we observed high variability in the timing of peak zooplankton biomass 780 

across years and scenarios for each taxon (Fig. S17) and a trophic mismatch between 781 

phytoplankton and zooplankton communities (Fig. S18). In the plus5 scenario aggregated across 782 

years, zooplankton exhibited an initial peak in March before the phytoplankton peak in 783 

December, resulting in a crash in zooplankton biomass and subsequent later increase once 784 

phytoplankton biomass became more established (Fig. S18). Although the maximum copepod 785 

biomass peaks occurred towards the end of the year in December, we observed total zooplankton 786 

biomass peaks in the plus5 and plus10 scenarios earlier in the year in February and March (Fig. 787 
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7). Specifically, cladoceran and copepod biomass in the plus10 scenario were greater than 788 

baseline biomass from January-April, whereas rotifer biomass in both the plus5 and plus10 789 

scenarios was greater than baseline biomass from January-June (Fig. 7). The finding that 790 

cladoceran and copepod biomass peaks generally follow peaks in phytoplankton biomass further 791 

bolsters our finding that bottom-up processes are particularly important for driving zooplankton 792 

dynamics. 793 

The timing of when zooplankton taxa exhibit their peak annual biomass can have 794 

important implications on trophic transfer and ecosystem functioning, as these changes mediate 795 

food web interactions among organisms, which in turn can affect ecosystem functioning by 796 

altering nutrient dynamics across temporal scales (e.g., Pothoven and Vanderploeg, 2022; 797 

Winder and Schindler, 2004). Empirical studies have shown that climate warming can lead to 798 

trophic mismatch between phytoplankton and zooplankton communities, in which peak 799 

phytoplankton abundance occurs asynchronously with peak zooplankton abundance (e.g., 800 

Recknagel et al., 2021; Thackeray, 2012 and references therein; Winder and Schindler, 2004). 801 

Consequently, phytoplankton biomass can increase to higher levels than normal during their 802 

annual peak due to the release from trophic control while zooplankton biomass may be lower 803 

during their annual peak due to insufficient food resources. Ultimately, our study adds more 804 

evidence that trophic mismatches may become more likely under warming, which has important 805 

consequences for water quality.  806 

 807 

4.3 Comparison to previous modeling studies 808 

 This analysis adds to the modeling literature on the effects of climate change on 809 

freshwater zooplankton dynamics and emphasizes the importance of examining multiple 810 
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zooplankton functional groups. Previous process-based lake modeling studies that aggregated 811 

zooplankton into a single pool have observed that zooplankton biomass generally decreases in 812 

response to warmer temperatures (Mooji et al. 2007, Zhang et al. 2022). In the modeling analysis 813 

by Zhang et al. (2022) of three shallow European lakes, decreases in zooplankton biomass were 814 

attributed to direct effects on the aggregated zooplankton group via lower growth rates. In 815 

contrast, our work found that slightly different parameterizations of the temperature sensitivities 816 

of cladoceran, copepod, and rotifer groups can result in variable responses (both decreases and 817 

increases in biomass) to warming, which were mediated primarily by indirect effects via 818 

nutrients and phytoplankton. Similarly, Trolle et al. (2011) found that aggregated zooplankton 819 

biomass peaked earlier in response to warming scenarios in a modeling study of Lake Rotoehu, 820 

New Zealand, whereas we observed that different zooplankton groups exhibited earlier and later 821 

peaks under warming. In their study, Trolle et al. (2011) observed that the zooplankton peaks 822 

followed earlier phytoplankton peaks, with no trophic mismatch occurring. While we do not 823 

have the data to test the hypothesis that parameterizing multiple zooplankton groups yields 824 

different responses on peak timing (vs. aggregating zooplankton into a single group), including 825 

multiple zooplankton functional groups may improve our ability to capture compensatory intra-826 

community zooplankton dynamics and trophic mismatches with phytoplankton. Altogether, 827 

including multiple zooplankton functional groups in process-based models may enable a more 828 

