
 

   

ABSTRACT 

HAN, YUE. Evaluating the Roles of Light, Mixing, and Nutrients on Algal Production and 
Cyanobacteria Dominance in A Shallow Reservoir through Computational Modeling (Under the 
direction of Dr. Daniel R. Obenour and Dr. Tarek N. Aziz). 
 

Lakes and reservoirs often serve as water supplies and recreational attractions. As such, it 

is important to ensure a high level of water quality in these systems. Many water quality outcomes, 

including the formation of harmful algal blooms (HABs) which are a major increasing threat to 

freshwater systems, are affected by a combination of biophysical factors. Understanding the key 

factors driving HAB dynamics is important to the formulation of management strategies. To this 

end, the linkages between phytoplankton and biophysical factors in shallow (2-3 m) embayments 

of a eutrophic reservoir (Jordan Lake, NC) are analyzed through three steps (i.e., studies) that 

progressively deepen our understanding: (1) characterizing natural (wind-induced) diffusion rates 

to explore how vertical mixing and artificial circulation can influence phytoplankton light 

exposure; (2) developing and comparing multiple modeling approaches to predict chlorophyll-a 

concentration and to understand the relative importance of biophysical drivers in limiting algal 

production; (3) developing a mechanistic competition model to characterize temporal variability 

and competition between cyanobacteria and non-cyanobacteria. The first study incorporates a 

novel, multi-objective calibration approach to hydrodynamic modeling which is shown to improve 

simulation accuracy across a suite of temperature and stratification indices. The results suggest 

that artificial circulators installed in Jordan Lake had minimal impact on mixing conditions when 

compared to naturally (i.e., meteorologically) induced mixing. However, model simulations based 

on (hypothetical) higher circulation rates suggest that vigorous mixing can potentially influence 

phytoplankton dynamics by reducing light exposure for buoyant taxa, such as filamentous 

cyanobacteria common in Jordan Lake. The second study compares a multiple linear regression 



 

   

model versus a mechanistic model within a Bayesian framework in explaining summer 

chlorophyll-a variability. Specifically, the outcome from the first study (i.e., cyanobacteria 

buoyancy feature and vertical mixing) are synthesized as a novel component into the mechanistic 

model to better represent interactions among phytoplankton and light-related environmental 

factors. However, the results demonstrate the role of nutrients in limiting algal production is more 

critical than light, temperature, and vertical mixing. While both models explain approximately 

60% of the variability in chlorophyll-a concentration, the mechanistic model is more robust in 

cross-validation and provides a more comprehensive assessment of bloom drivers. The third study 

is an extension of the second study, which expands the mechanistic model to simulate the 

competition between cyanobacteria and non-cyanobacteria groups. The results identified nutrients 

and temperature as predominant factors driving cyanobacteria dominance. Overall, these studies 

demonstrate new modeling approaches that synthesize process-based formulations and multi-year 

datasets within rigorous optimization and probabilistic frameworks to improve inference of 

controlling processes. The studies identify drivers of algal production and cyanobacteria 

dominance in a shallow turbid reservoir, which can be used to evaluate different algal control 

strategies.  
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INTRODUCTION 

 

Shallow lakes and reservoirs with mean depths of less than 3 m account for approximately 

85% of lakes globally (Cael et al., 2017; Downing et al., 2006). Compared to relatively deep 

waterbodies, shallow lakes and reservoirs are some of the most impaired aquatic ecosystems since 

they tend to be more sensitive to anthropogenic, meteorological, and hydrological changes (Moss 

et al., 1996; Søndergaard et al., 2007). For example, due to the shallowness and small volume of 

these lakes, nutrient inputs are more concentrated than they are in deeper lakes. Light penetration 

occurs to a greater extent in shallow waterbodies. Wind-induced mixing can reach the bottom of 

shallow waterbodies and stir up nutrient-rich sediments, which then feed the aquatic plants or 

algae. Anthropogenic pressure (pollution, eutrophication) strongly influences these shallow 

ecosystems and can lead to serious, long-term water quality problems such as harmful algal blooms 

(HABs), hypoxia, and fish kills (Heisler et al., 2008; Smith and Schindler, 2009).  

Excessive proliferation of algae (algal blooms) has become a major water quality problem, 

and blue-green algae (cyanobacteria) have the potential to produce toxins, scums, and adverse 

tastes and odors for drinking water (Anderson et al., 2002; Huisman et al., 2018). Nutrients, light, 

temperature, and water column stability mainly determine the production of algae (Paerl et al., 

2001). Typically, phosphorus has been considered the main limiting nutrient controlling 

phytoplankton growth in freshwater ecosystems since some of the algal species can fix nitrogen 

from the atmosphere (Correll, 1999; Howarth et al., 1988). Meanwhile, more attention has been 

paid to reduce nitrogen since recycling of legacy nutrients (mainly phosphorus) from reservoir 

sediments (Lewis et al., 2011; Reddy et al., 2011). Another key aspect is light, which determines 

the magnitude of photosynthesis and affects water transparency, growth and competition of 
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phytoplankton (Kirk, 1994; Reynolds, 2006; Scheffer, 2004). In addition, vertical mixing induced 

by wind also affects growth, distribution, and composition of phytoplankton in the water column 

(Huisman et al., 2004; Jäger et al., 2008; Peeters et al., 2013). In calm conditions, most of non-

motile phytoplankton taxa, such as many green algae and diatoms, will sink below the photic zone 

(Reynolds, 2006; Whitton and Potts, 2000). To overcome sinking, some cyanobacteria have 

evolved gas vacuoles and the buoyancy is regulated according to various environmental variables, 

such as temperature, nutrient availability, and light intensity (Bormans et al., 1999; Walsby, 1994). 

Those phytoplankton taxa with more efficient buoyancy regulation or other forms of vertical 

motility have a clear advantage in calm conditions or in wind-sheltered parts of lakes.  

Lake and reservoir managers seek strategies to improve water quality, combat 

eutrophication, and develop a more stable clear-water condition for shallow water systems (Stroom 

and Kardinaal, 2016). Nutrient input reduction is a common strategy for controlling the 

development and proliferation of algal blooms (Smith et al., 1999). In addition, vertical mixing is 

expected to influence blooms, and artificial mixing is sometimes used to suppress blooms (Visser 

et al., 2016). Artificial mixing can increase vertical diffusion and deepen the surface mixed layer 

or prevent seasonal water column stratification all together. Applications of artificial mixing to 

reduce algal biomass and suppress cyanobacteria blooms have yielded inconsistent results, 

especially in shallow systems (Heo and Kim, 2004; Tsukada et al., 2006; Visser et al., 2016). It is 

possible that shallow waterbodies are not deep enough to allow for substantial light limitation, 

though in turbid reservoirs such mixing may appreciably influence phytoplankton light exposure 

(Han et al., 2020). Therefore, these shallow turbid systems may require a detailed analysis of 

vertical diffusion to better distinguish the potential role of mixing on cyanobacteria suppression. 

Moreover, it is important to understand the inter-related effects of nutrient, light, vertical mixing, 
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temperature, and turbidity on algal production, phytoplankton competition, and cyanobacteria 

dominance. 

  The aim of my thesis is to provide management-relevant insights on the utility of various 

artificial mixing applications, develop a predictive and reliable algal bloom model, and to assist 

policy makers with the information necessary to create effective management plans (e.g., nutrient 

management, in-lake mixing). As discussed in the previous sections, it is important to understand 

the interactions among phytoplankton growth, light, nutrients, and vertical mixing. Thus, the aim 

of this study is to develop models for evaluating lake management alternatives that consider these 

factors.  

Numerous statistical and mechanistic algal modeling studies have been conducted (Franks, 

2018; Janssen et al., 2019). Statistical models focus on exploring the relationships between 

response variables (e.g., biovolume, chlorophyll-a concentration) and explanatory variables (e.g., 

environmental drivers such as wind, solar radiation, and temperature), while data support is the 

prerequisite (i.e., model developed after data are collected) (Shenk and Franklin, 2001). 

Mechanistic models are built based on process-based knowledge and thus can lead to predictions 

even before data are collected (Shenk and Franklin, 2001). However, such mechanistic models can 

be challenging to parameterize (Shimoda and Arhonditsis, 2016). Therefore, synthesizing process-

based modelling approaches with data-driven inference can provide important insights into 

biophysical factors (Malve et al., 2007; Obenour et al., 2015). Overall, my goal was to develop an 

approach with intermediate mechanistic complexity and data-driven inference for exploring the 

sensitivity of phytoplankton to various anthropogenic and natural inputs.   

Chapter 1 has been published in the Journal of Lake and Reservoir Management with the 

title “Assessing vertical diffusion and cyanobacteria bloom potential in a shallow eutrophic 
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reservoir” (Han et al., 2020). I created a systematic modeling approach for predicting diffusion 

(mixing) using meteorological data from nearby weather stations as inputs. The approach 

incorporates multiple mixing-related indices derived from measured water-column temperature 

profiles to refine and test the model’s accuracy and produce realistic simulations of diffusion over 

time. We find that simultaneously calibrating to normalized temperature (i.e., deviations from 24-

hour means) and Schmidt stability produces realistic simulations across the range of indices 

considered. In addition, model-simulated diffusions are verified with in situ turbulent diffusion 

estimates obtained from temperature micro-structure profiles. The model characterizes natural 

(wind-induced) diffusion rates throughout the year, and explores how artificial circulation can 

further enhance diffusion. Based on the modeling results, we determine that artificial circulators 

(installed in a portion of Jordan Lake) had minimal impact on overall lake mixing. In addition, we 

explore the potential for mixing to suppress cyanobacteria, potentially toxin-producing 

microorganisms. Using the proposed model, lake and reservoir managers can better assess whether 

artificial circulation is a viable option for improving water quality and suppressing HABs for 

similar waterbodies as Jordan Lake.  

Chapter 2 includes developing and comparing two modeling approaches to understand the 

relative importance of biophysical drivers in limiting algal production during the warm (June-

October) season of cyanobacteria dominance. One is a multiple linear regression (statistical) model 

and the other is a process-based (mechanistic) model. Particularly, the mechanistic model 

incorporates three unique aspects including: 1) incorporation of a phytoplankton buoyancy feature 

and vertical mixing to better represent interactions among phytoplankton and light-related 

environmental factors;  2) calibration using Bayesian inference, which allows us to incorporate 

prior knowledge on biophysical rates while assessing uncertainties; and 3) application of a steady-
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state solution which directly utilizes in lake nutrient measurements to reduce model complexity 

and uncertainty associated with watershed nutrient loading or sediment nutrient flux models. Our 

results demonstrate that chlorophyll-a concentration is more responsive to nutrient variability than 

light, temperature, and vertical mixing. Although both statistical and mechanistic models explain 

approximately 60% of the variability in chlorophyll-a, the mechanistic model is more robust in 

cross-validation. Moreover, the mechanistic model also allows for more comprehensive analysis 

of the relative importance of biophysical drivers on algal production. 

Chapter 3 includes developing a mechanistic model to assess the key relationships 

influencing cyanobacteria dominance. This mechanistic model focuses on two major 

phytoplankton categories (i.e., cyanobacteria and non-cyanobacteria) competing for nutrients and 

light. The model is calibrated within a Bayesian framework. Additionally, a unique aspect of the 

model is the application of quasi-dynamic simulation, which reduces the computational burden, 

uncertainty, and complexity of representing nutrient dynamics. The model provides a reasonably 

good fit to the observed total chlorophyll-a concentration (R2 of 51%) and to chlorophyll-a 

associated with cyanobacteria (R2 of 47%), but explains less of non-cyanobacteria chlorophyll-a 

(R2 of 10%). Our analysis identified key environmental factors driving cyanobacteria dominance 

across different seasons, suggesting that cyanobacteria are well adapted to warming temperatures 

and are a superior competitor for nutrients. Additionally, the phytoplankton community in our 

reservoir are well acclimated to low-light conditions. Furthermore, this application demonstrates 

the potential of the Bayesian mechanistic competition model for predicting cyanobacterial 

dominance in response to environmental change. 
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1.0  ASSESSING VERTICAL DIFFUSION AND CYANOBACTERIA BLOOM 
POTENTIAL IN A SHALLOW EUTROPHIC RESERVOIR 

 

This Chapter is based on the following published article: 

Han, Y., Smithheart, J.W., Smyth, R.L., Aziz, T.N. and Obenour, D.R., 2020. Assessing vertical 

diffusion and cyanobacteria bloom potential in a shallow eutrophic reservoir. Lake and 

Reservoir Management, 36(2), pp.169-185. https://doi.org/10.1080/10402381.2019.1697402 

 

Abstract 

Harmful blooms of cyanobacteria are an increasing threat to many lakes and reservoirs. While 

vertical mixing has been shown to be an important control on cyanobacteria dominance in some 

lakes, the relevance of mixing in relatively shallow turbid systems remains unclear. To explore 

mixing and its impact on cyanobacteria bloom potential, we leveraged data from a multi-year field 

campaign of a central North Carolina reservoir where artificial circulators were installed to: (1) 

implement a parsimonious 1D turbulent diffusion model with an artificial circulation term, (2) 

introduce a novel multi-objective calibration approach considering both water column temperature 

and stability, and (3) explore how mixing affects cyanobacteria bloom potential through changes 

in cyanobacteria light exposure relative to other algal taxa. Our multi-objective calibration 

approach is shown to realistically simulate both water temperature (R2 =0.99) and water column 

stability (R2 =0.62) throughout the year. Analysis of artificial mixing demonstrates the relative 

insignificance of the circulator deployment in our study area and suggests that at least eight times 

the implemented circulation rate would be required to substantially reduce the ability of buoyant 

cyanobacteria to outcompete other algal taxa for light. Overall, this study demonstrates an efficient 
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and systematic approach for characterizing vertical mixing in lakes and reservoirs, which can be 

used to assess the viability of artificial circulation prior to deployment. 

 

1.1 Introduction 

Transport phenomena play a critical role in the water quality of lakes and reservoirs, 

controlling pollutant fate, oxygen budgets, and nutrient dynamics (Tundisi and Tundisi, 2012). In 

addition, vertical mixing is an important factor modulating the formation of harmful algal blooms 

(Huisman et al., 2004). Some phytoplankton have evolved motility features to navigate vertically 

to access photosynthetically available light near the surface and nutrients below (Reynolds et al. 

1987). While sinking taxa, such as most green algae and diatoms, rely heavily on mixing processes 

for access to the photic zone, many cyanobacteria achieve this motility through altering their 

buoyancy, and thus outcompete neutrally buoyant and sinking phytoplankton taxa in calm 

conditions (Whitton and Potts, 2000).  

Artificial mixing through aeration and mechanical circulation has been employed to 

improve water quality in eutrophic lakes for several decades (Pastorok and Grieb 1984, Visser et 

al. 2016). Artificial mixing increases vertical diffusion and can deepen the surface mixed layer or 

prevent seasonal water column stratification. Such interventions increase the oxygen content in 

lower layers and affect phytoplankton competition for light, which is influenced by the vertical 

distribution of algal cells and water clarity (Diehl 2002, Huisman et al. 2004). The allure of reduced 

harmful algal blooms through enhanced mixing is particularly salient for water supply managers, 

as blooms may lead to water treatability issues related to low dissolved oxygen, taste and odor, 

disinfection by-products, and cyanobacteria toxins (Paerl et al. 2001, Knappe 2004). While 
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manipulation of the physical structure of a waterbody can influence phytoplankton dynamics, 

applications to reduce algal biomass and suppress cyanobacteria blooms have yielded inconsistent 

results (Pastorok and Grieb 1984, Visser et al. 2016). For example, some studies found that 

artificial mixing technologies can shift the phytoplankton dominance away from cyanobacteria 

(e.g., Huisman et al. 2004, Lilndenschmidt 1999, Steinberg 1983), while other studies suggested 

mixing had either minimal effect or increased cyanobacterial abundance (e.g., Barbiero et al. 1996, 

Oberholster et al. 2006, Tsukada et al. 2006). 

Factors that influence the success of mixing systems for algal bloom suppression are 

thought to include waterbody depth, background turbidity, mixing rate, and the spatial distribution 

of aerators or mechanical mixers (Wagner 2015, Visser et al. 2016). Studies of colonial 

cyanobacteria (e.g., Microcystis) suggest that such highly buoyant taxa can be suppressed by 

artificial mixing in lakes with depths of 15 m or more, however, there is currently no clear guidance 

or consensus on whether artificial mixing will be effective for shallower waterbodies or other 

cyanobacteria taxa (Visser et al. 2016). Such shallow waterbodies are often dominated by 

filamentous cyanobacteria (Touchette et al. 2007), which are positively buoyant but less motile 

than colonial taxa (Reynolds et al. 1987). Shallow lakes are highly sensitive to meteorological 

fluctuations that readily induce mixing and often prevent seasonal stratification (Imberger 1985, 

Ndong et al. 2017). Such polymictic systems can stratify and mix over a daily time scale, 

dependent on wind shear and atmospheric heat exchange (Branco and Torgersen, 2009). Mixing, 

because it often reaches the bottom of these shallow systems, can also re-suspend sediments (Qin 

et al. 2004), which reduces light penetration and alters nutrient distributions (Diehl, 2002). 

Therefore, the conditions for photosynthesis are considerably different in shallow turbid systems 

when compared to systems deep enough to maintain seasonal stratification. 
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There have been a number of studies simulating vertical mixing in natural waters of various 

depths and surface areas (e.g., Hamilton and Schladow 1997, Beletsky et al. 2013). These efforts 

have largely focused on describing the variability in water column temperature and stratification. 

However, these models tend to include uncertain parameters (i.e., coefficients) governing 

relationships between atmospheric forcings, vertical temperature structure, and diffusion (Bruce 

et al., 2018). Furthermore, the applicability of a given model or parameter set is often evaluated 

based on visual comparisons between simulated and observed temperatures (e.g., McCormick and 

Scavia 1981, Bormans and Webster 1998). While such comparisons are satisfactory in many cases, 

a more systematic and quantitative calibration approach may be warranted when there is a need to 

objectively evaluate differences in mixing among various locations and states of artificial 

circulation. In addition to temperature, quantitative comparisons can also be made with integrated 

measures of water column stability (e.g., thermocline gradient, Schmidt stability) that are critical 

to the biogeochemical cycles of lakes and reservoirs (Chapra 2008, Sahoo et al. 2016). Such 

quantitative comparisons may be particularly important to shallow water bodies (i.e., with mean 

depths less than 15 meters) where water temperature and thermal structure are highly dynamic. 

The aim of this study is to develop a systematic approach for characterizing vertical mixing 

and potential impacts on cyanobacteria light competition across multiple locations and artificial 

circulation conditions. The study area includes two shallow eutrophic embayments of Jordan Lake, 

North Carolina (NC); one of which included a large-scale deployment of solar-powered circulators 

over a majority of the study period, which covers June 2015 to August 2017. To characterize 

vertical mixing, we develop a novel multi-objective approach to calibrating an existing 1D 

hydrodynamic (turbulent diffusion) formulation to a suite of temperature and stratification indices 

derived from thermistors on a taut line mooring (thermistor string). We evaluate model 
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performance and robustness using cross-validation and comparison with in-situ estimates of 

diffusion obtained from a self-contained autonomous microstructure profiler (SCAMP). We 

demonstrate the utility of the approach for assessing the impact of the artificial circulators on 

diffusion, and for characterizing seasonal variability in diffusion due to natural factors (i.e., 

meteorology). We then use the hydrodynamic model to simulate the vertical distribution of 

buoyant and sinking phytoplankton taxa within the water column, and thereby explore the potential 

effects of enhanced mixing on cyanobacteria suppression through light limitation across a range 

of circulation rates. Based on this analysis, we assess the limitations of the solar-powered 

circulators for influencing cyanobacteria dominance within our study area. 

 

1.2 Study site 

Jordan Lake (35º42'N; 79º00'W) is a major water supply reservoir of the Piedmont region 

of NC, USA. Similar to other reservoirs in the region, Jordan Lake has experienced high levels of 

algae (chlorophyll-a) and pH due to progressive eutrophication since impoundment (Touchette et 

al. 2007, NCDEQ 2014). Solar-powered circulators (SolarBee SB10000; Medora Corporation) 

were deployed in portions of Jordan Lake from July 2014 to August 2016 to evaluate their ability 

to reduce algal blooms that are dominated by cyanobacteria in summer. This pilot project, 

originally funded by the state of NC for about $1.7 million, included 24 circulators deployed in 

the Morgan Creek Arm (MCA) of Jordan Lake and twelve circulators lower in the lake (NCDEQ, 

2017; NCGA, 2013). 
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Figure 1.1: Jordan Lake reservoir with detailed insert of Morgan Creek Arm (MCA) and New 

Hope Creek Arm (NHA). Also shown are the locations of the thermistor strings and surface layer 

circulators. 

 

The MCA and New Hope Creek Arm (NHA) were targeted in this study (Figure 1.1). The 

bathymetry of these relatively shallow embayments are similar with average depths of 

approximately 2.4 and 3.0 m, respectively, and surface areas of approximately 2.1 and 2.7 km2, 

respectively, when the reservoir is at its conservation pool elevation of 65.8 m above mean sea 

level (USACE, 1964). MCA and NHA are turbid with mean (± standard deviation) Secchi depths 

of 0.46±0.13 m and 0.43±0.12 m, respectively (NCDEQ, 2017). The chlorophyll-a concentration 

in MCA and NHA was 60.3±24.5 µg/L and 63.1±24.3 µg/L, respectively, and pH was 7.82±0.80 

and 7.75±0.77, respectively. The main body of Jordan Lake (obtained from a station approximately 
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3 km downstream of the study area) had similar characteristics, with chlorophyll-a concentration 

of 51.9±20.5 µg/L, Secchi depth of 0.58±0.13 m, and pH of 7.51±0.61. In the MCA, the circulators 

continuously advected water from a depth of about 1.25 m to the surface through a 0.9 m circular 

tube at a rate of approximately 720 m3/hr (Medora Corp, 2018). Circulators were spaced at 

approximately 300 m intervals, suggesting a treatment zone of about 90,000 m2 per unit and a 

mean vertical advection rate of 0.80 cm/hr. A base plate below the draft end of the tube inhibited 

entrainment of bottom waters. No circulators were deployed in NHA. 

 

1.3 Materials and methods 

1.3.1 Data 

Because it was infeasible to deploy an on-lake weather station, meteorological data 

including solar radiation, wind speed, air temperature, and relative humidity were obtained from 

regional weather stations (State Climate Office of NC, 2016). Stations were located 19, 22, and 25 

km from the study site and data from the closest station were used when available, as described in 

Supplementary Material (Chapter 1.5.1). In addition, thermistor strings were deployed in MCA 

and NHA to log hourly vertical water temperature profiles. Each thermistor string consisted of six 

U-22 HOBOs (Onset Computer Corporation) temperature loggers. Thermistor data were collected 

from 8 July 2015 to 31 August 2017 at MCA, and from 24 May 2016 to 31 August 2017 at NHA 

(NHA data missing prior to May 2016 due to lost loggers). Lake level information was based on 

field measurements and the U.S. Geological Survey Station 02098197 at Jordan Lake Dam (Figure 

1.1). 
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Phytoplankton biovolume measurements were made available by the NC Department of 

Environmental Quality (DEQ) (e.g., NCDEQ 2017). Additional phytoplankton samples were 

analyzed at the NC State University Center for Applied Aquatic Ecology (CAAE) as part of this 

project. In both cases, biovolumes were enumerated based on microscopic observations. 

 

1.3.2 Model specification 

A well-established turbulent diffusion formulation based on a 1D vertical heat balance was 

used in this study. The approach is outlined in multiple texts, including Henderson-Sellers (1984), 

Chapra (2008), and Martin and McCutcheon (1998), and details are provided in the Supplementary 

Material (Chapter 1.5.2). Within this formulation, vertical turbulent diffusion D at depth z is 

characterized as a function of water column stability and shear stress: 

𝐷𝐷(𝑧𝑧) = 𝐷𝐷𝐵𝐵𝐵𝐵 + 𝐷𝐷0(1 + 𝛽𝛽𝑅𝑅𝑖𝑖(𝑧𝑧)𝑛𝑛)−𝛼𝛼             (1) 

where DBG is a calibrated background diffusion coefficient (m2/s) that accounts for sources of 

mixing not explained directly by wind speed, such as large-scale current patterns and bed shear 

(Imboden and Wüest, 1995) and potentially artificial circulation. Parameter D0 is diffusivity (m2/s) 

at neutral stability (no stratification), and Ri(z) is the gradient Richardson number at depth z, which 

characterizes local water column stability (Supplementary Material, Chapter 1.5.2)). Parameters 

α, β, and n are empirical constants that were set to 1.0, 0.1, and 1.0, respectively (Martin and 

McCutcheon, 1998; Rossby and Montgomery, 1935). We note that other values have also been 

proposed (Munk and Anderson 1948, Ueda et al. 1981), but generally yielded slightly worse 

predictive performance for our study area and are not considered further in this manuscript. 

Diffusion at neutral stability is calculated as D0=ωH/C, where H is waterbody depth (m) and ω is 
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wind shear velocity (m/s) (Supplementary Material, Chapter 1.5.2). Parameter C is the ratio of 

water surface velocity to friction velocity, set to 34 (Kondo et al., 1979) based on an average wind 

speed of 2.8±1.8 m/s.  

 

1.3.3 Numerical solution  

The differential equation governing heat transport (Supplementary Material, Chapter 1.5.2) 

was solved numerically using the forward-time central-space (FTCS) approach (Chapra, 2008). In 

the model, a sigma coordinate system allows segment thickness to vary with water column depth 

(Phillips, 1957). Shallow lake models require fine temporal and vertical segmentation to capture 

changes in temperature profiles and diffusion at high resolution (e.g., Riley and Stefan 1988). In 

this modeling application, we used 15 vertical segments with a nominal thickness of 0.2 m (for a 

typical lake depth of 3 m). A time increment of 20 seconds was used to minimize numerical error 

and avoid instabilities (Chapra, 2008). To remove the influence of initial conditions on model 

accuracy, we used one week of model ramp-up time, which was sufficient due to the shallow nature 

of the study area. For computational tractability, a convective mixing module was executed when 

water column instability occurs, i.e., when denser water overlays lighter water as a result of 

nighttime surface cooling (Supplementary Material, Chapter 1.5.3). 

 

1.3.4 Calibration procedure 

Four model parameters were calibrated through nonlinear optimization, including a 

background diffusion coefficient (DBG, m2/s), cross-wind scaling coefficient (CUw, unitless), 
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atmospheric emissivity coefficient (A, unitless), and microclimate coefficient (CMC, unitless). DBG, 

which applies to Eqn 1, was bounded from 10-6 to 10-4 m2/s, which is the range of vertical diffusion 

common to the lower layers of lakes (Chapra, 2008). The cross-wind scaling coefficient (CUw) 

accounts for how the asymmetric geometries of MCA and NHA influence over-lake wind speeds. 

CUw was bounded by 0 and 1.0, reflecting complete cross-wind sheltering and no sheltering, 

respectively. More precisely, the effective wind speed (Uw) was calculated based on the 

longitudinal component of wind velocity (uy) and the cross-wind component (ux) scaled by CUw 

such that 𝑈𝑈𝑤𝑤 = �𝑢𝑢𝑦𝑦2 + (𝐶𝐶𝑈𝑈𝑤𝑤)𝑢𝑢𝑥𝑥2. The longitudinal axes of MCA and NHA are -14.85° and 27.08° 

clockwise from north, respectively. An emissivity parameter (A) ranging from 0.5 to 0.7, as 

suggested by Chapra (2008), influences the magnitude of incoming air longwave radiation (Brunt, 

1932) (Supplementary Material, Chapter 1.5.2, Eqn S4). A microclimate parameter (CMC) was 

included as a multiplier on both the evaporative and convective heat fluxes (Supplementary 

Material, Eqns S7, S8), to account for the influence of the waterbody on over-lake meteorological 

conditions. Based on previous studies of waterbody microclimate effects (Keijman 1974, 

Rosenberry et al. 1993), we bound CMC from 0.9 to 1.0, where 1.0 represents no microclimate 

effect and 0.9 represents a 10% reduction in the relevant fluxes.  

To calibrate and evaluate the turbulent diffusion model, four temperature and stratification 

indices were considered. The first index, Tw, is simply the water temperature (C). The second 

index, Tn, is the normalized water temperature calculated as Tn=Tw-Tµ, where Tµ is the centered 

24-hour moving average temperature. Thus, Tn characterizes sub-daily variability. Tw and Tn were 

compared at 20%, 40%, and 60% of total depth, based on the availability of thermistor data. In 

addition, maximum daily temperature gradient (i.e., thermocline gradient) over a one meter 

interval (Gt, C/m) and Schmidt stability (St, J/m2) were also evaluated, as these indices provide 
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measures of stratification. St is defined as the energy required to create an isothermal temperature 

profile (Schmidt, 1928) and was obtained using the Lake Analyzer numerical toolbox (Read et al., 

2011). The inputs required to calculate St included relationships between lake depth and cross-

sectional area, which were obtained from bathymetry (USACE, 1964) adjusted based on field 

measurements. Comparisons of simulated to observed calibration indices were based on the 

coefficient of determination (R2) and mean absolute error (MAE) (Willmott, 1981) (Supplementary 

Material, Chapter 1.5.4). Calibration was performed in MATLAB using non-linear optimization 

via the interior-point algorithm (Grace, 1990; Mendes and Kell, 1998) to maximize R2. To provide 

a more comprehensive calibration criterion, we also defined a combined index (TS) of Tn and St, 

averaging their R2 values.  

 

1.3.5 Validation procedure 

The ability of the model to predict out-of-sample (i.e., predict data not included within the 

calibration dataset) was assessed through cross-validation (Chatfield, 2006). Here, cross-validation 

is performed by estimating model parameters from one subset (i.e., fold) of data and then using 

those parameters to make predictions on the remaining data. We divided the overall dataset into 

three folds based on location and presence or absence of artificial circulators. These folds included: 

(1) artificial circulation period of MCA (1 June 2015 to 10 August 2016), (2) natural mixing period 

of MCA (11 August 2016 to 31 August 2017), and (3) natural mixing period of NHA (24 May 

2016 to 31 August 2017), and are referred to as MCAa, MCAn, and NHA, respectively. In addition, 

by comparing parameter estimates across the three folds, the validation exercise was also used to 

assess how robust the model was to changes in time, location, and the presence and absence of 
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circulators. It is noted that some variations in model parameters could be expected between folds 

with and without circulators, as will be discussed in the Results.  

Model simulated diffusion rates were also compared to estimates of diffusion derived from 

in-situ measurements (Table 1.4). Approximately three hundred temperature gradient 

microstructure profiles were collected with a SCAMP (PME Inc.) in upward profiling mode in the 

MCA and NHA on 3-7 August 2015, 28 July 2016, and 11 August 2016. Rates of dissipation of 

turbulent kinetic energy were estimated for vertical segments of ~0.25 m from the temperature 

gradient signal (Batchelor, 1959) with curve fitting procedures recommended by Ruddick (2000) 

and Luketina and Imberger (2001) and were used to estimate vertical diffusivity following 

Dunckley et al. (2012). 

 

1.3.6 Simulation of enhanced artificial circulation 

To further explore the potential influence of enhanced mixing, we simulated artificial 

circulation by adding a vertical advection term to the turbulent diffusion model (Supplementary 

Material, Chapter 1.5.2, Eqn S1). Applying the enhanced model to MCA, we simulated 

temperature and mixing dynamics under artificial circulation rates (q) of 0 to 50 cm/hr. Similar to 

the operation of the circulators, water is advected downward until it reaches the lower mixing 

depth (h), at which point it is returned to the surface through the draft tube. For these simulations, 

an effective diffusion was calculated as De=D+hq based on the relationship between diffusion and 

circulating flow (Chapra, 2008). 

Indices reflecting phytoplankton competition for light were also simulated for each 

circulation rate. The dimensionless Péclet number for buoyant phytoplankton was calculated as 
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Pe=Hvr/De, where vr is the upward velocity of cyanobacteria (O’Brien et al. 2003). To further 

explore how artificial circulation influences the light exposure of phytoplankton taxa with different 

rise (or sinking) rates, we applied a 1D tracer model (Chapra, 2008). This model was used to 

simulate the relative vertical motion of buoyant or sinking phytoplankton taxa: 

𝜕𝜕𝐶𝐶𝑖𝑖
𝜕𝜕𝜕𝜕

= 𝐷𝐷𝑒𝑒
𝜕𝜕2𝐶𝐶𝑖𝑖
𝜕𝜕𝜕𝜕2

+ 𝑣𝑣𝑟𝑟
𝜕𝜕𝐶𝐶𝑖𝑖
𝜕𝜕𝜕𝜕

               (2) 

where Ci is the concentration of phytoplankton taxon i, and C1 and C2 represent buoyant and 

sinking taxa, respectively. For this simulation, phytoplankton mass was initially uniformly 

distributed and conserved within the water column (no growth or death), as the intent was to isolate 

and compare the relative light exposure of buoyant and sinking taxa under artificial mixing. A light 

exposure ratio (rl) was determined as the cumulative (numerically integrated) light exposure of the 

buoyant taxa over the cumulative light exposure of the sinking taxa:  

𝑟𝑟𝑙𝑙 = ∑ ∑ 𝐶𝐶1(𝜕𝜕,𝜕𝜕)𝐼𝐼(𝜕𝜕,𝜕𝜕)𝑧𝑧𝑡𝑡
∑ ∑ 𝐶𝐶2(𝜕𝜕,𝜕𝜕)𝐼𝐼(𝜕𝜕,𝜕𝜕)𝑧𝑧𝑡𝑡

             (3) 

where t is time, z is depth, and I is photosynthetically active radiation (W/m2) that varied with 

depth based on the Beer-Lambert Law using the average summer light extinction coefficient of 

4.65 m-1 (Supplementary Material, Chapter 1.5.2). 

For each circulation rate (q), simulation results for diffusion, Pe, and rl were aggregated 

over daytime hours (6:00 to 18:00, which are expected to be the hours most relevant for 

phytoplankton growth) and averaged across the entire summer of 2015 (June to August) as well as 

the continuous 7-day period with the most intensive thermal stratification (25 to 31 July). In 

addition, we estimated the power imparted under each circulation rate. Here, the power per area, f 

(W/km2), was calculated as ∆ρghq, where ∆ρ is the water density difference across the vertical 

mixing length (h), and g is the gravitational constant.  
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1.4 Results and discussion 

1.4.1 Multi-objective calibration and skill assessment 

Four model parameters were optimized within the turbulent diffusion model using five 

different calibration criteria (Table 1.1). Across calibration criteria, the background diffusion 

parameter, DBG, fell well within the specified range of 10-6 to 10-4 m2/s. In general, a lower 

background diffusion (<10-5 m2/s) is indicated as optimal for predicting thermocline gradient and 

Schmidt stability (Gt, St), as well as the composite index of normalized temperature and Schmidt 

stability (TS). The cross-wind scaling coefficient, CUw, was estimated to be above 0.5 across 

calibration criteria, suggesting limited lateral wind sheltering in the study area. For St and TS, in 

particular, the coefficient was estimated to be near one. The atmospheric emissivity coefficient, A, 

tended toward the upper bound of its allowable range (0.5-0.7) across all five criteria, suggesting 

that additional atmospheric longwave radiation improves model performance. This coefficient 

provides an estimate of baseline emissivity, which is further modified based on cloud cover and 

humidity (SI, Eqn S4). The microclimate parameter, CMC, tended toward its lower bound of 0.90 

across most criteria, indicating a substantial microclimate effect, reducing evaporative and 

convective heat losses by up to 10%, relative to what would be directly predicted based on the 

meteorology from regional weather stations.  

Model skill varied substantially across the five different calibration criteria (Table 1.1). As 

expected, the highest coefficient of determination (R2) for each thermal index was typically 

achieved when optimizing model parameters specifically for that index. For example, the 𝑅𝑅𝐵𝐵𝜕𝜕2  was 

highest (0.48) when calibrating the model directly to Gt. At the same time, all five calibration 

criteria resulted in models explaining 99% of the variability in Tw. However, applying Tw as the 
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calibration criterion was found to only explain 33% and 46% of the variability in Gt and St, 

respectively. Thus, while water temperature is often used for hydrodynamic model verification  

(e.g., Bormans and Webster 1998, Lee et al. 2018), we found it does not necessarily lead to optimal 

simulation of stability indices. Instead, we found that the composite calibration index (TS), 

averaging 𝑅𝑅𝑇𝑇𝑛𝑛2  and 𝑅𝑅𝑆𝑆𝜕𝜕2 , provided a relatively high level of model skill for all four indices. Using 

the TS criterion, the MAE for Tw, Tn, Gt and St, was found to be 0.66 C, 0.16 C, 0.39 C/m, and 0.65 

J/m2, respectively. Plots of vertical temperature profiles versus time (e.g., Figure 1.2) confirm the 

optimized model realistically simulates temporal and vertical patterns in temperature. 

 

Table 1.1: Optimized parameter estimates and model performance (coefficient of determination, 

R2) when calibrating the model to water temperature (Tw), normalized water temperature (Tn), 

maximum daily thermocline gradient (Gt), Schmidt stability (St), and composite criterion (TS). 

Optimized parameters include background diffusion coefficient (DBG), microclimate coefficient 

(CMC), atmospheric emissivity coefficient (A), and cross-wind scaling coefficient (CUw). 

Calibration was performed using data for the Morgan Creek Arm when artificial circulators were 

absent (MCAn).  