nuanced representation of complex ecological dynamics and more accurate predictions of 829 

freshwater ecosystem responses to climate change.    830 

 Our modeling approach differs from other lake zooplankton modeling studies in that we 831 

examined multiple zooplankton functional groups using a whole-ecosystem model that simulates 832 

physical, chemical, and biological lake processes. Previous studies that have used empirical 833 
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approaches to simulate zooplankton groups often only focused on a single response variable, 834 

such as abundance or biomass, rather than exploring interactive ecosystem effects (e.g., Beaver 835 

et al., 2020; Wagner and Adrian, 2011; Winder et al., 2012). Moreover, studies that do use 836 

whole-ecosystem models rarely include multiple zooplankton functional groups (e.g., Skov et al. 837 

2020; Zhang et al. 2022). This study builds on the few previous whole-ecosystem models that 838 

have been calibrated for multiple zooplankton functional groups (e.g., Zhang et al. 2023b) by 839 

assessing zooplankton community responses to warming air temperatures. Overall, this study 840 

advances the field of zooplankton modeling by considering both functional community responses 841 

and interactive ecosystem effects in response to warming temperatures. 842 

 843 

4.4 Considerations and future work 844 

While this study was useful for parsing out taxon-specific responses to warming air 845 

temperatures, we note that our climate scenarios were relatively simplistic, as we only used 846 

constant offsets and did not include any variability in air temperature across seasons, which 847 

would likely alter our model results. Additionally, because our focus was on isolating the effects 848 

of air temperature on reservoir ecological processes, we only adjusted air temperature and inflow 849 

water temperature although climate change is affecting many meteorological drivers (e.g., 850 

radiation, cloud cover, precipitation; Trenberth, 2011; Voigt et al., 2021). Future studies that use 851 

a diversity of approaches when applying climate scenarios in lake modeling studies will further 852 

advance our understanding on the effects of climate change on freshwater zooplankton 853 

community dynamics. 854 

Finally, our results were inherently sensitive to the temperature parameters that govern 855 

the sensitivity of each zooplankton functional group to warming. While we have no 856 
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observational data for BVR on the temperature parameterization of our three zooplankton 857 

functional groups (Fig. S19), we note that there is strong theoretical support for our parameter 858 

values, which follows previous studies (Gal et al., 2009; Kara et al., 2012). For example, the 859 

metabolic theory of ecology posits a strong link between body size and thermal performance 860 

(e.g., De Castro and Gaedke, 2008; Lin et al., 2013; Moorthi et al., 2016), with smaller 861 

organisms generally exhibiting lower optimum temperature values than larger ones. The size 862 

distribution data of the three functional groups in Beaverdam Reservoir demonstrates that rotifers 863 

are the smallest taxon (Fig. S2), guiding our choice of assigning the lowest optimum temperature 864 

value to rotifers. Moreover, very similar parameter values for zooplankton in Lake Kinneret, 865 

Israel (Gal et al. 2009) and Lake Mendota, USA (Kara et al. 2012) yielded similar goodness-of-866 

fit results for capturing zooplankton dynamics over a wide range of environmental conditions. 867 

Therefore, both these empirical and theoretical data justify our parameterization of the three 868 

zooplankton functional groups, though we note that more work is needed to further parameterize 869 

zooplankton in different freshwater ecosystems. 870 

 871 

4.5 Conclusions 872 

Our analysis highlights the power of process-based models for providing insight into 873 

disentangling direct and indirect responses of freshwater ecosystems to climate change. In this 874 

study, we found that warming air temperature had cascading effects on several physical, 875 

chemical, and biological reservoir variables that mediated zooplankton dynamics, which are 876 

often excluded from lake water quality modeling studies (Jeppesen et al., 2011). While the 877 

GLM-AED lake model has been applied to thousands of lakes and reservoirs (e.g., Bruce et al. 878 

2018, Bucak et al., 2018; Deng et al., 2024; Fadel et al., 2019; Ladwig et al., 2021; Read et al. 879 
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2014; Soares and Calijuri 2021), this study was the first to our knowledge that applied the model 880 

to study how climate change may affect zooplankton functional group dynamics amidst changing 881 

physical, chemical, and biological conditions. Importantly, our work highlights the importance of 882 

simulating both the direct and indirect effects that mediate water quality responses to climate 883 

change, especially regarding phytoplankton responses to warming, which drive bottom-up 884 

changes in zooplankton communities. Our results suggest that warming temperatures are likely 885 

to result in different responses among zooplankton taxa, emphasizing the importance of 886 

considering multiple functional groups in modeling studies. While our analysis only focused on 887 

one waterbody, we anticipate that we would observe differences in zooplankton taxon responses 888 

to warming temperatures across many lakes and reservoirs. Ultimately, our work provides a 889 

useful first step for highlighting the importance of zooplankton functional traits in mediating 890 

climate change responses. As a whole, this study emphasizes the multifaceted response of 891 

zooplankton communities to warming temperatures and highlights the important role that 892 

zooplankton communities have in mediating freshwater ecosystem functioning in response to 893 

climate change. 894 
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Text S1: 

To run GLM-AED for each of the climate scenarios, we needed realistic inflow stream 

water temperatures as model driver datasets that corresponded to the air temperature warming. 

We estimated the water temperature in the inflow entering Beaverdam Reservoir (which has 

sparse observations) by first identifying empirical relationships between air temperature and 

inflow water temperature at a nearby stream, Tunnel Branch (Carey et al., 2022), which we then 

applied to the inflow to BVR. Air temperature was measured with a research-grade 

meteorological station (see Carey et al., 2024a and detailed metadata) deployed on the dam of 

Falling Creek Reservoir (FCR), located ~3 km downstream from our study reservoir (Beaverdam 

Reservoir, BVR). Water temperature was measured with a YSI ProPlus sensor with Quattro 

cable (Carey et al., 2024b) at a gauged weir on Tunnel Branch at a site that is 1.8 km away from 

BVR and 0.7 km away from the weather station. 

We created linear relationships based on the 1-minute resolution FCR air temperature 

data and 15-minute resolution water temperature measured at Tunnel Branch that were collected 

from 2015-2022. Air temperature and water temperature data were aggregated to the daily time 

scale. We then related Tunnel Branch water temperature to BVR inflow water temperature using 

manual water temperature observations collected in 2019 (Carey et al., 2025; Woelmer et al., 

2023). See Wander et al. (2025) for detailed equations and all analysis code. 

We used this approach to relate warming air temperature to BVR inflow water 

temperatures for each of the different climate scenarios (see Methods text in main document); 

baseline driver data were derived from water temperature observations at the deep site in BVR 

and the meteorological station at FCR collected from 2015-2022. 
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Table S1: List of zooplankton taxa present in Beaverdam Reservoir from 2015-2022, identified 

by microscopy on a dissecting scope at 250-750× magnification (see Carey et al., 2024c for 

detailed metadata). Zooplankton taxa are ordered by their dominance based on mean 

proportional biomass over the simulation period. Note that taxa that comprise <1% of the total 

biomass were excluded. Group refers to one of the three modeled zooplankton groups in our 

GLM-AED simulation. 

Zooplankton Taxa Functional Group 

Nauplius Copepod 

Cyclopoida Copepod 

Daphnia Cladoceran 

Ceriodaphnia Cladoceran 

Bosmina Cladoceran 

Calanoida Copepod 

Trichocerca Rotifer 

Conochilus Rotifer 
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Table S2: Name and description of sensitive parameters that were identified from each module 

in the GLM-AED global sensitivity analysis. Descriptions are adapted from Hipsey et al. (2024). 