 Parameter Estimates Model Skill 
𝐶𝐶𝑟𝑟𝐶𝐶𝑆𝑆𝐶𝐶𝑟𝑟𝐶𝐶𝐶𝐶 𝐷𝐷𝐵𝐵𝐵𝐵  (m2

s� ) 𝐶𝐶𝑀𝑀𝐶𝐶 𝐴𝐴 𝐶𝐶𝑈𝑈𝑤𝑤 𝑅𝑅𝑇𝑇𝑤𝑤2  𝑅𝑅𝑇𝑇𝑛𝑛2  𝑅𝑅𝐵𝐵𝜕𝜕2  𝑅𝑅𝑆𝑆𝜕𝜕2  

𝑇𝑇𝑤𝑤 2.3 × 10−5 0.95 0.68 0.57 0.99 0.46 0.33 0.46 

𝑇𝑇𝑛𝑛 1.0 × 10−5 0.90 0.68 0.89 0.99 0.52 0.47 0.59 

𝐺𝐺𝜕𝜕 8.6 × 10−6 0.95 0.65 0.66 0.99 0.51 0.48 0.59 

𝑆𝑆𝜕𝜕 4.4 × 10−6 0.91 0.69 0.99 0.99 0.49 0.45 0.63 

𝑇𝑇𝑆𝑆 5.8 × 10−6 0.91 0.68 0.98 0.99 0.51 0.47 0.62 
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Figure 1.2: Example time series of (a) observed temperature; (b) predicted temperature; (c) 

predicted diffusivity; (d) predicted and “observed” (SCAMP; Table 1.4) mean water column 

diffusion in log scale, where vertical error bars represent SCAMP 95% confidence intervals as 

determined from bootstrapping (Baker and Gibson 1987); (e) wind speed; and (f) heat fluxes 

including solar radiation (Jsn), clear-sky solar radiation (Rs), incoming air longwave radiation (Jar), 

waterbody longwave back radiation (Jbr), convective heat flux (Jc), and evaporative heat flux (Je) 

for 1-8 Aug 2015 at MCA. The diagonal hatching in panel (a) indicates a data gap when surface 

thermistor data were unavailable. 

 

Comparing model simulated diffusions with the diffusion measurements from the SCAMP 

provided an independent model verification (Figure 1.2d). In general, model simulated diffusions 
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agreed reasonably well with SCAMP-derived estimates under a variety of forcing conditions, 

having high correlation (r2=0.90) and a relatively low bias (1.8×10-5 m2/s below observed, on 

average). This difference is mostly attributable to under-prediction of SCAMP estimates on 7 

August 2015, when moderate and steady winds along the main axis of the reservoir resulted in 

enhanced mixing by Langmuir circulation evident in the higher SCAMP-based diffusion estimates 

(Figure 1.2d). 

 

1.4.2 Model robustness 

A 3-fold cross-validation was performed to further assess the model’s predictive 

capabilities and the robustness of the parameter estimates. The first fold consisted of calibrating 

the model to MCAn (Morgan Creek Arm when circulators were absent), the second fold to MCAa 

(with circulators present), and the third fold to New Hope Arm (NHA). In addition, the model was 

calibrated to all data simultaneously (ALL). Generally, parameter estimates were similar across all 

four calibration sets (Table 1.2). Background diffusion coefficients, DBG, were all found to be 

around 10-5 m2/s. In addition, 𝑅𝑅𝑇𝑇𝑛𝑛2  and 𝑅𝑅𝑆𝑆𝜕𝜕2  were similar across the various folds, indicating that 

model performance is reasonably robust to variations in the calibration dataset (Table 1.2).  

To further analyze how variations in parameter estimates affected predicted levels of 

mixing, we simulated summer diffusion for different locations and years (MCA 2016, MCA 2017, 

and NHA 2017) using the parameters from each of the four calibration folds, in turn (Figure 1.6). 

Results suggest only small differences (<3%) in mean simulated diffusion, indicating predictions 

are robust to the variations in parameter estimation shown in Table 1.2. We note that simulated 

diffusions based on the calibration fold with circulators present (MCAa) were less than 3% higher 
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than simulations based on parameters from other calibration folds, on average. Between years, 

2016 had a lower mean diffusion rate (9.7×10-5 m2/s) than 2017 (1.4×10-4 m2/s) reflecting lower 

mean wind speeds in 2016 (2.5 m/s) versus 2017 (2.9 m/s).  

 

Table 1.2: Optimized parameter estimates for each calibration fold (rows MCAa, MCAn, NHA, and 

ALL). Also shown is the predictive skill when applying each optimized model to the other folds. 

Values in gray italics represents the R2 when calibrating and predicting over the same fold. All 

optimization was performed using the TS criterion.  

Parameter Estimates Model Skill 

𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 𝐷𝐷𝐵𝐵𝐵𝐵  (m2
s� ) 𝐶𝐶𝑀𝑀𝐶𝐶 𝐴𝐴 𝐶𝐶𝑈𝑈𝑤𝑤 𝑀𝑀𝐶𝐶𝐴𝐴𝑎𝑎 𝑀𝑀𝐶𝐶𝐴𝐴𝑛𝑛 𝑁𝑁𝑁𝑁𝐴𝐴 

𝑅𝑅𝑇𝑇𝑛𝑛2 ;  𝑅𝑅𝑆𝑆𝜕𝜕2  𝑅𝑅𝑇𝑇𝑛𝑛2 ;  𝑅𝑅𝑆𝑆𝜕𝜕2  𝑅𝑅𝑇𝑇𝑛𝑛2 ;  𝑅𝑅𝑆𝑆𝜕𝜕2  
𝑀𝑀𝐶𝐶𝐴𝐴𝑎𝑎 1.2 × 10−5 0.90 0.63 0.79 0.50; 0.58 0.50; 0.59 0.51; 0.51 
𝑀𝑀𝐶𝐶𝐴𝐴𝑛𝑛 5.8 × 10−6 0.91 0.68 0.98 0.48; 0.54 0.51; 0.62 0.49; 0.53 
𝑁𝑁𝑁𝑁𝐴𝐴 8.1 × 10−6 0.91 0.70 0.91 0.49; 0.56 0.51; 0.61 0.52; 0.53 
𝐴𝐴𝐴𝐴𝐴𝐴 7.8 × 10−6 0.91 0.67 0.92 0.49; 0.57 0.51; 0.61 0.51; 0.53 

 
 

1.4.3 Natural drivers of mixing and bloom potential 

Characterizing temporal variability in mixing and stratification through simulation is 

important to understanding seasonal patterns in water quality and algal blooms (Arhonditsis et al. 

2004, Lehman 2007). Based on modeling results for MCA in 2016, simulated water temperatures 

closely followed observed seasonal trends (Figure 1.3a). The thermocline gradient, Gt, showed 

that polymictic stratification starts in March, peaks in July, and ends in December (Figure 1.3b). 

Mean daytime Schmidt stability, St, for winter, spring, summer, and fall was 0.09 J/m2, 1.1 J/m2, 

2.5 J/m2, and 1.1 J/m2, respectively, indicating substantial intra-annual variability (Figure 1.3c). 
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While temperature and St can be derived directly from thermistor string measurements as well as 

modeling, continuous estimates of diffusion are obtainable only through the model. Here, high 

levels of vertical diffusion were observed in winter months, particularly in January and February 

(averaging 3.3×10-4 m2/s for daytime hours) due to reduced surface heating and increased wind 

speeds. Daytime diffusion was generally lowest in summer months (averaging 7.2×10-5 m2/s), 78% 

lower than in winter. Vertically, diffusion near the surface (20% depth) was highly correlated 

(r2=0.94) with diffusion deeper in the water column (60% depth, Figure 1.3d), likely due to the 

shallow polymictic nature of this embayment.  

To explore the potential linkage between seasonal hydrodynamics and cyanobacteria 

blooms, we also analyzed Pe (Figure 1.3e), which is the ratio of the time scale of mixing (H2/D) 

over the time scale of phytoplankton buoyancy (H/vr), which simplifies to Pe= Hvr/D (Huisman et 

al. 2004, Visser et al. 2016). Rise rates (vr) for cyanobacteria vary greatly across species, with 

Microcystis colonies having rates of 50 cm/hr or greater and filamentous cyanobacteria having 

rates of around 2-20 cm/hr (Reynolds et al. 1987, Walsby 1994, Huisman et al. 2004). Because 

filamentous cyanobacteria are most common in Jordan Lake (NCDEQ 2017, Touchette et al. 2007, 

Wiltsie et al. 2018), the following analysis was conducted using an intermediate value of 10 cm/hr 

with a bounding range from 2 – 20 cm/hr to account for uncertainty in rise rates. Cyanobacteria 

are increasingly likely to outcompete sinking taxa as Pe increases above a value of 1.0 (Visser et 

al., 2016). Here, Pe exceeds 1.0 for 58% of the year and is typically highest from June to October. 

This period approximately coincides with the period of cyanobacteria dominance (Figure 1.3f), 

and is consistent with the theory that quiescent (low diffusion) conditions favor cyanobacteria 

(Jöhnk et al. 2008, Michalak et al. 2013, Feng et al. 2018). Cyanobacteria dominance is likely also 

promoted by increasing summer temperatures and light availability (Paerl and Paul, 2012), though 
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Figure 1.3: Time series of 2016 mean daily (a) water column temperature, 𝑇𝑇𝑤𝑤����, (b) daytime (6:00 

to 18:00) thermocline gradient, Gt, (c) daytime Schmidt stability, St, (d) daytime diffusion, D, at 

20% and 60% of total depth, (e) daytime Péclet number, Pe, calculated based on a cyanobacteria 

rise of 10 cm/hr (with range of 2-20 cm/hr shown by gray band) and where red line (at 1.0) 

indicates a potential threshold for cyanobacteria dominance, (f) percentage of cyanobacteria in 

total phytoplankton by biovolume (BV) from the Center for Applied Aquatic Ecology (CAAE) 

and North Carolina Department of Environmental Quality (DEQ). Seasonal trends were analyzed 

using MCA simulation results across 2016. 
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some researchers suggest mixing may be the dominant driver of cyanobacteria dominance (Peeters 

et al. 2013). Indeed, monthly mean percent cyanobacteria biovolume was most strongly correlated 

with mean monthly Pe (r2=0.69) and less strongly correlated with the other variables shown in 

Figure 1.3 (r2<0.5).  

The sensitivity of predicted summer diffusion to changes in meteorological conditions, 

which are expected to be primary drivers of mixing dynamics in lakes was also explored 

(Supplementary Material, Chapter 1.5.5). Our analysis indicated diffusion and St both respond 

most strongly to changes in wind speed, though St is also notably influenced by air temperature 

and relative humidity (Table 1.3). This suggests that wind speed may serve as a reasonable 

surrogate for mixing intensity, as assumed in other studies of eutrophic systems (e.g., Obenour et 

al. 2015, Bertani et al. 2017), but does not account for the effects of ambient stratification. Water 

temperature responds most strongly to changes in air temperature, but it is also substantially 

influenced by relative humidity, wind speed, and cloud cover.  

 

1.4.4 Exploring potential effects of enhanced circulation on algal blooms 

To explore the potential effects of artificial mixing further, we performed simulations 

applying varying hypothetical intensities of vertical circulation, as described in Chapter 1.3.6. 

Based on these simulations, we quantified an effective average diffusion rate (De) that includes 

vertical mixing from both turbulent diffusion and artificial advective circulation and assessed the 

resulting changes in Pe and the light exposure ratio, rl. While most artificial circulator systems aim 

to mix the entire water column (Pastorok et al. 1981, Visser et al. 2016), the circulators installed 
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in MCA were configured to only mix the upper half of the water column. Thus, both full and 

upper-half water column mixing scenarios were considered in this analysis.  

Daytime turbulent diffusion (D) and effective diffusion (De) were averaged over the entire 

summer (June to August 2015) and over the continuous 7-day period with the most intensive 

thermal stratification (Figure 1.4a and b, for full and upper-half water column mixing, 

respectively). Without artificial circulation, the mean diffusion of the most quiescent 7-day period 

(3.4×10-5 m2/s) was less than half that of the summer-wide mean diffusion (8.5×10-5 m2/s). 

Effective diffusion was found to increase nearly linearly with increasing q, indicating most of the 

increase in De is directly related to advective circulation. Turbulent diffusion, D, increased by only 

18% and 28% for upper-half and full water column mixing, respectively, as q increased from 0 to 

50 cm/hr. This modest increase in turbulent diffusion can be attributed to reduced water column 

stability (i.e., reduced Ri(z) in Eqn 1). As expected, circulating the full water column increased De 

more than circulating only the upper-half water column. For example, when q is 50 cm/hr, 40% 

more effective diffusion is produced by circulating the full water column than the upper-half water 

column. However, circulating the full water column requires substantially more power input to the 

lake than circulating the upper-half water column (Figure 1.4c and d). 

Simulation results were also used to assess changes in the Péclet number (Figure 1.4c and 

d). As describe previously, Pe provides a simple characterization of the ability of turbulent mixing 

to overcome the rise rate of buoyant cyanobacteria. Here, as q increases from 0 to 50 cm/hr, mean 

summer Pe is reduced from 2.21 to 0.27 when only the upper water column is mixed and from 

2.21 to 0.16 when the full water column is mixed (based on the nominal 10 cm/hr rise rate). To 

reduce the Pe to 1.0 requires a q of 5.0 cm/hr with full water column circulation and 6.4 cm/hr 

upper-half water column circulation. As shown, a somewhat higher circulation rate would be     
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Figure 1.4: Mixing and cyanobacteria competition indices versus circulation rate (q) assuming the 

upper half of the water column is circulated (left) and the full water column is circulated (right). 

Presented indices are averaged over the entire summer and over the critical 7-day period with most 

intensive stratification. Panels (a) and (b) present average daytime turbulent diffusion (D) and 

effective diffusion (De) considering the combined effects of turbulent diffusion and artificial 

circulation on overall mixing. Panels (c) and (d) present average daytime Pe (red solid line 

indicates Pe=1) and mean power per area input (f) required for artificial circulation. Panels (e) and 

(f) present the light exposure ratio (rl) of cyanobacteria over sinking taxa. Results are based on 

simulations across summer 2015 using the ALL parameter estimates (Table 1.2). Calculations are 

based on a cyanobacteria rise of 10 cm/hr (with range of 2-20 cm/hr shown by gray bands) and 

with sinking taxa (e.g., most greens and diatoms) at -5 cm/hr.  
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required to reduce Pe to 1.0 under the most critical (i.e., stratified) week of 2015. We note that a 

Pe of 1.0 is achieved by lowering the time scale of vertical mixing to parity with the time scale of 

cyanobacteria buoyancy.  

While results indicate that artificial circulation can reduce the Pe to below 1.0 in our study 

area, and prior research in deeper lakes has shown that cyanobacteria suppression can occur at Pe 

< 1 (Huisman et al., 2004), there remains uncertainty about whether Pe is applicable to shallow 

waterbodies. As reviewed by Visser et al. (2016), some previous studies suggest that 

cyanobacterial suppression may not be feasible in lakes of less than 15 m depth. Some researchers 

note insufficient light limitation from mixing in shallow systems (Heo and Kim 2004, Jungo et al. 

2001, Oskam 1978, Steinberg and Zimmermann 1988) while others additionally note that mixing 

may result in more phosphorus in the water column (Lilndenschmidt, 1999). While an increase in 

phosphorus is unlikely to be relevant in our polymictic study area, which mixes every night, the 

question of whether light exposure could be substantially altered in such a shallow system merits 

further exploration. Hence, using the tracer model, we simulate phytoplankton light exposure 

under different artificial mixing rates to determine the ratio of light exposure of buoyant 

cyanobacteria over a sinking algal taxon (rl) (Eqn 3). As q increases from 0 to 50 cm/hr, rl reduces 

from 3.0 to 1.6 for upper water column circulation, and from 3.0 to 1.1 for full water column 

circulation (Figure 1.4e and f, respectively). This suggests that the buoyancy advantage of 

cyanobacteria can be substantially reduced in a shallow turbid system, especially through high 

rates of full water column mixing.  

The simulations of rl are based on average summer turbidity conditions for our study area. 

Though shallow (< 3 m) and polymictic, our study area is highly turbid (Smith, 1990) with Secchi 

depths of less than 0.5 m. Furthermore, we note that non-algal turbidity contributes substantially 
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to the light attenuation in our study area. Following the approach of Smith (1990), the mean 

summer extinction coefficient associated with non-algal turbidity in the study area is 2.94 m-1 

(Supplementary Material, Chapter 1.5.7), accounting for over half of total light extinction in 

summer (ke = 4.54 m-1). These high turbidity levels result in the high rl values (>3.0) under natural 

mixing conditions, despite the reservoir’s shallow depth. If, for example, there is a 30% reduction 

in light extinction, our modeling indicates a 9.5% decrease in rl under natural mixing conditions; 

in other words, there is a relative increase in light exposure for sinking taxa. These results suggest 

that artificial circulation in shallow systems may only be beneficial under highly turbid conditions. 

In previous studies, insights into cyanobacteria dominance have been gained from the use 

of simple metrics such as Pe and the ratio of the mixing depth (Zm) to the euphotic depth (Zeu) 

(Reynolds 1984, Huisman et al. 2004, Bormans et al. 2004, Sherman et al. 2000, Visser et al. 

2016). However, both metrics have limitations, particularly when applied to shallow polymictic 

systems. For example, Pe does not include information about water column turbidity, a potentially 

important factor in shallow systems such as the present study area. The Zm/Zeu ratio, while 

accounting for the relationship between mixing depth and photic zone, does not directly consider 

phytoplankton rise rates or the intensity of water column mixing. The intensity of mixing is 

particularly relevant in shallow, polymictic systems where Zm may be difficult to define, but where 

there is substantial temporal variability in water column mixing and therefore light exposure. Thus, 

we propose rl to synthesize simulations of diffusion with information about water column turbidity 

and phytoplankton buoyancy. We note that this approach applies a constant rise rate, similar to 

other cyanobacteria modeling studies (Elliott et al. 2010, Huisman et al. 2004). Though this is a 

simplification of reality, as cyanobacteria movement varies over time due to physiological factors 

(Kromkamp and Walsby 1990, Litchman et al. 2010), it provides a tractable measure of 
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cyanobacteria’s ability to enhance their light exposure within a turbid waterbody, relative to other 

taxa. While further research is required to understand the specific role of light limitation on 

phytoplankton in shallow turbid systems, research has shown that relatively small reductions in 

light exposure can impact cyanobacteria dominance (Ibelings et al. 1994).  

 

1.4.5 Effect of solar-powered circulators on the Jordan Lake study area 

Our study demonstrates that the artificial circulators installed in Jordan Lake had minimal 

impact on mixing conditions when compared to naturally (i.e., meteorologically) induced mixing. 

First, through the cross-validation exercise, we compared models calibrated to times and locations 

with and without artificial circulation, and observed only small differences in parameter estimates 

and simulated diffusion (<3%, per Figure 1.6). Thus, any small change in mixing due to the solar-

powered circulators is largely overshadowed by the meteorologically-driven natural variation in 

diffusion (e.g., Figure 1.3). We note that the timescale of artificial circulation (H/q=12 d) is much 

greater than the time scale of natural daytime diffusion (H/D2) for both mean summer conditions 

(0.78 d) and for the most quiescent 7-day period (2.0 d). This simple analysis further emphasizes 

the limited contribution of the circulators to mixing in our study area. 

Second, we applied the calibrated model over a wide range of hypothetical circulation rates 

to gauge the potential impacts of artificial circulation on cyanobacteria dominance (Figure 1.4). 

Our results suggest that a circulation rate of 6.4 cm/hr would be required to achieve a Pe of 1.0 

when mixing the upper-half water column only. This is approximately eight times the circulation 

rate provided by the solar-powered circulators (0.80 cm/hr). Deploying eight times the number of 

circulators would potentially be cost prohibitive and could interfere with the recreational uses of 
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the reservoir. Moreover, reducing rl to near one would require an even larger deployment and full 

water column mixing (Figure 1.4f). Also, we note that biological monitoring, performed over the 

study period, suggested no significant reduction in chlorophyll-a concentration or change in 

phytoplankton assemblage, when comparing regions with and without circulators installed 

(NCDEQ, 2017). Further, a previous study of artificial circulation with similar solar-powered 

circulators showed a small zone-of-effect for mixing, indicating limited potential for cyanobacteria 

bloom suppression (Upadhyay et al., 2013). 

 

1.4.6 Transferability and application to Lake Management 

The modeling approach developed here is transferrable to lake systems wherein wind-shear 

and/or artificial circulation are the main drivers of vertical mixing. Alterations to the model would 

likely be required under higher flow conditions where advective shearing is more prevalent. We 

note that the multi-objective calibration approach and analysis of phytoplankton exposure ratios 

proposed here could potentially be integrated with more sophisticated hydrodynamic models (e.g., 

Beletsky et al. 2013, Bruce et al. 2018), as well. At the same time, within our study area, model 

robustness and predictive capabilities have been confirmed through comparisons with SCAMP 

measurements and through cross-validation. The latter demonstrated that variations in model 

parameters resulting from calibrations to different time periods and locations did not substantially 

alter the diffusion simulation results. Thus, the hydrodynamic formulation and parameter estimates 

determined from this study should be transferable to similar waterbodies.  

The proposed modeling approach can be valuable to lake managers and utilities 

considering artificial mixing technologies to control harmful algal blooms. The hydrodynamic 
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modeling results demonstrate realistic estimations of vertical diffusion and temperature structure 

using meteorological forcings from regional weather stations (though predicative performance 

could likely be enhanced if on-site weather data were available). By incorporating artificial 

circulation into the hydrodynamic model formulation, we were able to provide insights into the 

potential utility of artificial mixing within our study area. In particular, we implemented a new 

metric, the light exposure ratio of cyanobacteria to sinking algal taxa (rl), and used it to determine 

the rate of circulation required to prevent cyanobacteria from rising in the water column and 

outcompeting other algal taxa for light. This approach to quantifying competition for light 

addresses some of the limitations of simpler metrics (as described above), particularly for shallow 

turbid waterbodies. The use of rl also provides an alternative to complex algal dynamics models. 

While such complex models can be valuable for exploring ecological processes in detail, they can 

be difficult to parameterize and often have limited predictive skill (Beck, 1987; Shimoda and 

Arhonditsis, 2016). On the other hand, physical processes, such as those represented here, are often 

most predictive of biological responses (Robson, 2014). Overall, we believe this approach to 

modeling hydrodynamics and phytoplankton light exposure can provide management-relevant 

insights on the utility of various artificial mixing applications for altering light exposure. It is 

recommended that such an analysis be performed prior to implementing expensive in-lake mixing 

technologies for mitigating harmful algal blooms. 
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1.5 Supplementary Material 

1.5.1 Input meteorological data 

Meteorological data were obtained from the NC Climate Retrieval and Observation 

Network Of the Southeast (CRONOS) database (State Climate Office of NC, 2016). Specifically, 

wind speed, air temperature, and relative humidity were primarily obtained from the Raleigh 

Durham International Airport (KRDU) station (35º52'48"N; 78º47'24"W), situated 19 km northeast 

of Jordan Lake. Gaps in these variables were filled from Reedy Creek Field Laboratory (REED) 

(35º48'36"N; 78º44'24"W), situated 22 km east of Jordan Lake when available, and a linear 

interpolation approach was used to impute any remaining missing data. The primary station was 

selected based on preliminary analysis which indicated better model performance was achieved 

when using KRDU as the primary station instead of REED. Additionally, correlations among the 

stations were analyzed before applying the meteorological data from multiple weather stations. 

For wind speed, air temperature, and relative humidity, the correlations between KRDU (primary 

station) and REED (secondary station) were 0.45, 0.95, and 0.80, respectively, and the percent bias 

was 29.76%, 0.73%, and 1.04%, respectively. We note that KRDU data had minimal gaps (e.g., 

just 0.3% of wind speed records were missing).  

Solar radiation data were obtained from REED, as they were unavailable from KRDU. 

Gaps in solar radiation data were filled from the North Durham Water Reclamation Facility 

(DURH) station (36º1'48"N; 78º51'36"W), situated 25 km northeast of Jordan Lake, when available. 

A clear-sky solar radiation estimate using mean monthly cloud cover (Zillman 1972, Sun et al. 

2013) was applied to impute any remaining gaps. For solar radiation, the correlation between 

REED (primary station) and DURH (secondary station) was 0.97 and the percent bias was just 
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1.23%.  

 

 

Figure 1.5: Plots of (a) air temperature (red) and relative humidity (blue); (b) observed solar 

radiation (red) and clear-sky solar radiation (blue); (c) wind speed; (d) lake depth in MCA based 

on a bottom elevation of 63.13 meters. Results are for the period of 1 Jun 2015 to 31 Aug 2017. 

Dots represent monthly means, horizontal lines represent medians, and vertical lines represent the 

range, as determined from daily averages.  

 

1.5.2 Hydrodynamic model formulation 

The time rate of change for water temperature (Tw, C) was modeled as a function of 

diffusion and heat exchange with the atmosphere (Henderson-Sellers 1984, Chapra 2008, Martin 

and McCutcheon 1998): 

∂𝑇𝑇𝑤𝑤
∂𝜕𝜕

= 1
𝐴𝐴(𝜕𝜕)

𝜕𝜕
𝜕𝜕𝜕𝜕

[𝐴𝐴(𝑧𝑧)𝐷𝐷(𝑧𝑧) 𝜕𝜕𝑇𝑇𝑤𝑤
𝜕𝜕𝜕𝜕

] + 1
𝐴𝐴(𝜕𝜕)𝐶𝐶𝑝𝑝𝜌𝜌

𝜕𝜕[Ф(𝜕𝜕)𝐴𝐴(𝜕𝜕)]
𝜕𝜕𝜕𝜕

                   (S1) 
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where t is time (s), z is depth (m), A(z) is lake area (m2), D(z) is diffusion (m2/s), Cp is the specific 

heat of water (J/kg/C), and Ф(z) is the net atmospheric heat flux (W/m2). Because spatial gradients 

in temperature and depth were observed to be small, we perform modeling on a per unit area basis 

(i.e., A(z) =1 m2). We note that D and Ф(z) also vary over time. To add vertical advective 

circulation to the model, the right side of equation S1 was augmented with the term 𝑞𝑞 𝜕𝜕𝑇𝑇
𝜕𝜕𝜕𝜕

, where q 

is the artificial circulation rate (cm/hr).  

As described in the manuscript (Eqn 1), diffusion is determined as a function of the gradient 

Richardson number, which represents the ratio of buoyancy forces to advective shear forces, and 

can be estimated as (Henderson-Sellers 1984): 

𝑅𝑅𝑖𝑖(z) =
−𝑔𝑔𝜌𝜌(𝜕𝜕𝜌𝜌𝜕𝜕𝑧𝑧)

𝜔𝜔2

𝑧𝑧2

                                   (S2) 

where g is gravitational acceleration and 𝜕𝜕𝜌𝜌
𝜕𝜕𝜕𝜕

 is the vertical density gradient. The density of 

freshwater ρ (kg/m3) is calculated as a function of temperature (Millero and Poisson, 1981), where 

temperature is simulated by equation S1. The wind shear velocity (ω) is the square root of τs/ρw 

(Henderson-Sellers 1984), where τs is shear stress (kg/m/s2), ρw is water density (~997 kg/m3). 

Shear stress is calculated as ρairCdUw
2, where ρair is air density (~1.2 kg/m3), Uw is wind speed 

(m/s), and Cd is the drag coefficient determined as 0.00052 Uw
0.44 (Taylor, 1916). Combining and 

simplifying these relationships, we get ω =0.00079 Uw
1.22.  

The turbulent diffusion model is driven by heat fluxes (W/m2) that vary with time and depth 

(Chapra 2008, Toffolon et al. 2014):  

 Ф(𝑧𝑧) = �
𝐹𝐹𝑎𝑎𝐽𝐽𝑠𝑠𝑛𝑛 + 𝐽𝐽𝑎𝑎𝑟𝑟 − 𝐽𝐽𝑏𝑏𝑟𝑟 − 𝐽𝐽𝑒𝑒 − 𝐽𝐽𝑐𝑐                              𝐶𝐶𝑆𝑆 𝑧𝑧 = 0
(1 − 𝐹𝐹𝑎𝑎)𝐽𝐽𝑠𝑠𝑛𝑛𝐶𝐶𝑒𝑒𝑒𝑒−𝑘𝑘𝑒𝑒𝜕𝜕                                         𝐶𝐶𝑆𝑆 𝑧𝑧 > 0                                     (S3) 
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where Jsn is shortwave radiation with an albedo of 6% is included for our study area (Geiger et al. 

2008), Jar is atmospheric longwave radiation, Jbr is waterbody longwave back radiation, Je is the 

evaporative heat flux, and Jc is the convective heat flux. The constant, Fa, is the proportion of 

shortwave radiation that is absorbed at the surface, and which is taken to be 0.40 (Henderson-

Sellers 1980), and ke is the light extinction coefficient for water (m-1). Based on seasonal average 

Secchi depths, we determined extinction coefficients of 3.19 m-1, 3.74 m-1, 4.65 m-1, and 4.20 m-1 

for winter, spring, summer, and fall, respectively, using the empirical relationship ke=1.72/[Secchi 

depth] developed by Smith (1990).  

The atmospheric longwave radiation (Jar) is calculated as a modification of the Stephan-

Boltzmann law (Brunt 1932, Chapra et al. 2008): 

𝐽𝐽𝑎𝑎𝑟𝑟 = 𝜎𝜎𝑆𝑆𝐵𝐵(𝑇𝑇𝑎𝑎 + 273)4(1 + 0.17𝐶𝐶𝐿𝐿2)�𝐴𝐴 + 0.031�𝐶𝐶𝑎𝑎�(1 − 𝑅𝑅𝐿𝐿)  (S4) 

where Ta is air temperature (C), ea is air vapor pressure (mmHg), σSB is the Stephan-Boltzmann 

constant 11.7 × 10-8 cal/cm2/d/K4, A is an empirical atmospheric emissivity coefficient (0.5 to 0.7) 

estimated through multi-objective calibration (as described in the manuscript), and RL is a 

reflection coefficient of 0.03 (Chapra 2008). Air vapor pressure (ea) is calculated as the relative 

humidity multiplied by the saturation vapor pressure (esat, mmHg) corresponding to the air 

temperature, calculated as (Raudkivi, 1979): 

𝐶𝐶𝑠𝑠𝑎𝑎𝜕𝜕 = 4.596𝐶𝐶𝑒𝑒𝑒𝑒 � 17.27𝑇𝑇
237.3+𝑇𝑇

�                (S5) 

The waterbody longwave back radiation (Jbr) is calculated using the Stephan-Boltzmann 

law: 

𝐽𝐽𝑏𝑏𝑟𝑟 = 𝜖𝜖𝑤𝑤𝑎𝑎𝜕𝜕𝑒𝑒𝑟𝑟𝜎𝜎𝑆𝑆𝐵𝐵(𝑇𝑇𝑠𝑠 + 273)4                         (S6) 

where the emissivity of water is ϵwater=0.97 (Anderson, 1954), and Ts is water surface temperature. 
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The evaporative flux (Je) is calculated based on Dalton’s law:  

                             𝐽𝐽𝐶𝐶 = 𝐶𝐶𝑀𝑀𝐶𝐶𝑓𝑓(𝑈𝑈𝑤𝑤)(𝐶𝐶𝑠𝑠 − 𝐶𝐶𝐶𝐶)                            (S7) 

where CMC is a microclimate adjustment coefficient estimated through the multi-objective 

calibration (unitless), f(Uw) represents the dependence of evaporative flux on wind speed with 

f(Uw)=19+0.95Uw
2 (Brady et al. 1969), and es is the water surface vapor pressure, calculated based 

on the water surface temperature using Eqn S5. 

The convective flux (Jc) is calculated as (Bowen 1926, Dingman et al. 1968):  

𝐽𝐽𝑐𝑐 = 𝐶𝐶𝑀𝑀𝐶𝐶0.47𝑓𝑓(𝑈𝑈𝑤𝑤)(𝑇𝑇𝑠𝑠 − 𝑇𝑇𝑎𝑎)                           (S8) 

where 0.47 mmHg/C is Bowen's coefficient. 

Clear-sky solar radiation (Rs) is determined based on location and time of year (Sun et al., 

2013; Zillman, 1972). In the model, Rs is used to estimate the fraction of the sky covered with 

clouds (CL), which is needed by Eqn S4. Specifically, CL is determined based on the equation 

Jsn/Rs=1-0.75(CL /8)3.4 (Kasten and Czeplak, 1980), where Jsn is obtained from the meteorological 

records. Also, for periods during which Jsn was missing from the meteorological records, we used 

the clear-sky solar radiation estimates with mean monthly cloud cover to estimate Jsn.   

 

1.5.3 Convective mixing module 

Water column instability occurs when heavier (cooler) water overlays lighter (warmer) 

water as a result of nighttime surface cooling. As water column instabilities can lead to rapid 

mixing due to penetrative convection (Deardorff, 1970) and numerical instability, we used the 

following computationally-efficient protocol to identify instabilities and mix the water column: 
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(1) at each time step, temperature differences (∆Tw=Tw,low-Tw,up) were calculated between 

neighboring vertical segments and segments with ∆Tw>0.05 C were considered to be unstable, (2) 

the total heat in these segments was redistributed evenly (i.e., the temperature was averaged) from 

the lowest unstable segment to the water surface, and (3) the process was repeated to check for 

any remaining instabilities. This procedure was verified through preliminary analysis 

demonstrating realistic simulation of nighttime destratification (e.g., see Figure 2.2). 

 

1.5.4 Model performance statistics 

Comparisons of simulated to observed thermal indices include the coefficient of 

determination (R2) and mean absolute error (MAE) (Willmott, 1981). Here R2 is calculated as 

suggested by Nash and Sutcliffe (1970) and many statistical references (e.g., Faraway 2014), rather 

than as the square of Pearson’s correlation coefficient (r2), such that it reflects the proportion of 

the total variation in the observations accounted for by the model. MAE provides an intuitive 

measure of model error in the units of the response variable (Legates and McCabe, 1999). The 

mean absolute error (MAE) and coefficient of determination (R2) are calculated as:  

𝑀𝑀𝐴𝐴𝑀𝑀 = ∑|(𝑦𝑦�𝑖𝑖−𝑦𝑦𝑖𝑖)|
𝑛𝑛

                    (S9) 

𝑅𝑅2 = 1 − ∑(𝑦𝑦�𝑖𝑖−𝑦𝑦𝑖𝑖)2

∑(𝑦𝑦𝑖𝑖−𝑦𝑦𝚤𝚤� )2
                    (S10) 

where 𝑦𝑦�𝑖𝑖 and 𝑦𝑦𝑖𝑖 stand for the simulated and observed temperatures, respectively, 𝑦𝑦𝚤𝚤�  is the mean 

of the observed data, and n is the sample size. 
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1.5.5 Sensitivity analysis 

To investigate sensitivity to variations in meteorological drivers, we simulated water 

column properties (D, Tw, and St) under altered meteorological conditions. We defined relative 

importance (ε) as the ratio of the absolute change in the response variable (∆VXi) resulting from a 

perturbation in specific meteorological input (Xi) to the summation of the absolute changes in the 

response variable resulting from perturbations in all meteorological input variables:  

                                                            𝜀𝜀 =
�∆𝑉𝑉𝑋𝑋𝑖𝑖�

∑ �∆𝑉𝑉𝑋𝑋𝑖𝑖�
4
𝑖𝑖=1

                 (S11) 

where X1 is air temperature (Ta, C), X2 is wind speed (Uw, m/s), X3 is relative humidity (RH, %), 

and X4 is cloud cover (CL, %). To reflect realistic meteorological variability, input variables were 

perturbed up and down by half of their standard deviation (σXi), such that:  

                                ∆𝑉𝑉𝑋𝑋𝑖𝑖 = 𝑉𝑉(𝑋𝑋𝑖𝑖+𝜎𝜎𝑋𝑋𝑖𝑖/2) − 𝑉𝑉(𝑋𝑋𝑖𝑖−𝜎𝜎𝑋𝑋𝑖𝑖/2)           (S12) 

Sensitivity calculations were performed for summer (June-August) conditions, which are 

most relevant to cyanobacteria growth. Standard deviations (σXi) were determined from mean daily 

values over this time period. Furthermore, ∆VXi was determined as the average change in response 

for daytime hours (6:00 to 18:00) across this summer period, as daytime hours are expected to be 

most relevant to algal competition for light. Summer 2015 had a lower mean wind speed than 2016 

and 2017, such that 2015 was a summer of relatively intensive stratification, which is expected to 

promote cyanobacteria dominance. 
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Table 1.3: Sensitivity analysis for summer 2015 at MCA. Here, σXi is the daily average standard 

deviation of input variables (Xi) air temperature (Ta), wind speed (Uw), relative humidity (RH), and 

cloud cover (CL); ∆𝐷𝐷� , ∆𝑆𝑆𝜕𝜕 , and ∆𝑇𝑇𝑤𝑤����  are the changes in mean water column diffusion, Schmidt 

stability, and temperature, respectively, corresponding to σXi for each input variable; and ε provides 

the relative importance of the change in each response to each input variable (each ε column sums 

to one). 

Variable (𝑋𝑋𝑖𝑖) 𝜎𝜎𝑋𝑋𝑖𝑖 ∆𝐷𝐷� (m2
s� ) 𝜀𝜀𝐷𝐷� ∆𝑆𝑆𝜕𝜕 (

J
m2� ) 𝜀𝜀𝑆𝑆𝜕𝜕 ∆𝑇𝑇𝑤𝑤���� (C) 𝜀𝜀𝑇𝑇𝑤𝑤����� 

𝑇𝑇𝑎𝑎  (C) 3.53 −2.28 × 10−6 0.03 0.36 0.24 2.49 0.48 
𝑈𝑈𝑤𝑤  (m/s) 1.19 7.28 × 10−5 0.94 -0.81 0.53 -0.70 0.13 
𝑅𝑅𝑁𝑁 (%) 14.62 −2.08 × 10−6 0.03 0.33 0.22 1.48 0.28 
𝐶𝐶𝐿𝐿 (%) 32.96 −1.49 × 10−7 0.00 -0.02 0.01 0.54 0.10 
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1.5.6 Model testing and validation 

 

Figure 1.6: Cross-validation simulation results: mean summer diffusion (blocks) and 5th and 95th 

percentile of summer diffusion (bars) for MCA 2016, MCA 2017, and NHA 2017 using parameters 

from the four different calibration folds (Table 1.2). Mean diffusion was notably (39%) higher in 

the summer of 2017 than in 2016, likely because average wind speeds were higher in summer 2017 

(2.9 m/s) than in summer 2016 (2.5 m/s). Also, diffusion in NHA was slightly greater than MCA 

in summer 2017, as the longitudinal axis of NHA was more strongly aligned with prevailing winds 

than was MCA. Note that simulated diffusions based on the calibration to MCAa (circulators 

present) are not appreciably higher than simulations based on other calibrations. 
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Table 1.4: Maximum likelihood estimates of in situ turbulent diffusion (DSCAMP) in the upper ~2 

m of the water column from upward SCAMP profiles (i.e., excluding lower meter due to the length 

of instrument) with 95% confidence intervals in parentheses and the number of SCAMP profiles 

used, and corresponding diffusion predictions (Dsim) from the turbulent diffusion model. 