Parameter name Parameter description Module 

lw_factor Scaling factor to adjust the longwave (or cloud) data provided in the 
meteorology file 

 
temperature 

sed_temp_mean Annual mean sediment temperature 

Fsed_oxy Sediment oxygen flux at 20℃ oxygen 

Rch4ox Maximum reaction rate of methane oxidation at 20℃  
 
carbon Kch4ox Half-saturation oxygen concentration for methane oxidation 

Fsed_ch4 Sediment methane flux at 20℃ 

Fsed_dic Sediment carbon dioxide flux at 20℃ 

Fsed_rsi Sediment silica flux at 20℃  
silica 

Ksed_rsi Half-saturation oxygen concentration controlling silica flux 

theta_sed_rsi Arrhenius temperature multiplier for sediment silica flux 

Knitrif Half-saturation oxygen concentration for nitrification  
 
 
 
 
 
 
 
 
 
nitrogen 

theta_nitrif Temperature dependence of nitrification 

Kanmx_amm Half-saturation coefficient for anaerobic ammonium oxidation 

Rdnra Kinetic rate constant for dissimilatory nitrate reduction to 
ammonium 

Kdnra_oxy Half-saturation coefficient for dissimilatory reduction to nitrate to 
ammonium 

Fsed_amm Sediment ammonium flux 

Ksed_amm Half-saturation oxygen concentration controlling ammonium flux 
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theta_sed_amm Temperature dependence on sediment ammonium flux 

Rnitrif Kinetic rate constant for nitrification 

theta_denit Temperature dependence of denitrification 

Ksed_nit Half-saturation oxygen concentration controlling nitrate flux 

Ksed_frp Half-saturation oxygen concentration controlling phosphorus flux phosphorus 
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Table S3: Goodness-of-fit (GOF) metrics for aggregated water column water quality variables 

during the full simulated period (2015-2022), calibration period (2015-2020), and validation 

period (2021-2022) using the GLM-AED model. GOF metrics include root mean square error 

(RMSE), percent bias (PBIAS%), and normalized mean absolute error (NMAE). These 

goodness-of-fit metrics are commonly used in freshwater modeling studies (see review by Soares 

and Calijuri, 2021). N is the number of observations during each time period; model outputs 

were compared to observational data for the entire water column to calculate each GOF 

parameter during each time period. Variable column names correspond to water level (WL, m), 

water temperature (Temp, ℃), dissolved oxygen (DO, mg L-1), dissolved inorganic nitrogen 

(DIN; μg L-1), dissolved reactive phosphorus (DRP μg L-1), and chlorophyll a concentrations 

(Chla, μg L-1). Note that DIN is calculated as the sum of NH4 and NO3. 

Time period Parameter    WL Temp    DO   DIN   DRP Chla 

 N 1410 2491 1410 646 646 1362 

 RMSE 0.32 2.44 3.8 708.3 11.5 4.7 

Full Simulation PBIAS% 0.4 1.2 48.2 33.4 -7.8 -10.3 

 NMAE 0.03 0.12 0.6 1.1 0.8 0.8 

 N 1126 2003 1126 541 541 1194 

 RMSE 0.26 2.43 4.0 752.9 12.5 4.5 

Calibration PBIAS% -0.5 2.1 57.5 37.6 -7.9 -3 

 NMAE 0.02 0.12 0.7 1.1 0.8 0.8 

 N 284 488 284 105 105 168 

 RMSE 0.49 2.50 3.2 426.8 3.8 5.9 

Validation PBIAS% 4.5 -2.6 25.3 6.3 -7.1 -49.3 
 NMAE 0.04 0.15 0.3 0.9 0.5 1.0 

https://www.zotero.org/google-docs/?Tnk7HB
https://www.zotero.org/google-docs/?Tnk7HB
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Table S4: U.S. General Circulation Models (GCM) used to select air temperature scenarios for 

this study (see Methods; Abatzoglou and Brown, 2012). Mean difference between the average 

projected (2006-2099) temperature and average historical (1950-2005) temperature for each 

model is reported for both Representative Concentration Pathways (RCP; 4.5 and 8.5) for 

Roanoke, Virginia, USA (37.31288, −79.8159). All values are reported in ℃. 

GCM Model RCP 4.5 delta RCP 8.5 delta 

bcc-csm1-1 2.2 3.2 

bcc-csm1-1-m 2.0 2.9 

BNU-ESM 2.6 3.4 

CanESM2 2.5 3.5 

CCSM4 2.3 3.1 

CNRM-CM5 1.7 2.5 

CSIRO-Mk3-6-0 2.2 2.9 

GFDL-ESM2M 1.4 2.3 

GFDL-ESM2G 1.8 2.8 

HadGEM2-ES 2.7 4.2 

HadGEM2-CC 3.1 4.3 

inmcm4 1.0 1.6 

IPSL-CM5A-LR 2.4 3.2 

IPSL-CM5A-MR 2.1 3.0 

IPSL-CM5B-LR 2.0 3.1 

MIROC5 2.6 3.6 

MIROC-ESM 2.2 3.5 

MIROC-ESM-CHEM 2.6 3.5 

MRI-CGCM3 0.6 1.2 

NorESM1-M 2.4 3.3 
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Table S5: Zooplankton parameter values for the sensitivity tests with the five primary parameters using 10% lower (low value) and 

10% higher (high value) parameter values across taxa to test the robustness of our parametrization. Note that the last three columns 

correspond to calibrated values for each taxon used in current Beaverdam Reservoir calibration (calib. value) from 2015-2022. Rgrz = 

zooplankton grazing rate, Rresp = zooplankton respiration rate, Rmort = zooplankton mortality rate, ffecal = fecal pellet fraction of 

respiration, ffecal,sed = fraction of fecal pellets that sink directly to sediments (hard fraction), Topt = optimal temperature for zooplankton 

temperature dependence, Tmax = maximum temperature for zooplankton temperature dependence, INC = ratio of internal nitrogen to 

carbon, and IPC = ratio of internal phosphorus to carbon. 

Parameter Rotifer 
low 
value 

Cladoceran 
low      value 

Copepod 
low   
value 

Rotifer 
high 
value 

Cladoceran   
high          va
lue 

Copepod 
high 
value 

Rotifer 
calib. 
value 

Cladoceran 
calib.            v
alue 

Copepod 
calib. value 

Rgrz 0.72 1.17 1.35 0.88 1.43 1.65 0.80 1.3 1.5 

Rresp 0.09 0.27 0.18 0.11 0.33 0.22 0.10 0.30 0.20 

Rmort 0.054 0.072 0.009 0.066 0.088 0.011 0.06 0.08 0.01 

ffecal 0.045 0.036 0.018 0.055 0.044 0.022 0.05 0.04 0.02 

ffecal,sed 0.27 0.36 0.72 0.33 0.44 0.88 0.30 0.40 0.80 

Topt 22.5 25.2 25.2 27.5 30.8 30.8 25 28 28 

Tmax 27.0 31.5 31.5 33.0 38.5 38.5 30 35 35 

INC 0.045 0.198 0.135 0.055 0.242 0.165 0.05 0.22 0.15 

IPC 0.00016 0.0216 0.0113 0.002 0.0264 0.0138 0.0018 0.024 0.0125 
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Table S6: Goodness-of-fit (GOF) statistics for zooplankton functional groups (cladocerans, 

copepods, rotifers) for the full simulation period (2015-2022) across the full water column. GOF 

metrics include root mean square error (RMSE), percent bias (PBIAS%), and normalized mean 

absolute error (NMAE). These goodness-of-fit metrics are commonly used in freshwater 

modeling studies (see review by Soares & Calijuri, 2021). N is the number of observations 

during each time period; model outputs were compared to observational data for the entire water 

column to calculate each GOF metric. 