Location Date Time 
DSCAMP  

(10-5 m2/s) 

Number of 

Profiles 

Dsim  

(10-5 m2/s) 

MCA 8/4/2015 11:35-11:55 3.3 (2.2, 4.6) 5 5.7 

MCA 8/4/2015 16:10-16:30 2.0 (1.3, 2.7) 6 3.8 

MCA 8/4/2015 17:50-18:10 2.0 (1.0, 2.9) 5 6.0 

MCA 8/5/2015 11:20-11:40 1.5 (1.0, 1.8) 11 1.4 

MCA 8/6/2015 8:55-9:25 3.0 (2.7, 3.5) 6 1.6 

MCA 8/6/2015 10:45-11:00 1.5 (0.8, 2.1) 2 1.3 

MCA 8/7/2015 12:30-13:35 30.0 (22.0, 39.2) 16 16.0 

NHA 8/4/2015 9:50-10:55 5.6 (3.4, 11.7) 9 3.5 

NHA 8/4/2015 15:15-16:00 2.2 (1.5, 2.9) 7 3.1 

NHA 8/5/2015 13:20-13:40 0.9 (0.5, 1.8) 4 2.3 

NHA 8/5/2015 14:15-14:45 2.3 (1.6, 3.8) 4 3.7 

NHA 8/6/2015 9:40-10:10 2.4 (1.1, 3.7) 5 1.6 

NHA 8/6/2015 10:15-10:30 1.1 (0.6, 1.7) 5 1.3 

NHA 8/7/2015 10:35-11:00 20.3 (14.7, 27.3) 6 13.9 

NHA 8/7/2015 11:15-12:10 29.2 (22.4, 38.6) -- 14.0 

 

 

1.5.7 Non-algal turbidity calculation 

Extinction coefficient is a function of algal turbidity and non-algal turbidity (Riley, 1956). 

Since only Secchi depth measurements were available, we first calculated the overall extinction 

coefficient through a relationship proposed by Smith (1990), which is ke = 1.72/[Secchi depth]. 

The non-algal turbidity was determined as the intercept coefficient based on a linear regression 
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between extinction coefficient and chlorophyll-a concentration (Smith 1990). Here, the mean 

summer extinction coefficient associated with non-algal turbidity in the study area was 2.94 m-1. 

 

 

Figure 1.7: Estimated extinction coefficient (m-1, based on the Secchi depth measurements) versus 

lab-measured chlorophyll-a concentration (µg/L). 
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2.0  EXPLORING NUTRIENT AND LIGHT LIMITATION OF ALGAL 
PRODUCTION IN A SHALLOW TURBID RESERVOIR 

 

Abstract 

Harmful algal blooms (HABs) are increasingly recognized as a threat to the integrity of freshwater 

reservoirs, which serve as water supplies, wildlife habitats, and recreational attractions. While the 

formation of harmful algal blooms is controlled by many environmental factors, the relative 

importance of these factors is unclear, particularly for turbid eutrophic systems. Here we develop 

and compare two models that test the relative importance of vertical mixing, light, and nutrients 

for explaining chlorophyll-a variability in shallow (2-3 m) embayments of a eutrophic reservoir 

(Jordan Lake, NC). One is a multiple linear regression (statistical) model and the other is a process-

based (mechanistic) model. Both models are calibrated using a 15-year data record of chlorophyll-

a concentration (2003-2018) for the period of cyanobacteria dominance (June-October). The 

mechanistic model includes a novel representation of vertical mixing and is calibrated in a 

Bayesian framework, which allows for data-driven inference of important process rates (e.g., 

phytoplankton growth rate). Both models show that chlorophyll-a concentration is much more 

driven by nutrient variability (nitrogen, in particular) than mixing, light, or temperature. While 

both models explain approximately 60% of the variability in chlorophyll-a, the mechanistic model 

including interactions of biophysical factors is more robust in cross-validation and provides a more 

comprehensive assessment of bloom drivers. Overall, these models indicate that nutrient 

reductions, rather than changes in mixing or background turbidity, are critical to controlling 

cyanobacteria in a shallow eutrophic freshwater system. 
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2.1 Introduction 

Harmful algal blooms jeopardize water quality of lakes and reservoirs worldwide, reducing 

their utility as water supplies, recreational attractions, and wildlife habitats (Dodds et al., 2009; 

Paerl et al., 2001). Water quality problems associated with harmful algal blooms include taste and 

odor, hypoxia, fish kills, and toxins (Anderson et al., 2002; Carmichael and Boyer, 2016; Smith et 

al., 1999). Algal blooms in many freshwater lakes are dominated by cyanobacteria, which possess 

a number of evolutionary advantages to outcompete other phytoplankton taxa (Carey et al., 2012; 

Huisman et al., 2018). For example, they have eco-physiological adaptions, for example, well 

adapted to warm temperatures (Carey et al., 2012; Dokulil and Teubner, 2000). Another important 

advantage cyanobacteria have over other phytoplankton taxa is more efficient buoyancy regulation 

(Reynolds, 2006; Whitton and Potts, 2000). For example, they can become positively buoyant to 

access light near the surface of the water column, while shading other non-buoyant taxa (Walsby, 

1994).  

Nutrient input reduction is a common strategy for controlling the development and 

proliferation of algal blooms (Smith et al., 1999). Although phosphorus is generally recognized as 

the prime limiting nutrient for algal growth in freshwater systems (Schindler et al., 2016), the 

relative roles of nitrogen (N) and phosphorus (P) limitation continue to receive scrutiny (Lewis et 

al., 2011; Paerl et al., 2016). The N:P (e.g., total nitrogen to total phosphorus, TN:TP) ratio is 

commonly used as an indicator to classify waterbodies into N- or P-limited categories. For example, 

exceeding a N:P ratio of 7.2 (by mass) suggests a transition from N to P limitation based on 

observed phytoplankton nutrient ratios (Chapra, 2008; Redfield, 1958). However, recent studies 

suggest higher N:P ratio ratios are often required before this transition to P limitation occurs 

(Dolman and Wiedner, 2015; Elser et al., 2009; Ptacnik et al., 2010). Additionally, using in-lake 
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observed N:P to discriminate between N and P limitation can be complicated by in-lake processes, 

such as internal nutrient loadings from the sediments, nitrogen fixation, and phytoplankton luxury 

nutrient uptake (Cottingham et al., 2015; Qin et al., 2020). The ratio of dissolved inorganic forms 

(i.e., DIN:DIP) could better indicate algal growth than TN:TP, which is affected by algal biomass 

(Håkanson et al., 2007). However, those nutrient measurements in dissolved forms are usually 

missing in practice.  Therefore, the critical N:P threshold is uncertain and may vary within and 

among different types of waterbodies. 

An alternative mechanism for controlling algal blooms is through light limitation. Lake 

and reservoir management of cyanobacteria often focuses on reducing the competitive advantages 

cyanobacteria have in nutrient rich, relatively stagnant water bodies (Stroom and Kardinaal, 2016). 

Decreasing water column stability through artificial mixing is one potential measure for 

cyanobacterial bloom mitigation (Visser et al., 2016). The primary aim of induced mixing is to 

reduce the buoyancy advantage of cyanobacteria and hence light-limit their growth (Huisman et 

al., 2004). However, artificial destratification for cyanobacterial control has yielded inconsistent 

results, especially in relatively shallow systems (Pastorok and Grieb, 1984; Visser et al., 2016). It 

is possible that shallow waterbodies are not deep enough to allow for substantial light limitation, 

though in turbid reservoirs such mixing may appreciably influence phytoplankton light exposure 

(Han et al., 2020). At the same time, vertical mixing may lead to introduction of nutrients from 

depth into the euphotic zone (Diehl, 2002; Qin et al., 2004), which could potentially offset the 

benefits of light reduction. Thus, the overall effects of mixing on algal production in shallow turbid 

waterbodies remains a complex issue.  

Numerous models have been proposed for understanding environmental drivers of algal 

blooms (Franks, 2018; Janssen et al., 2019). Empirical/statistical models allow us to explore the 
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significance of various biophysical variables (e.g., nutrients, temperature, wind, vertical light 

attenuation) related to blooms (Beaulieu et al., 2013; Havens et al., 2003; Rigosi et al., 2014). In 

contrast, process-based mechanistic models are less reliant on observational data but can be more 

challenging to parameterize and calibrate (Huisman et al., 2004; Nelson et al., 2020). In addition, 

model uncertainty analysis and reliability assessment (e.g., validation) are important but often 

omitted considerations when assessing a model’s capacity for forecasting and informing 

management (Arhonditsis and Brett, 2004). Therefore, melding process-based formulations with 

data-driven inference, uncertainty quantification, and reliability evaluation (Malve et al., 2007; 

Obenour et al., 2015) is key to advancing aquatic systems modeling (Robson, 2014). 

The aim of this study is to explore the biophysical drivers of algal production in a 

subtropical reservoir dominated by cyanobacteria in summer (Han et al., 2020; Touchette et al., 

2007). Our study area includes two shallow (mean depth < 3 m) embayments of the Jordan Lake 

reservoir, which have particularly high algal concentrations, high mineral turbidity, and a 

polymictic mixing regime (Han et al., 2020; Smith, 1990). As nutrient levels are typically high due 

to watershed loading and recycling from the sediment layer, the role of light in limiting algal 

production is potentially more critical. To assess the importance of these different controls on algal 

accumulation, we (1) developed both a statistical model (i.e., multiple linear regression with 

statistical variable selection) and a parsimonious mechanistic (i.e., process-based) model for 

predicting chlorophyll-a (chl-a) concentration; (2) calibrated both models to a long-term dataset 

(June-October of 2003-2018) using Bayesian inference for the mechanistic model; (3) evaluated 

model robustness through cross-validation; and (4) explored the interplay of nutrients (both TN 

and TP), light, temperature, and vertical mixing in controlling chl-a accumulation. 
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2.2 Material and methods 

2.2.1 Site description 

Jordan Lake (Latitude: 35.7, Longitude: -79.0) is a major reservoir located in the Piedmont 

region of North Carolina (Figure 2.1). Originally impounded in 1983 for flood control, Jordan 

Lake (volume of 173 x 106 m3 and surface area of 56 km2) now provides drinking water to 

approximately 300,000 people (NCDEQ, 2014). Jordan Lake is eutrophic (Touchette et al., 2007) 

and chl-a concentrations can exceed 100 μg/L in two upper embayments, the Morgan Creek Arm 

(MCA) and New Hope Creek Arm (NHA) (NCDEQ, 2014), which are the focus of this study. 

Nutrient concentrations (i.e., TN, TP) tend to be high in the study area, primarily due to point and 

nonpoint source watershed loading (Strickling and Obenour, 2018). In addition, the study area is 

subject to polymictic stratification and high mineral turbidity (Smith, 1990). Mean (± standard 

deviation, sd) Secchi depths are 0.46 ± 0.13 m and 0.43 ± 0.12 m in MCA and NHA, respectively 

(NCDEQ, 2017), compared to mean water column depths of approximately 2.4 and 3.0 m, 

respectively (Han et al., 2020; USACE, 1964).  

 

2.2.2 Limnological and hydrometeorological data 

Sampling data used in this study were collected from 2003 to 2018 at sites CPF086C and 

CPF081A1C by the North Carolina Department of Environmental Quality (NCDEQ). We focused 

June-October because of the predominance of cyanobacteria during this relatively warm period 

(Han et al., 2020; Touchette et al., 2007; Wiltsie et al., 2018). Samples were typically collected at 

1- to 2-week intervals during the summer (June-August) and otherwise monthly. Samples were 
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taken from a vertically integrated water column photic zone (twice the Secchi depth) composite, 

generally in the morning when the water column was typically well mixed (Han et al., 2020). 

Laboratory measurements included turbidity, extracted chl-a, various nitrogen compounds, and 

total phosphorus (TP) (NCDEQ, 2017). Total nitrogen (TN) was calculated as the sum of total 

Kjeldahl nitrogen (TKN) plus nitrite and nitrate nitrogen (NOx). TKN and TP were always above 

detection limits (200 and 20 µg/L, respectively), while 74% of NOx values were below the 

detection limit (20 µg/L) and thus assigned a nominal value of 10 µg/L. 

 

 

Figure 2.1: Jordan Lake study area with major sampling sites (dots) in Morgan Creek Arm and 

New Hope Creek Arm characterized. 

 

Meteorological data were obtained from the State Climate Office of NC (2016), as 

described in Han et al. (2020). Lake depth was based on field measurements and lake stage from 
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U.S. Geological Survey (USGS) station 02098197. Flow was obtained from USGS stations 

02097517 and 02097314 for Morgan and New Hope Creeks, respectively, and were adjusted by 

the ratio of the overall watershed to the gaged portion of the watershed. We calculated residence 

times using total inflow (MCA plus NHA) and the reservoir volume above the Farrington Road 

causeway (Figure 2.1), which is a major constriction point. For the sampling dates, estimated 

residence times were always above 8 d and the correlation (r2) between residence time and chl-a 

was only 0.065. Thus, we include all samples in the modeling without further consideration of 

flow. 

 

2.2.3 Multiple linear regression and variable selection 

A multiple linear regression (MLR) was used to identify and quantify statistical 

relationships between chl-a and available predictor variables (i.e., covariates). Prior to analysis, 

the response variable (chl-a) was logarithmically transformed to address heteroscedasticity and 

non-normality (Faraway, 2014). Three groups of candidate predictor variables were considered. 

The first group included log-transformed TN, TP, and the limiting nutrient, LN=min(TN, TP×rnp), 

where rnp was the expected ratio of nitrogen to phosphorus (7.2 by mass) in phytoplankton biomass 

(Redfield, 1958). The second group includes lake depth (Z, m) and depth-averaged turbulent 

diffusion (D, m2/s) from a vertical diffusion model (see Supplementary Material, Chapter 2.6.2.1). 

The third group contains photosynthetically available light intensity (I, W/m2), which is 45% of 

the incoming solar radiation (Chapra, 2008), depth-averaged water column temperature (Tw, ⁰C), 

and wind speed (Uw, m/s). Furthermore, each variable in groups 2 and 3 is tested based on different 

averaging periods leading up to noon of the sampling day (1-hour, 6-hour, 12-hour, 1-day, 2-day, 
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5-day, 10-day, 15-day, and 30-day), and both with and without log-transformations. Overall, 93 

predictor variables were tested in the model. Figure 2.4 gives an overview of the input data for 

both the response and major predictors. To identify variables most relevant to the prediction of 

chl-a, the Bayesian Information Criterion (BIC) was applied (Faraway, 2014). To help promote 

parsimony and avoid excessive correlation among predictors, only one variable from each of 

groups 2 and 3 was allowed in the final model.  

 

2.2.4 Mechanistic model: governing equations 

The mechanistic model was developed based on differential equations solved for steady-

state. Net phytoplankton accumulation was represented as a function of nutrient and light-limited 

growth and mortality (Chapra, 2008):  

𝑑𝑑𝑎𝑎
𝑑𝑑𝜕𝜕

= 𝑘𝑘𝑔𝑔ΦNΦL𝐶𝐶 − 𝑘𝑘𝑑𝑑𝐶𝐶                   (1) 

where a is chl-a (µg/L), kg is the maximum growth rate under optimal light and excess nutrients 

(d-1), and kd is a specific loss rate (d-1). These rates were adjusted relative to a reference temperature 

of 20 °C, such that 𝑘𝑘𝑔𝑔 = 𝑘𝑘𝑔𝑔20𝜃𝜃𝑔𝑔(𝑇𝑇𝑤𝑤−20) and 𝑘𝑘𝑑𝑑 = 𝑘𝑘𝑑𝑑20𝜃𝜃𝑑𝑑(𝑇𝑇𝑤𝑤−20), where kg20 and kd20 are growth 

and loss rate at 20 °C, respectively, and θg and θd are corresponding temperature adjustment 

parameters. In addition, ΦN and ΦL are growth attenuation factors for nitrogen and light limitation, 

respectively, which are represented based on Monod kinetics: 

ΦX = X/(X + KsX)             (2) 

where X can be either nitrogen equivalents (N, µg N/L) or effective light exposure (𝐼𝐼′�, W/m2, 

Section 2.5), and KsX is the corresponding half-saturation parameter. Note that the model is 
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formulated based on the limiting nutrient concentration, computed as TN=min(TN, TP×rnp) where 

rnp is calibrated in the model, per the ‘equivalent nutrient approach’ proposed by Dolman and 

Wiedner (2015). Total nutrient concentration, TN (µg N/L), can be divided among three main 

forms: (1) bioavailable inorganic (Ni, µg N/L), (2) non-algal organic (No, µg N/L), and (3) algal 

organic (Na, µg N/L). Note that Na is represented as proportional to chl-a (i.e., Na=a×rna, where 

rna is the calibrated nitrogen to chl-a ratio). When algae die, they become detrital No, which is 

subject to microbial mineralization: 

𝑑𝑑𝑁𝑁𝑜𝑜
𝑑𝑑𝜕𝜕

= 𝑘𝑘𝑑𝑑𝑁𝑁𝑎𝑎 − 𝑘𝑘𝑚𝑚𝑁𝑁𝑜𝑜             (3) 

where km is the mineralization rate (d-1), which is calculated as 𝑘𝑘𝑚𝑚20𝜃𝜃𝑚𝑚(𝑇𝑇𝑤𝑤−20). Mineralization 

converts organic nitrogen back to bioavailable inorganic nitrogen, which is then available for algal 

uptake: 

𝑑𝑑𝑁𝑁𝑖𝑖
𝑑𝑑𝜕𝜕

= 𝑘𝑘𝑚𝑚𝑁𝑁𝑜𝑜 − 𝑘𝑘𝑔𝑔ΦNΦL𝑁𝑁𝑎𝑎             (4) 

 

2.2.5 Mechanistic model: light limitation and mixing 

Filamentous cyanobacteria, with expected average rising rates of 2 – 20 cm/hr (Huisman 

et al., 2004; Reynolds et al., 1987; Walsby, 1994) are common in Jordan Lake (NCDEQ, 2017; 

Touchette et al., 2007; Wiltsie et al., 2018). The extent to which phytoplankton can actually 

achieve a 20 cm/hr rising rate and enhance their light exposure is estimated as: 

𝐼𝐼′� = (1 − 𝛽𝛽)𝐼𝐼𝑣𝑣=0����� + 𝛽𝛽𝐼𝐼𝑣𝑣=20�������             (5) 
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where 𝐼𝐼′� is effective light exposure, and 𝐼𝐼𝑣𝑣=0����� and 𝐼𝐼𝑣𝑣=20������� are the mean light exposures estimated for 

phytoplankton with rising rates of 0 (i.e., neutrally buoyant) and 20 cm/hr, respectively. Parameter 

β is a buoyant proportion coefficient (0 to 1) which accounts for uncertainties in cyanobacteria 

rising rates and the proportion of phytoplankton with various rising rates. A β of 1 indicates 

phytoplankton in our study area are highly buoyant, whereas a β of 0 indicates phytoplankton are 

neutrally buoyant (i.e., evenly distributed throughout the water column). The estimate of 𝐼𝐼′� is used 

in the Monod relationship (Eqn 2) for light limitation. All calculations were performed using 5-

day photic-period averages, and the resulting mean photic-period light limitation was multiplied 

by the fraction of the day corresponding to the photic-period (sunrise to sunset), to estimate overall 

light limitation (Chapra, 2008). The vertical distribution for phytoplankton with a rising rate of 20 

cm/hr is determined using an existing turbulent diffusion model (Han et al., 2020), which is 

described in the Supplementary Material (Chapter 2.6.2) along with the light exposure 

calculations.  