Metric cladoceran copepod rotifer 

n 63 65 44 

RMSE (mg C/L) 0.55 1.69 0.69 

PBIAS% 74.6 -28 365.2 

NMAE 1.38 1.02 3.67 
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Table S7: Wilcoxon rank sum test results comparing full water column rotifer biomass from 

2015-2022 across all climate scenarios (baseline, +1℃, +5℃, and +10℃), where each year is 

treated as a replicate. Italicized p-values indicate significance. Only rotifer biomass was 

significantly different across scenarios based on the Kruskal-Wallis test (chi-squared = 16.0, p-

value = 0.001); cladoceran and copepod biomass were not significantly different across scenarios 

(p > 0.05). Therefore, we did not perform Wilcoxon rank sum post-hoc tests for cladocerans and 

copepods. Note that the p-value was adjusted using Holm’s method for multiple comparisons. 

Comparison P-value Test statistic 

Baseline vs. Plus1 1.00 16 

Baseline vs. Plus5 0.013 0 

Baseline vs. 
Plus10 

0.013 0 

Plus1 vs. Plus5 0.026 2 

Plus1 vs. Plus10 0.017 1 

Plus5 vs. Plus10 1.00 21 
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Table S8: Kruskal-Wallis test results, degrees of freedom (df), and chi-squared (χ2) value 

associated with comparisons of maximum timing across climate scenarios (baseline, +1℃, +5℃, 

and +10℃) and taxa. 

Taxon df χ2 p-value 

Cladoceran 3 2.42 0.49 

Copepod 3 0.99 0.80 

Rotifer 3 1.23 0.74 
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Figure S1: Mean annual air temperature from 1948 - 2024 measured at the Roanoke Airport 
meteorological station in Roanoke, VA. (data from NOAA NCEI, 2025) 
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Figure S2: Mean zooplankton full-body length (size) (a) and natural-log transformed biomass 

(mg C L-1; b) distribution for cladocerans (blue), copepods (pink), and rotifers (yellow) in 

Beaverdam Reservoir from 2015-2022. 
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Figure S3: Modeled zooplankton biomass (mg C L-1) for all three zooplankton taxa 

(cladocerans, copepods, rotifers) in baseline conditions over the full simulation period from 

2015-2022 in Beaverdam Reservoir. GLM-AED was run with slight adjustments to zooplankton 

food preferences, where cyanobacteria make up 10% of cladoceran food resources by preference 

(compared to 0% in Figure 3 of the main manuscript). Biomass is aggregated for the full water 

column. 
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Figure S4: Zooplankton biomass for high vs. low parameterizations in Beaverdam Reservoir 

from 2015-2022 (see Table S3 for the 10% higher and lower parameter values) to test the 

robustness of our parameterization with a sensitivity analysis. Panels correspond to biomass of 

different functional groups (cladocerans, copepods, rotifers, and total zooplankton). The black 

line corresponds to the modeled zooplankton taxon biomass under baseline conditions using 

calibrated parameters before the 10% adjustment. 
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Figure S5: Modeled (black) vs. observed (red) values for 0.1 m nutrient concentrations during 

the full simulation period (7 July 2015-3 May 2022) in Beaverdam Reservoir. Variables are 

nitrate (NO3; μg NO3 L-1; a), ammonium (NH4; μg NH4 L-1; b), dissolved inorganic nitrogen 

(DIN; μg DIN L-1; c), and dissolved reactive phosphorus (DRP; μg DRP L-1; d). Dashed line 

indicates the transition from the calibration period to the validation period. Note that DIN is 

calculated as the sum of NO3 and NH4. 
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Figure S6: Modeled (black) vs. observed (red) values for water quality variables during the 

simulation period (7 July 2015-3 May 2022) in Beaverdam Reservoir at 9 m. Variables are water 

temperature (a), dissolved oxygen (DO; b), nitrate (NO3; c), ammonium (NH4; d), dissolved 

inorganic nitrogen (DIN; e), dissolved reactive phosphorus (DRP; f), and chlorophyll a (g). 