 

2.2.6 Mechanistic model: steady-state solution 

The differential equations (Eqn 1, 3, 4) were solved for steady-state conditions to facilitate 

computational tractability within the Bayesian framework, as employed in previous eutrophication 

modeling studies (Del Giudice et al., 2019). Under steady-state conditions (da/dt=0), growth 

limitation (ΦNΦL) equals to the ratio of the temperature-adjusted phytoplankton loss rate to the 

temperature-adjusted optimal growth rate, per Eqn 1. Thus, the steady-state solution is the chl-a 

concentration that lowers ΦNΦL to parity with kd/kg. As described above, ΦL is a function of chl-a 

based on its relationships with turbidity and light extinction. Also, ΦN is a function of Ni (Eqn 2), 
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and considering that No = TN - Na - Ni and solving Eqn 4 for steady-state, we see that Ni can be 

expressed as a function of TN and Na: 

Ni = TN – Na (1+kd/km)            (6) 

Thus, ΦNΦL can be uniquely determined as a function of Na (given known inputs of TN, 

light, temperature, lake depth, and diffusion). However, as there is no analytical solution for Na in 

terms of ΦNΦL, we used a Loess nonparametric regression (Jacoby, 2000) that achieved a 

satisfactory fit to this relationship (Figure 2.6). This regression was reformulated for each point in 

time, given temporally varying inputs of TN and hydrometeorology, and was solved for the 

concentration of Na that yields ΦNΦL = kd/kg.  

 

2.2.7 Mechanistic model: Bayesian calibration 

The mechanistic model was calibrated through Bayesian inference, where prior parameter 

distributions are updated via a likelihood function based on the observational data (Del Giudice et 

al., 2019; Gelman et al., 1995). Prior distributions were generated using information from previous 

studies (Table 2.1). Truncated normal (tN) prior distributions with lower bounds of zero helped 

ensure mechanistic realism. Also, the buoyant proportion coefficient (β) was bounded between 0 

and 1 (Chapter 2.2.5). The prior for the residual standard deviation, σa, was wide and essentially 

noninformative. To help avoid excessive correlation in the posterior distribution, the 

mineralization rate, km20, and its temperature adjustment, θm, were assigned typical values of 0.1 

d-1 and 1.07, respectively (Bowie et al., 1985; James and Bierman, 1995). Note that the prior 

distribution for the photosynthesis half-saturation light level (KsI) was determined through 
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photosynthetron incubator experiments as part of this study (Supplementary Material, Chapter 

2.6.4) (Bergmann et al., 2002; Lewis and Smith, 1983). 

Bayesian inference was implemented using an adaptive Markov Chain Monte Carlo 

algorithm within R (R Core Team, 2017; Scheidegger, 2018). Specifically, three parallel sampling 

chains were run to 12,000 iterations each with the first 2,000 discarded as the burn-in period, 

resulting in total number of 30,000 posterior samples. The chains were considered converged when 

the scale reduction statistic was below 1.1 (Gelman and Rubin, 1992).  

 

Table 2.1: Prior information for mechanistic model parameters to be estimated through Bayesian 

inference. All parameters are represented by normal distributions truncated at zero (between zero 

and one for β). 

Name Description Distribution Unit Ref 

kg20 Growth rate at 20 °C 𝑆𝑆𝒩𝒩 (1.0, 0.25) d-1 1, 2 

kd20 Loss rate at 20 °C 𝑆𝑆𝒩𝒩 (0.1, 0.05) d-1 1, 2 

KsI Photosynthesis half-saturation light level 𝑆𝑆𝒩𝒩 (17, 8) W/m2 3 

KsN Half-saturation constant for nitrogen 𝑆𝑆𝒩𝒩 (20, 5) µg/L 1, 2, 4 

β Buoyant proportion coefficient 𝑆𝑆𝒩𝒩 (0.5, 1) -- -- 

rna Algal N:chl-a ratio 𝑆𝑆𝒩𝒩 (8, 2) µg N/µg a 4 

σa residual sd for ln(a) 𝑆𝑆𝒩𝒩 (0, 10) ln(µg/L) -- 

θg Temperature adjust factor for growth rate 𝑆𝑆𝒩𝒩 (1.10, 0.02) -- 4, 5 

θd Temperature adjust factor for loss rate 𝑆𝑆𝒩𝒩 (1.04, 0.02) -- 5 

rnp Algal N:P ratio 𝑆𝑆𝒩𝒩 (7.2, 3.6) µg N/µg P 6 
1Reynolds, (2006); 2Hamilton and Schladow, (1997); 3Field measurements (Figure 2.7); 4Chapra, (2008); 
5Bowie et al., (1985); 6Redfield, (1958). 
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2.2.8 Performance assessment and sensitivity analysis 

The ability of the models (statistical and mechanistic) to predict out-of-sample was 

assessed through cross-validation (Chatfield, 2006). A split sample (i.e., 2-fold) cross-validation 

(CV) was applied by estimating model parameters from each fold and making predictions on the 

other fold, in turn. Here, we split the overall dataset in two different ways. One split divided the 

dataset based on every other sampling year, referred to as “CVA”. Specifically, CVA1 includes 

2003, 2006, 2008, 2010, 2012, 2014, 2016, 2018 as the calibration dataset, and CVA2 includes the 

intervening years (except 2004, which was not monitored). The other split, referred to as “CVB”, 

was based on early (2003-2011) versus late years (2012-2018). The variability in parameter 

estimates provided an indication of model robustness. Also, the coefficient of determination (R2, 

defined as the fraction of variability explained) and root mean square error (RMSE) were used to 

evaluate model fit (Faraway, 2014; Willmott, 1981). 

Finally, we investigated the sensitivity of predicted chl-a to changes in environmental 

conditions using both models. Water temperature was perturbed by +/- 3 ºC while other 

environmental variables were perturbed by +/- 30%. The 3 ºC change in Tw is consistent with inter-

seasonal variability and long-term temperature change projections (Meehl et al., 2007). 

 

2.3 Results 

2.3.1 Statistical model calibration and validation 

We performed an exhaustive search for the optimal predictor variables to explain chl-a in 

Jordan Lake. The most preferred model (minimum BIC, Table 2.2) includes ln(TN), 30-day 
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average lake depth (Z30), and 30-day average water temperature (Tw30). This model explains 62% 

of the variability in log-transformed chl-a concentrations (Figure 2.8), resulting in an RMSE of 

0.25 ln(µg/L) (17 µg/L on the original scale). The trend parameters for this model are statistically 

significant (p<0.001) and both ln(TN) and Tw30 have a positive relationship with chl-a, while Z30 

has a negative relationship. The variable ln(TN) has the greatest influence, considering 

standardized coefficients of 0.60, -0.32, and 0.16 for ln(TN), Z30, and Tw30, respectively (Gelman 

and Hill, 2007). Variance inflation factors (VIFs) are consistently below 1.5, indicate minimal 

multicollinearity among predictors (Neter et al., 1983). Other candidate models with alternate 

numbers of predictors (Table 2.2) also indicate TN is the most influential predictor. The largest 

model also includes TP and 30-day wind speed (Uw30), though the latter relationships is not 

significant (p=0.07). These higher dimension models only slightly improve R2, consistent with 

their suboptimal BIC scores.  

The 2-fold cross-validation results provide an indication of MLR robustness. As expected, 

the models fit well to the data to which they were calibrated, with R2 values ranging from 0.49-

0.72 (ln-scale, Table 2.2). However, these R2 values drop to around 0.30 when making predictions 

for out-of-sample data (Figure 2.2). In addition, the BIC-selected variables differ substantially 

across folds (Table 2.2). Variable Tw30 is frequently dropped while 30-day photosynthetically 

available light intensity (I30), diffusion (D30), and ln(TP) are sometimes added. All models include 

both ln(TN) and Z30, indicating that these are particularly robust predictors of chl-a in our study 

area. 
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Table 2.2: Best performing statistical models with 1 to 5 predictors ranked by BIC (lower is better) 

when calibrating to all data (upper rows). Also shown are the two best models when calibrating to 

training subsets based on every other sampling year (CVA), and early versus late years (CVB). 

Results include the coefficient of determination (R2) for the log-transformed and original (back-

transformed) chl-a. Insignificant trends (p>0.05) are noted with an asterisk. Note that BIC is only 

comparable among models with the same training data, and is thus omitted for the CV models. 

 Model BIC R2
ln(a) (R2

a) 

 4.03+0.891ln(TN)-0.297Z30+0.029Tw30 33.3 0.623 (0.728) 

 4.48+0.702ln(TN)+0.191ln(TP)-0.274Z30+0.027Tw30 34.4 0.631 (0.732) 

All 4.81+0.678ln(TN)+0.203ln(TP)-0.114Uw30*-0.264Z30+0.026Tw30 36.3 0.638 (0.734) 

 4.74+0.923ln(TN)-0.267Z30 40.0 0.597 (0.696) 

 3.97+1.08ln(TN) 63.8 0.527 (0.617) 

 -0.647+0.748ln(TN)-0.384Z30+0.001I30 -- 0.491 (0.586) 

CVA -3.16+0.893ln(TN)+0.288ln(TP)-0.127Z30 -- 0.715 (0.781) 

 -1.60+0.672ln(TN)-0.498Z30+0.072Tw30+3541D30 -- 0.654 (0.735) 

CVB -2.00+0.697ln(TN)+0.396ln(TP)-0.209Z30 -- 0.691 (0.726) 
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Figure 2.2: Calibration and cross-validation performance (R2) for the statistical (S) and 

mechanistic (M) models. The first two columns (cal) show results when calibrating to the entire 

dataset, while the second two columns show R2 when performing a 2-fold CV based on every other 

sampling year (CVA), and the last two columns for CV based on early versus late years (CVB). 

Diagonal hatching indicates R2 for log-transformed chl-a, while hollow bars represent R2 for chl-

a on the original scale. 

 

2.3.2 Mechanistic model calibration and validation 

The mechanistic model, incorporating nutrient and light limitation with turbulent diffusion 

and phytoplankton buoyancy, was calibrated through Bayesian inference (Figure 2.3, Table 2.4). 

The model explains 55% of the variability in log-transformed chl-a (Figure 2.8), resulting in an 

RMSE of 0.27 ln(µg/L) (19 µg/L on the original scale). Mechanistic parameter estimates are 

generally consistent with the literature values that defined the prior distributions (Chapter 2.2.7). 

The buoyant proportion coefficient, β, is estimated to be 0.42, though the posterior distribution is 
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quite wide (Figure 2.3). The ratio of N:P (rnp) required for algal growth was found to be 12, 

somewhat higher than the oceanographic mean of 7.2 by mass (Redfield, 1958). 

In cross-validation, the mechanistic model demonstrates relatively robust performance, 

with R2 values dropping by just 8.7-13%, relative to the model calibrated to all data (Figure 2.2). 

Furthermore, parameter estimates were generally robust (Table 2.4) with most parameters varying 

by less than 10% across cross-validation folds. The loss rate (kd20) varies 15% among CVA folds, 

and the ratio of N:P (rnp) varies 19% in CVB, but these differences are not statistically significant.  

 

 

Figure 2.3: Comparison between the prior (dashed line) and posterior parameter distributions 

(solid line) of the calibrated parameters. The y-axis represents relative probability density. 
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2.3.3 Sensitivity analysis 

Based on sensitivity analysis (Table 2.3), both models indicate that nutrients are the 

primary driver of chl-a variability. The statistical model suggests a +/- 30% change in TN will 

produce an approximately +/- 27% change in chl-a. In the mechanistic model, it is possible to 

compare changes in TN, TP, or both (i.e., LN). As expected, the greatest reduction in chl-a (27%) 

could be achieved by reducing both nutrients, while the smallest reduction (22%) is attributable to 

reducing TP only. Interestingly, increasing TP by 30% has a much smaller (4.0%) effect on chl-a, 

as it is rarely limiting under such a scenario.  

Changes in temperature (Tw +/-3 ºC) and lake depth (Z +/- 30%) produce much larger 

changes in chl-a in the statistical model than in the mechanistic model (Table 2.3). Changes in 

non-algal turbidity (Ψna) and wind speed (Uw) could only be tested through the mechanistic model 

(wind was not selected in the statistical model). In this analysis, it should be noted that Uw 

influences both diffusion and Ψna (Supplementary Material, Chapter 2.6.2), such that changing 

wind speed +/- 30% also changes non-algal turbidity by +/- 28%, on average. However, for these 

variables, the resulting changes in chl-a were consistently small (<0.5%).  
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Table 2.3: Sensitivity analysis results for both the statistical and mechanistic model, perturbing 

the limiting nutrient (LN), total nitrogen (TN), total phosphorus (TP), depth-averaged water 

column temperature (Tw), lake depth (Z), non-algal turbidity (Ψna), and wind speed (Uw). Note that 

the mean chl-a concentrations for the MLR and mechanistic calibrated models were 67.8 and 66.5 

µg/L, respectively, prior to the perturbations. 

 Input, x ∆x/x ∆a/a 

Statistical  

model 

TN +30% 26.3% 

-30% -27.2% 

Tw +3 °C 9.06% 

-3 °C -8.30% 

Z +30% -21.6% 

 -30% 27.6% 

Mechanistic 

model 

LN +30% 25.9% 

-30% -27.0% 

TN +30% 11.5% 

 -30% -26.4% 

TP +30% 3.95% 

 -30% -21.5% 

Tw  +3 °C 0.28% 

-3 °C -0.31% 

Z +30% -1.49% 

 -30% 1.51% 

Ψna +30% -0.10% 

-30% 0.10% 

 Uw +30% -0.20% 

  -30% 0.25% 
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2.4 Discussion 

2.4.1 Nutrient effects on chl-a 

Nitrogen and phosphorus are the primary controls on phytoplankton growth in many 

aquatic systems (Paerl et al., 2016). Phosphorus, in particular, is commonly considered to be the 

limiting nutrient in freshwater (Schindler et al., 2016). However, our results highlight the 

importance of nitrogen limitation throughout the season of cyanobacteria dominance (June-

October) considered here. Through multiple linear regression (MLR), we find that chl-a is better 

predicted with TN than TP or the more limiting nutrient (LN, assuming rnp=7.2). For example, if 

ln(TN) is replaced by ln(TP) in the optimal MLR, the variance explained drops from 62% to 56%. 

Additionally, TN is consistently selected as the most influential predictor (based on standardized 

coefficients) in all selected models (Table 2.2). These results suggest that atmospheric nitrogen 

fixation is insufficient to meet phytoplankton growth demands over time. Although diazotrophic 

cyanobacteria in the order Nostocales occur in Jordan Lake, the predominant cyanobacteria are 

members of the Oscillatoriales and Chroococcales, which are not known diazotrophs (Touchette 

et al., 2007).  

The mechanistic model provides a more nuanced and detailed assessment of nutrient 

limitation. Our sensitivity analysis (Table 2.3) indicates that reducing both nutrients (i.e., LN) will 

cause the largest reduction in chl-a. And reducing TP will be nearly as effective as reducing TN 

in controlling chl-a. At the same time, increases in TN appear to be much more stimulating to chl-

a than increases in TP. In general, large reductions in TP will drive the system into frequent P 

limitation, but large increases in TP will only further intensify N limitation. These results are 

dependent on the algal N:P ratio (rnp), which was estimated to be 12 (µg N/µg P) through Bayesian 
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inference (Figure 2.3). This estimate is notably higher than the prior mean of 7.2 (Redfield, 1958) 

at greater than a 99% credible level (Figure 2.3), but is consistent with other studies indicating that 

TN:TP ratios of greater than 10 are required to transition freshwaters from N to P limitation 

(Dolman and Wiedner, 2015; Elser et al., 2009; Ptacnik et al., 2010). In our study area, observed 

TN:TP ranges from 5.3 to 19, similar to other shallow eutrophic lakes (Qin et al., 2020), with 

nitrogen and phosphorus limiting 68% and 32% of the time, respectively (based on rnp=12).  

From a management perspective, mechanistic modeling results indicate that either TN or 

TP controls will produce substantial reductions in chl-a. For example, if in-lake TP is reduced by 

30%, the system will become P-limited 89% of the time. Alternately, a 30% TN reduction will 

make the system in N-limited 98% of the time. Applying phosphorus-only loading controls may 

have the advantage of being economically efficient (Smith and Schindler, 2009). However, 

selective control of a single nutrient can disrupt the reservoir’s nutrient balance and potentially 

alter phytoplankton community composition (Lewis et al., 2011; Reynolds, 2006). Further, 

nitrogen (rather than phosphorus) may regulate the production of cyanotoxins (Gobler et al., 2016). 

Thus, implementation of single-nutrient control strategies should be closely monitored for 

undesirable shifts in phytoplankton taxa (Lewis et al., 2011; Paerl et al., 2016). Finally, we note 

that the resolution of our nutrient measurements (i.e., biweekly or monthly) is not able to allow us 

to fully capture the change throughout the succession of a bloom, and thus provide comprehensive 

justification on the nuances of nutrient limitation. Additionally, we note this study assesses how 

changes in in-lake nutrient concentrations influence algal production, but it does not consider how 

such reductions can be achieved. While watershed management is a common strategy for nutrient 

load reduction, recycling of legacy nitrogen and/or phosphorus from reservoir sediments can make 
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large in-lake nutrient concentration reductions challenging (Cao et al., 2016; Lewis et al., 2011; 

Reddy et al., 2011). 

 

2.4.2 Light and vertical mixing effects on chl-a 

Prior studies have emphasized the importance of light availability in limiting 

phytoplankton in shallow eutrophic lakes (Dou et al., 2019; McCarthy et al., 2009). However, light 

and most light-related variables (e.g., wind and diffusion, which are expected to effect turbidity) 

are not selected in our MLR analysis. Only lake depth, which affects average water column light 

levels, is selected in this analysis. Consistent with other studies (Liu et al., 2010; Qin et al., 2020) 

the relationship between chl-a and lake depth is negative. However, the magnitude of the 

coefficient for depth varies substantially across the cross-validation folds (Table 2.2), indicating 

the strength of this relationship is uncertain. Also, water depth is associated with other factors 

beyond light availability, such as dilution (e.g., water depth is negatively related to TP, r2=0.19). 

The role of light limitation in controlling chl-a was further explored in the mechanistic 

model, considering variations in depth, background turbidity, and vertical mixing. For the 

calibrated mechanistic model, average photosynthetically available light averages 50 ± 13 W/m2 

in the water column during daylight hours, compared to 194 ± 37 W/m2 at the water surface (June-

October study period). Although such light levels would limit growth of some algal taxa 

(Richardson et al., 1983), both the model-estimated half-saturation parameter (KsI=15 W/m2, 

Figure 2.3) and the photosynthesis experiments (Supplementary Material, Chapter 2.6.4) indicate 

that available light is typically much higher than required by the reservoir’s phytoplankton 

community. The remarkable low light adaptation of communities dominated by Oscillatoriales 
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and Chroococcales cyanobacteria has been previously noted and likely results from their high 

surface area to volume ratio (Reynolds and Elliott, 2012; Richardson et al., 1983). As a result, the 

mechanistic model sensitivity analyses, adjusting background (non-algal) turbidity and depth by 

+/- 30%, produce little variation in ΦL (<7%) and chl-a (Table 2.3).  

Phytoplankton light exposure is also potentially influenced by water column stability 

(Scheffer and van Nes, 2007). Higher winds lead to both more turbidity and to a more evenly 

distributed vertical phytoplankton concentration profile (Han et al., 2020). However, when wind 

speed is increased by 30%, there is only an 8% decrease in average ΦL, and as with the other light-

related factors, changes in chl-a are quite small (Table 2.3). These results are partially dependent 

on the buoyant proportion coefficient (β), which is estimated at 0.42 through Bayesian inference 

(with considerable uncertainty, Figure 2.3), indicating that the average effective rising rate of 

phytoplankton is less than 10 cm/hr. Inclusion of buoyancy provides only a modest increase in 

model performance relative to a model assuming phytoplankton are evenly distributed throughout 

the water column (R2 drops from 0.55 to 0.54 if the model is calibrated with β=0). Overall, these 

results indicate that artificial mixing (Han et al., 2020; Visser et al., 2016) is not an efficient 

management option for reducing phytoplankton biomass in our turbid but shallow system. 

Much larger reductions in light would be required to substantially reduce algal levels in 

Jordan Lake. For example, if ΦL could be reduced by 50%, chl-a would be reduced by 24% 

according to our model. Seasonal variations in solar position and photic-period lead to the most 

notable changes in light limitation, with ΦL averaging 0.48 in June, but only 0.37 in October. 

However, such large reductions in ΦL could only be artificially induced by greatly increasing 

canopy or inorganic turbidity, which may not be practical for large waterbodies.  
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2.4.3 Temperature effects on chl-a 

Water temperature, which has a direct impact on both phytoplankton growth and nutrient 

cycling via mineralization, has been identified as an important driver of algal blooms (Paerl and 

Huisman, 2008; Robarts and Zohary, 1987). Our optimal MLR indicates that 30-day lagged water 

temperature is a moderately strong predictor of chl-a. At the same time, temperature is not 

frequently selected across the cross-validation folds (Table 2.2), indicating it is a less robust 

predictor of chl-a. Furthermore, in the statistical model, it is possible that temperature acts as a 

proxy (Rigosi et al., 2014; Wagner and Adrian, 2009) for a number of seasonally-varying 

environmental drivers (i.e., temperature, light, wind). 

The mechanistic model indicates that chl-a is less responsive to temperature than the MLR. 

The small temperature effect (Table 2.3) is consistent with the temperature correction factors for 

both phytoplankton growth and loss (θg and θd) having similar magnitudes (Figure 2.3). 

Considering that the statistical model is less robust (in terms of selecting temperature and 

predictive performance), we expect the mechanistic model to provide more realistic scenario 

forecasts for temperature, given that it is more constrained by established biophysical processes. 

Understanding these temperature effects is important to management (Elliott, 2010; Jankowiak et 

al., 2019), as it is anticipated that climate warming will increase water temperatures by 

approximately 3 °C by the end of the century (Meehl et al., 2007).  

 

2.4.4 Methodological implications and limitations 

This study demonstrates and compares two modeling approaches for assessing drivers of 

chl-a and predicting its variability in a shallow eutrophic reservoir. Statistical models provide a 



 

  70 

straightforward evaluation on the strength of relationships between predictors (e.g., nutrients, 

temperature, wind) and algal bloom outcomes (Beaulieu et al., 2013; Rigosi et al., 2014). However, 

these models are unlikely to be applicable for a wide range of waterbodies, subject to different 

geometries and environmental inputs. For example, TN is unlikely to be a preferred predictor in a 

lake where TN:TP ratios are relatively high. Furthermore, the cross-validation exercise indicates 

the statistical modeling approach is less robust in terms of identifying key relationships and making 

accurate chl-a predictions. 

The mechanistic model incorporates an understanding of key physical and biochemical 

processes driving phytoplankton dynamics. Thus, this model enables a more detailed exploration 

of the interactive effects of nitrogen, phosphorus, turbidity, and vertical mixing on chl-a variability. 

Furthermore, by utilizing the Bayesian framework, it incorporates the advantages of data-driven 

inference and uncertainty quantification that are more common to purely statistical approaches. 

The Bayesian framework also allows for the incorporation of prior knowledge on parameter rates, 

which helps ensure mechanistically realistic results. For most of the parameters, posterior 

knowledge is gained (i.e., posterior distributions are narrower than priors, Figure 2.3) based on the 

data record (2003-2018). However, there are some parameters with posterior distributions that 

largely match the priors, indicating that the observed data are not useful for further resolving these 

parameters (e.g., θg). The mechanistic model could be applied in similar shallow eutrophic 

reservoirs, potentially using the posterior parameter estimates from this study as priors in future 

studies, especially in systems where calibration data are limited. Such additional testing could help 

verify the model’s broader applicability. 

Determination of an appropriate model structure and degree of complexity is important for 

effective eutrophication management (Glibert et al., 2010). In this study, a steady-state mechanistic 
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model has been developed to capture the interplay between biophysical drivers of phytoplankton 

in a shallow eutrophic reservoir. A unique aspect of this approach is that it uses measured TN and 

TP concentrations, rather than simulating them. Thus, the approach reduces the computational 

burden, uncertainty, and complexity of representing nutrient dynamics (i.e., no estimates of 

watershed nutrient loading or sediment nutrient fluxes are required). Long residence times 

(averaging 214 d) help justify the use of a steady-state solution. Also, there is only a modest 

correlation (r2=0.05) between residence time and mechanistic model residuals. However, for 

waterbodies that are more subject to flushing, the steady-state assumption would need to be 

revisited. 

Another unique aspect of this study is the incorporation of vertical mixing and a data-driven 

estimate of phytoplankton buoyancy effects (through β, the buoyant proportion coefficient). This 

parsimonious approach assumes the benefits of buoyancy are entirely light-related, which is 

expected to be valid for a shallow turbid system where nutrients tend to be distributed throughout 

the water column each night due to vertical mixing (Han et al., 2020). Additionally, a low 

correlation between diffusion and residuals (r2=0.002) suggests the mechanistic model provides 

an adequate representation of diffusion effects on chl-a production.  

This study provides a moderately high level of predictive performance for chl-a among 

water quality models (Arhonditsis and Brett, 2004), but it does not model specific algal taxa or 

functional groups. While phytoplankton group models can provide additional mechanistic insights, 

they can be challenging to parameterize (Nelson et al., 2020; Shimoda and Arhonditsis, 2016) and 

observational data for individual taxa are not commonly available. In general, chl-a provides an 

overall estimate of phytoplankton biomass that correlates well with cyanobacteria biomass during 

seasons of cyanobacteria dominance (e.g., Fang et al., 2019). In this study, we focus solely on the 
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cyanobacteria-dominated season of June-October. At the same time, factors like temperature, 

nutrient ratios (Ho and Michalak, 2020; Paerl and Huisman, 2008) and vertical mixing (Huisman 

et al., 2004) may significantly influence phytoplankton community composition and future 

investigation could further enrich our understanding. 

 

2.5 Conclusions 

This study provides an exploration of biophysical drivers of algal production in a 

subtropical, shallow, turbid reservoir. The study focuses on the warm growing season (June-

October) when cyanobacteria are consistently dominant. Two modeling approaches are developed 

and compared: MLR and a process-based phytoplankton model. Both approaches leverage 

statistical inference of model coefficients (parameters). Particularly, the mechanistic model 

integrates biophysical processes with Bayesian inference to objectively characterize rate 

coefficients and their uncertainties. The mechanistic model also includes a novel steady-state 

solution (to facilitate computational tractability within the Bayesian framework) and a novel 

approach to characterizing the importance of phytoplankton buoyancy (through the buoyant 

proportion coefficient, β). Both modeling approaches indicate that nutrient limitation (nitrogen, in 

particular) is the key control on phytoplankton production in the system. However, the statistical 

model indicates a larger role for temperature and light limitation (through depth) than the 

mechanistic model, which demonstrated relatively small impacts from changes in depth, turbidity, 

and vertical mixing. While both models explain around 60% of the variability in chl-a, the 

mechanistic model is substantially more robust in cross-validation. Also, unlike the statistical 

model, the mechanistic model coefficients were informed based on prior knowledge on system 
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rates (including photosynthetron incubator results). Thus, the mechanistic model provides a more 

comprehensive and robust analysis of biophysical factors driving algal production, which could 

lead to more efficient and effective management guidance.  
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2.6 Supplementary Material  

2.6.1 Input data 

 

Figure 2.4: Time series plots of (a) observed chlorophyll-a concentration (chl-a, µg/L), (b) 

observed total nitrogen (TN, µg/L), (c) observed total phosphorus (TP, µg/L), (d) observed lake 

depth (Z, m), (e) estimated turbulent diffusion (D, m2/s), (f) observed photosynthetically available 

light intensity at the water surface (I, W/m2), (g) estimated water temperature (Tw, ºC), (h) wind 

speed (Uw, m/s) for the cyanobacteria dominance period from June to October of year 2003 to 

2018. 

 

2.6.2 Light calculations 

2.6.2.1 Vertical diffusion estimates  

Water temperature and vertical diffusion estimates were derived from an existing turbulent 

diffusion model (Han et al., 2020) driven by the hydrometeorology. The model was calibrated to 
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observations of water temperature and Schmidt Stability on Jordan Lake, and characterizes vertical 

gradients in temperature and diffusion through 15 vertical segments over time. Also, the vertical 

distribution of buoyant phytoplankton were simulated as a function of the calculated turbulent 

diffusion and an average phytoplankton buoyancy rate (Han et al., 2020). 

 

2.6.2.2 Light limitation and mixing 

To characterize light-limited algal growth, we considered vertical mixing and potential 

cyanobacteria buoyancy. The estimated vertical distribution of phytoplankton (described in above 

section, Chapter 2.6.2.1) is used to determine the variation of light through the water column based 

on the Beer-Lambert law: 

𝐼𝐼𝑖𝑖 = 𝐼𝐼0𝐶𝐶𝑒𝑒𝑒𝑒−(∆𝜕𝜕)(𝑖𝑖)(𝑘𝑘𝑒𝑒𝑖𝑖)            (S1) 

where Ii (W/m2) is light intensity at the bottom of each vertical segment i with a total number of 

15 segments, I0 (W/m2) is the photosynthetically available light at the water surface (I0), ∆z is 

segment thickness (Z/15, m). Here, I0 and Z are 5-day averaged photosynthetically available light 

intensity and lake depth, respectively (preliminary analyses indicated that a 5-day average resulted 

in strong predictive performance). Within each vertical segment i, light is calculated as the average 

of Ii and Ii-1 (bottom and top of segment), and mean light exposure (𝐼𝐼)̅ is then calculated as a 

concentration-weighted water column average. 

Finally, kei (m-1) is a segment-specific extinction coefficient, which is estimated from a 

segment-specific turbidity (Ψi, NTU): 

𝑘𝑘𝑒𝑒𝑖𝑖 = 0.2𝛹𝛹𝑖𝑖              (S2) 

where the multiplier 0.2 is determined based on Brown (1984) and Smith (1990). 
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Turbidity (Ψi) in equation S2 is represented as the sum of two components: non-algal (Ψna) 

and algal (Ψai) turbidity. Algal turbidity is directly related to the average chl-a concentration in the 

overlying water column, such that 𝛹𝛹𝑎𝑎𝑖𝑖 = 0.26 �1
𝑖𝑖
∑ 𝐶𝐶𝑗𝑗𝑖𝑖
𝑗𝑗=1 �, where 0.26 is based on a simple linear 

regression between turbidity and chl-a (Figure S2(a)). Non-algal turbidity (e.g., watershed organic 

detritus and inorganic sediment) is determined based on an empirical relationship with wind speed. 

This relationship was determined using regression and statistical variable selection (Lumley, 

2017), considering multiple candidate environmental variables (i.e., flow, diffusion, wind, depth, 

temperature). Here, the Bayesian Information Criterion (Faraway, 2014) selected only 5-day 

averaged wind speed (Uw5, m/s), such that Ψna = 0.5+3.4Uw5. Combining these relationships, we 

can see that Ψ=0.5+3.4Uw5+0.26a (R2=0.53) (Figure 2.5).  

 

 

Figure 2.5: Relationships (a) between turbidity (Ψ, NTU) and observed chl-a (µg/L), (b) observed 

versus predicted turbidity (Ψ, NTU) using the relationship of Ψ=0.5+3.4Uw5+0.26a (R2=0.53). 
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2.6.3 Model fitting 

To find the algal concentration Na (in nutrient equivalents) associated with ΦNΦL=kd/kg, we 

determine ΦNΦL for a series of discrete values of Na and fit a non-parametric regression (i.e., local 

polynomial regression fitting “loess” in R) (Cleveland et al., 2018; Jacoby, 2000; R Core Team, 

2017). Thus, for a specific ΦNΦL we can get determine Na based on this regression (Figure 2.6). 

 

 

Figure 2.6: An example of relationship between ΦNΦL and Na at a specific time step. This plot 

represents a non-parametric regression model (red line). 

 

2.6.4 Light experiments 

The prior distribution for the photosynthesis half-saturation light level (KsI) was determined 

experimentally from eight samples collected from site CPF086F (Figure 2.1). Phytoplankton 

photosynthesis was measured using the 14C technique at in situ temperature and across a range of 

white light irradiance levels ranging from 0 to 320 W/m2 within a temperature controlled 

photosynthetron incubator (Lewis and Smith, 1983) following methods of Bergmann et al. (2002).  
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Figure 2.7: Photosynthesis versus irradiance relationships of Jordan Lake phytoplankton at site 

CPF086F above Farrington Road. Data are fitted to a Monod relationship, P = Pb
max(I/I+KsI) where 

Pb
max is the maximum, light saturated photosynthetic rate, I is irradiance, and KsI is the half 

saturation value. This study focuses on the samples taken between June to October. 
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For each experiment, photosynthesis versus irradiance data were fit to a Monod function (Figure 

2.7) using least squares curve fitting (Matlab v.2017b) and the prior distribution for KsI was 

determined based on the mean and standard deviations of the half saturating light levels for six of 

the eight experiments based on the study period between June to October. 

 

2.6.5 Model results 

 

Figure 2.8: Observed versus predicted chl-a for the (a) statistical and (b) mechanistic model, 

showed side-by-side for better comparison. Results are based on models calibrated to the entire 

study period (June-October of 2003-2018). Monitoring station locations shown in Figure 2.1. The 

grey dashed line is the 1:1 line.  
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Table 2.4: Bayesian parameter estimates ( �̂�𝛽 , mean of marginal posterior distribution) with 

standard errors (𝜎𝜎𝛽𝛽� ) for the mechanistic model. Parameter estimates for the model calibrated to all 

data are shown first, followed by parameter estimates from the cross-validation exercise. 

Parameter (unit) �̂�𝛽 𝜎𝜎𝛽𝛽�  �̂�𝛽CVA1 �̂�𝛽 CVA2 �̂�𝛽CVB1 �̂�𝛽CVB2 

kg20  (d-1) 0.98 0.23 1.04 0.97 0.99 0.99 

kd20  (d-1) 0.11 0.03 0.12 0.10 0.11 0.11 

KsI  (W/m2) 14.5 7.99 18.3 18.8 17.1 15.3 

KsN  (µg/L) 20.3 4.55 20.3 19.1 19.9 19.6 

β (unitless) 0.42 0.27 0.51 0.48 0.46 0.51 

σa (µg/L) 0.27 0.01 0.29 0.26 0.31 0.23 

rna (µg N/µg a) 8.83 1.53 9.16 8.33 9.07 8.62 

θg (unitless) 1.10 0.02 1.10 1.10 1.10 1.10 

θd (unitless) 1.07 0.01 1.05 1.07 1.05 1.07 

rnp (µg N/µg P) 12.1 0.70 12.3 11.3 10.5 12.5 
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3.0  DRIVERS OF CYANOBACTERIA DOMINANCE IN A SHALLOW TURBID 
RESERVOIR 

 

Abstract 

Harmful algal blooms (HABs) dominated by cyanobacteria are increasing water quality issues in 

freshwater systems worldwide. While various strategies have been proposed for combating 

cyanobacteria dominance (e.g., artificial mixing), they have had limited success. In this study, we 

explore factors driving cyanobacteria dominance in a shallow eutrophic reservoir in the 

southeastern United States (Jordan Lake). We focus on the linkages between phytoplankton 

competition, nutrient limitation, and light limitation; as understanding these relationships is critical 

to effectively evaluate potential lake management solutions. To this end, a mechanistic model was 

developed to predict two major categories of phytoplankton (i.e., cyanobacteria and non-

cyanobacteria) competing for nutrients and light. The model is calibrated using multiple years of 

chlorophyll-a concentrations (partitioned among cyanobacteria and non-cyanobacteria algae) 

within a Bayesian framework. Model fit is relatively high for total chlorophyll-a (R2=0.51) and 

cyanobacteria chlorophyll-a (R2=0.47), but lower for non-cyanobacteria chlorophyll-a (R2=0.10). 