Dashed line indicates transition from the calibration period to the validation period. Note that 

DIN is calculated as the sum of NO3 and NH4. 
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Figure S7: Mean summer (May-September) yearly values for 9 m water quality variables from 

2016-2021 in Beaverdam Reservoir. Panels correspond to different water quality variables: water 

temperature (Water temp), dissolved oxygen (DO), dissolved inorganic nitrogen (DIN), 

dissolved reactive phosphorus (DRP), and chlorophyll a. Note that DIN is calculated as the sum 

of NO3 and NH4. 
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Figure S8: Summed annual zooplankton biomass for each modeled zooplankton functional 

group in Beaverdam Reservoir (cladocerans, copepods, and rotifers). 
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Figure S9: Modeled surface temperature during the simulation period (7 July 2015-5 May 2022) 

in Beaverdam Reservoir for each climate scenario. Colors correspond to climate scenarios: 

baseline, +1℃, +5℃, and +10℃. 
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Figure S10: Mean annual number of stratified days per year (defined as the number of days 

during which surface and bottom water densities are > 0.1 kg m-3) for baseline conditions, and 

warming climate scenarios (plus1, plus5, and plus10) in Beaverdam Reservoir from 2016-2021. 
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Figure S11: Annual mean zooplankton biomass for each functional group and total zooplankton 

biomass (panels) and scenario (colors) calculated for years with full data during 2016-2021 in 

Beaverdam Reservoir. 
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Figure S12:  Time series of relative modeled zooplankton biomass for baseline conditions and 

warming air temperature scenarios (plus1, plus5, and plus10) from 2015-2022 in Beaverdam 

Reservoir. Colors correspond to the three focal zooplankton functional groups. 
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Figure S13: Total phytoplankton biomass for each modeled functional group (colored lines) in 

Beaverdam Reservoir from 8 July 2015 to 3 May 2022. Panels correspond to warming 

temperature scenarios. 
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Figure S14: Smoothed monthly zooplankton biomass for each taxon during the full simulation 

period (2016-2021). Colored lines correspond to locally estimated scatterplot smoothing 

(LOESS) for each of the sensitivity tests (high parameter versus low parameter, see Table S3). 

Panels represent each simulated zooplankton functional group (cladocerans, copepods, rotifers, 

total zooplankton). Shaded region represents 95% confidence intervals. Black line corresponds to 

zooplankton biomass under baseline conditions using calibrated parameters before the 10% 

adjustment. 
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Figure S15: Time series of relative modeled zooplankton biomass under baseline conditions 

(left), 10% higher zooplankton parameterizations (middle), and 10% lower zooplankton 

parameterizations (right) in Beaverdam Reservoir from 2015-2022 (see Table S3 for the 10% 

higher and lower parameter values). Colors correspond to the three focal zooplankton functional 

groups. 
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Figure S16: Annual mean biomass for each phytoplankton functional group: cyanobacteria, 

green algae, and diatoms (panels) in each scenario (colors) from 2016-2021 in Beaverdam 

Reservoir. 
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Figure S17: Smoothed monthly zooplankton biomass for each taxon separated by year (2016-

2021). Colored lines correspond to locally estimated scatterplot smoothing for each scenario 

(baseline, plus1, plus5, plus10). Panels represent each simulated zooplankton taxon per year 

(cladocerans, copepods, rotifers, total zooplankton). Shaded region represents 95% confidence 

intervals. 
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Figure S18: Smoothed monthly standardized total biomass for zooplankton (blue) and 

phytoplankton (purple) over the simulation period (2016-2021). Colored points correspond to the 

mean standardized biomass for each month. Panels represent each scenario (baseline, plus1, 

plus5, plus10). Shaded region represents 95% confidence intervals. 
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Figure S19: Temperature sensitivity function for zooplankton grazing (pink and yellow solid 

lines) and the exponential Q10 mortality and respiration function (black dashed line) for all three 

functional groups parameterized using GLM-AED for Beaverdam Reservoir; see Hipsey et al. 

(2022) for complete list of model equations. Note that cladocerans and copepods have the same 

grazing rates and all three zooplankton groups have the same respiration and mortality rates. 
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