The model characterizes biophysical drivers (e.g., phosphorus) of competition among these algal 

groups, leading to cyanobacteria dominance in summer. Our analysis indicates cyanobacteria are 

a superior competitor for nutrients and can be benefit from warm temperatures. The phytoplankton 

community are low-light adapted in our reservoir. This application demonstrates the potential of 

the Bayesian mechanistic competition model for predicting cyanobacteria dominance in response 

to environmental changes. 
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3.1 Introduction 

HABs are a major environmental problem for both inland and coastal waters (Dodds et al., 

2009; Hallegraeff, 1993). HABs can cause a range of water quality problems in freshwater 

systems, including the production of unsightly scums, toxins, and taste and odor compounds 

(Watson et al., 2008). The growth and proliferation of HABs depends on factors such as nutrient 

availability, water temperature, light intensity, and water stability (Paerl et al., 2001). The leading 

factors not only vary across different phytoplankton groups, but are also responsible for 

phytoplankton community structure and competition. For example, water temperature which has 

a direct impact on phytoplankton growth and respiration rates, has been identified as an important 

driver of cyanobacteria (Paerl and Huisman, 2008; Robarts and Zohary, 1987). Phytoplankton 

community composition responses to changing nutrient loads (Burson et al., 2018).  

Specifically, for cyanobacteria, some species possess traits that give them a competitive 

advantage over other species. For example, Dolichospermum can fix the nitrogen from the 

atmosphere when the nitrogen is limited in the water and Aphanizomenon have adapted to 

relatively low light levels (Reynolds, 2006). Microcystis have enhanced buoyancy due to gas 

vacuoles and colony-formation that allows them to change their position in the water column in 

response to environmental conditions such as light intensity (Reynolds et al., 1987). Considering 

these traits, measures for cyanobacteria control in freshwater systems have focused on weakening 

the competitive advantages of cyanobacteria over other algal taxa (Stroom and Kardinaal, 2016). 

For example, high phosphorus is often correlated to the occurrence of cyanobacterial blooms in 

freshwater systems, and thus phosphorus reduction is commonly applied to control  nitrogen-fixing 

cyanobacteria (Schindler, 2012; Schindler et al., 2016). Other measures include artificial mixing, 

which reduces the buoyancy feature of many cyanobacteria taxa. However the efficacy of these 
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strategies may vary with lake depth and background turbidity (Scheffer and van Nes, 2007). For 

example, additional source of nutrients from internal nutrient (e.g., legacy phosphorus and/or 

nitrogen) recycling from sediments may be prevented in deep stratified lakes, while may be 

promoted in shallow lakes due to convective mixing in summer period (Qin et al., 2004). Thus, 

implementing control measures for cyanobacteria is challenging in shallow turbid waterbodies, 

and a better understanding of competition between cyanobacteria and non-cyanobacteria is 

important for lake and reservoir management. 

Process-based mechanistic models are often used to explore the interplay between 

phytoplankton dynamics and environmental drivers through the modeling of total algal production 

(e.g., total chlorophyll-a concentration, total biovolume) (Arhonditsis et al., 2007; Han et al., in 

review). However, factors like temperature, nutrient ratios (Ho and Michalak, 2020; Paerl and 

Huisman, 2008) and vertical mixing (Huisman et al., 2004) may also significantly affect 

phytoplankton competition among different groups, including cyanobacteria. Therefore, trait-

based modeling of major phytoplankton groups to understand the interactions between competition 

patterns and environmental factors has been widely applied (Elliott et al., 2010; Huisman and 

Weissing, 1995). For example, the competition between cyanobacteria and other groups (e.g., 

diatoms, green algae) is important in freshwater systems (Malve et al., 2007; Zhao et al., 2008) for 

informing cyanobacteria control. Although the traits-based grouping method brackets together 

species with similar ecological, morphological, and physiological traits (Reynolds et al., 2002), 

uncertainties exist for the parameterization when aggregating many diverse species into broad 

traits-based groups (Shimoda and Arhonditsis, 2016). Thus, integrating mechanistic processes 

with data-driven parameter estimation and uncertainty quantification is important to provide 

reliable predictions. 
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The aim of this study is to develop a reliable HAB model for predicting cyanobacteria 

dominance and exploring the relative impacts of biophysical factors on phytoplankton competition 

in shallow turbid reservoirs. To this end, we (1) applied a mechanistic model to simulate two broad 

phytoplankton groups (i.e., cyanobacteria and non-cyanobacteria) competing for nutrients and 

light; (2) calibrated the model parameters using Bayesian inference; (3) evaluated model 

robustness using cross-validation; (4) explored the relative importance of biophysical drivers on 

phytoplankton accumulation and cyanobacteria dominance. 

 

3.2 Materials and methods 

3.2.1 Study area 

Jordan Lake, with an area of 56 km2 and average depth of 4.3 m, is located in the Piedmont 

region of North Carolina, NC (Latitude: 35.7, Longitude: -79.0) (Figure 3.1) (NCDEQ, 2014). The 

is highly eutrophic, resulting in high summer concentrations of chl-a dominated by cyanobacteria 

(NCDEQ, 2015). The highest phytoplankton concentrations are in the upper portions of the lake: 

Morgan Creek Arm (MCA) and New Hope Creek Arm (NHA), due to point and nonpoint source 

nutrient loadings from watersheds that include the cities of Durham and Chapel Hill. The MCA 

and NHA embayments, which are the focus of this study, are relatively shallow with mean depths 

of approximately 2.4 and 3.0 m, respectively, and surface areas of 2.1 and 2.7 km2, respectively, 

when the reservoir is at its conservation pool elevation of 65.8 m above mean sea level (USACE, 

1964). Both embayments are eutrophic and turbid with mean (± standard deviation, sd) Secchi 

depths of 0.46 ± 0.13 m and 0.43 ± 0.12 m in MCA and NHA, respectively (NCDEQ, 2017).  
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Figure 3.1: Jordan Lake study area with major sampling sites in Morgan Creek Arm and New 

Hope Creek Arm characterized.  

 

3.2.2 Data 

Water quality samples were collected by North Carolina Department of Environmental 

Quality (NCDEQ) at two samplings sites: CPF086C and CPF081A1C of MCA and NHA, 

respectively (National Water Quality Monitoring Council., 2019). Sampling was generally 

collected each month from 2014 to 2017. During the summer months (June - August), samples 

were typically collected at a biweekly interval. Thus, we have 89 samples in total (both lake arms) 

during the study period from August 2014 to December 2017. Integrated water samples were 
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collected from the water column photic zone depth (surface to twice the Secchi disk depth). 

Samples were analyzed in the laboratory to determine the chl-a, total phosphorus (TP), and total 

nitrogen (TN) as the sum of total Kjeldahl nitrogen (TKN) and nitrite and nitrate nitrogen (N-NOx) 

in the water. Additional physical parameters, including turbidity (NTU) and temperature were also 

measured.  

Meteorological data (air temperature, wind speed, relative humidity, and solar radiation) 

were obtained from NC Climate Retrieval and Observation Network Of the Southeast (CRONOS) 

database (State Climate Office of NC, 2016). Lake depth information was based on field 

measurements and U.S. Geological Survey (USGS) Station 02098197. These meteorological and 

lake depth data were used to simulate time series of water temperature based on an existing 

turbulent diffusion model (Han et al., 2020).  

Flow data was obtained from USGS stations 02097517 and 02097314 for Morgan and New 

Hope Creeks, respectively. We adjusted flow based on the ratio of the overall watershed to the 

gaged portion of the watershed. The residence times are calculated using watershed inflow (MCA 

plus NHA) and the reservoir volume above the Farrington Road causeway. 

Phytoplankton samples were collected and the average biovolume of each species was 

estimated through microscopy (NCDEQ, 2017). A total of 60 phytoplankton taxa were recorded 

and there were seven dominant groups (Table 3.3). Due to frequent blooms of Pseudanabaena, 

Dolichospermum and Cylindrospermopsis, cyanobacteria were the most abundant phylum from 

July to October. Diazotrophic cyanobacteria including Aphanizomenon, Pseudanabaena, 

Dolichospermum and Cylindrospermopsis, account for 96.1% of total biovolume, while non-

diazotrophic cyanobacteria accounts for 3.9% of total biovolume. Additionally, filamentous 

cyanobacteria accounts for 97.5% of total biovolume, followed by coccoid (2.5%). Other major 
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groups (non-cyanobacteria) mainly include diatoms (phylum: Bacillariophyta account for 5.5% of 

total non-cyanobacteria biovolume), Euglenoids (Euglenophyta, 24.8%), green algae 

(Chlorophyta, 1.2%), golden algae (Chrysophyta, 31.7%), and Cryptomonads (Cryptophyta, 7.2%) 

(Wiltsie et al., 2018). 

In this study, we focus on two phytoplankton groups: cyanobacteria and non-cyanobacteria. 

Although both chl-a and phytoplankton biovolumes are generally used as surrogates for algal 

biomass, Canfield et al. (2019) suggested that chl-a has better relationships with nutrients and 

Secchi disk while having less measurement uncertainty (Sun and Liu, 2003). Chl-a is moderately 

correlated with biovolume in our study area across seasons (correlation coefficient r2 of 0.6, Figure 

3.10). Meanwhile, chl-a has better relationships with both TN (r2 of 0.32) and TP (r2 of 0.42) than 

biovolume (r2s of 0.13 and 0.10 between biovolume and TN and TP, respectively). Therefore, we 

model chl-a concentrations split among phytoplankton groups based on biovolume proportions 

(Figure 3.2), referred to as cyanobacteria chl-a (chl-cy) and non-cyanobacteria chl-a (chl-ncy). 

Figure 3.9 gives an overview of the input data for the mechanistic model. 
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Figure 3.2: Plots of (a) chlorophyll-a concentration (chl-a, µg/L), (b) cyanobacteria biovolume 

(Cyano BV, mm3/m3), and (c) non-cyanobacteria biovolume (Non-cyano BV, mm3/m3). Data were 

collected from August 2014 to December 2017. Dots represent monthly means, horizontal lines 

represent medians, boxes represent 25% and 75% percentiles, and vertical lines represent the 

range. 

 

3.2.3 Governing equations 

We developed a process-based model to investigate competition for nutrients and light 

among cyanobacteria and non-cyanobacteria phytoplankton. The formulation generally followed 

previous modeling work on algal growth and competition under nutrient- and light-limited 
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conditions (Chapra, 2008). Let ai denote the chl-a concentration of phytoplankton group i, such 

that: 

𝑑𝑑𝑎𝑎𝑖𝑖
𝑑𝑑𝜕𝜕

= 𝑘𝑘𝑔𝑔𝑖𝑖Φ𝑃𝑃𝑖𝑖Φ𝐿𝐿𝑖𝑖θ𝑖𝑖𝑇𝑇−20𝐶𝐶𝑖𝑖 − 𝑘𝑘𝑑𝑑𝑖𝑖θ𝑖𝑖𝑇𝑇−20𝐶𝐶𝑖𝑖                   (1) 

where kgi is the growth rate under optimal light and abundant nutrients (d-1) and kdi is a specific 

loss rate (d-1), both at a reference temperature of 20°C, and T is depth-averaged water column 

temperature (⁰C) (Han et al., 2020). The loss rate represents all phytoplankton mortality, including 

grazing, as a first-order rate process. Both rates are adjusted based on temperature where θi is a 

temperature adjustment factor. Note that we use the same θi for both growth and loss, since 

preliminary analysis indicated that including different θ did not improve model performance. 

Growth is limited by nutrients (ΦPi) and light (ΦLi). The nutrient limitation factor, ΦPi, is 

determined using Monod kinetics: 

ΦPi= p/(p + KsPi)             (2) 

where p is the bioavailable inorganic nutrient in phosphorus equivalents (P, µg/L) and KsPi is the 

half-saturation constant (µg/L) of phytoplankton group i. The limiting nutrient (LN) is determined 

based on min(TN/rnp, TP) where the algal N:P ratio (rnp, µg N/µg P) is a calibrated parameter in 

the model (Dolman and Wiedner, 2015).  

The light limitation factor, ΦLi, is determined through the Steele model (Steele, 1965), 

which is then integrated over time (1 day) and the water column depth (Chapra, 2008): 

Φ𝐴𝐴𝐶𝐶 =  
2.718𝑓𝑓
𝑘𝑘𝐶𝐶𝑁𝑁

�exp�−
𝐼𝐼
𝐼𝐼𝑠𝑠𝐶𝐶
∙ exp(−𝑘𝑘𝐶𝐶𝑁𝑁)� − exp�−

𝐼𝐼
𝐼𝐼𝑠𝑠𝐶𝐶
�� (3) 

where f represents the photoperiod (fraction of day with sunlight), Isi (W/m2) is optimal light 

intensity for phytoplankton group i, and I (W/m2) and H (m) are photosynthetically available light 

intensity and lake depth, respectively. The light extinction coefficient ke (m-1) is comprised of the 

non-algal extinction coefficient (ken, m-1) that is a function of wind speed (ken=1.0+0.38Uw1, where 
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Uw1 is 1-day averaged wind speed, m/s) and the algal extinction coefficient (kea, m-1/µg/L) that is 

a function of chl-a (Eqn 4, Figure 3.11). Thus, the accumulation of phytoplankton increases 

turbidity, thereby diminishing the light available for further growth.  

𝑘𝑘𝑒𝑒 = 1.0 + 0.38𝑈𝑈𝑤𝑤1 + 0.03𝐶𝐶              (4) 

Phytoplankton mortality is associated with the production of zooplankton and detritus, z 

(in units of P equivalents, µg/L). This non-algal organic matter is ultimately reduced through 

mineralization: 

𝐹𝐹𝑧𝑧
𝐹𝐹𝑆𝑆 = ∑ 𝑟𝑟𝑒𝑒𝐶𝐶𝐶𝐶𝑘𝑘𝐹𝐹𝐶𝐶θ𝐶𝐶𝑇𝑇−20𝐶𝐶𝐶𝐶2

𝐶𝐶=1 − 𝑘𝑘𝑚𝑚θ𝑚𝑚𝑇𝑇−20𝑧𝑧             (5) 

where km is the mineralization rate (d-1) and θm is a temperature adjustment factor. 

The limiting bioavailable nutrient in P equivalents increases through the decomposition of 

zooplankton and detritus and decreases through algal growth: 

𝐹𝐹𝑒𝑒
𝐹𝐹𝑆𝑆 =  𝑘𝑘𝑚𝑚θ𝑚𝑚𝑇𝑇−20𝑧𝑧 − ∑ 𝑟𝑟𝑒𝑒𝐶𝐶𝐶𝐶𝑘𝑘𝑔𝑔𝐶𝐶Φ𝑃𝑃𝐶𝐶Φ𝐴𝐴𝐶𝐶θ𝐶𝐶𝑇𝑇−20𝐶𝐶𝐶𝐶2

𝐶𝐶=1              (6) 

 

3.2.4 Mechanistic model: Quasi dynamic simulation 

A “quasi dynamic” simulation approach was applied to predict phytoplankton 

concentrations. For each sample, we ran the model a certain number of days prior to the 

observation date, considering the residence time and a model-calibrated time-scale parameter, prt 

(d). In these simulations, physical conditions, such as light intensity, water temperature, wind 

speed, and lake depth, vary over time. The total limiting nutrient LN remains constant (based on 

observations), but the nutrient cycles between chl-cy, chl-ncy, p, and z. Initial concentrations of 

chl-cy, chl-ncy, p, and z were determined as fractions of LN. Initial p was determined based on the 

ratio of mean NH3+NOx (105 µg/L) to the mean model-determined LN converted to nitrogen 
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equivalents (LN×rnp). Here, we used nitrogen because observations of inorganic phosphorus (e.g., 

soluble reactive phosphorus) were unavailable for our study area. Initial total chl-a was determined 

based on the ratio of the observed 10th percentile chl-a to mean LN. We used the 10th percentile to 

allow for phytoplankton to develop based on observed nutrient and physical conditions. Total chl-

a was then distributed among chl-cy and chl-ncy based on the observed mean ratio (0.79, chl-

cy:chl-ncy). Finally, z accounted for the remaining portion of LN.  

 

3.2.5 Model parameterization and Bayesian inference 

The model consists of sixteen parameters to be estimated through Bayesian inference 

(Table 3.1). Bayesian inference provides posterior parameter distributions that integrate prior 

knowledge and the fit of the model to the observed data (i.e., the likelihood) (Gelman et al., 1995). 

Most priors are assigned normal distributions based on previous literature and truncated at zero to 

avoid unrealistic negative values. We applied a wide noninformative prior to the time-scale 

parameter prt due to limited literature information (14 days were chosen, given the phytoplankton 

concentrations could vary substantially between biweekly sampling events). Also, to avoid 

excessive parameter correlation and facilitate computational tractability within the Bayesian 

framework, the mineralization rate km and its temperature adjustment θm, are assigned typical 

values of 0.1 d-1 and 1.07, respectively (Bowie, 1985; James and Bierman, 1995).  

An adaptive Markov Chain Monte Carlo algorithm was applied to determine the Bayesian 

posterior distribution (Scheidegger, 2018). Here, we ran three chains with 5,000 iterations per 

chain. For each chain, the first 3,000 iterations were discarded as burn-in, resulting in a total of 

6,000 posterior distribution samples. Convergence was considered achieved when the square of 

the ratio of total posterior variance to within-chain variance was less than 1.1 for all model 
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parameters (Gelman and Rubin, 1992). Moreover, to address heteroscedasticity and non-

normality, we applied a square root transformation to the response variable of chl-a (Faraway, 

2014).   

 

Table 3.1: Prior information of the estimated parameters of the model. Truncated normal (tN) prior 

distributions with lower bounds of zero are used. 

Phytoplankton 
group i 

Description Prior distribution Unit Ref 

kgi Growth rate 𝑆𝑆𝒩𝒩 (1, 0.3) d-1 1, 2 

kdi Loss rate 𝑆𝑆𝒩𝒩 (0.1, 0.05) d-1 1, 2 

Isi Optimal light intensity 𝑆𝑆𝒩𝒩 (50, 20) W/m2 3 

KsPi Half saturation constant  𝑆𝑆𝒩𝒩 (3, 1) µg/L 1-3 

rpai Algal P:chl-a ratio 𝑆𝑆𝒩𝒩 (1, 0.25) -- 3, 4 

σai Residual sd for sqrt(a) 𝑆𝑆𝒩𝒩 (0, 10) sqrt(µg/L) -- 

θi Temperature adjust factor 𝑆𝑆𝒩𝒩 (1.07, 0.025) -- 3, 4 

rnp Algal N:P ratio 𝑆𝑆𝒩𝒩 (7.2, 3.6) -- 5 

prt Time scale factor 𝑆𝑆𝒩𝒩 (0, 14) d -- 
1Reynolds, 2006; 2Hamilton and Schladow, 1997; 3Chapra, 2008; 4Bowie et al., 1985; 5Redfield, 1958. 

 

3.2.6 Model performance and sensitivity analysis 

We quantified the predictability of total chl-a, cyanobacteria chl-cy, and non-cyanobacteria 

chl-ncy, using the coefficient of determination (R2) (Faraway, 2014) and root mean square error 

(RMSE) (Willmott, 1981). The robustness of the model was evaluated through cross-validation 

(Chatfield, 2006). Here, we split the whole dataset into three subsets based on year: subset 1 (S1) 

includes data from August 2014 to December 2015, subset 2 (S2) includes 2016, and subset 3 (S3) 

includes 2017. For each subset, Sj, we calibrated the model with Sj data removed, and then use the 
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calibrated model to make validation predictions on Sj. Repeating the test for all three subsets, we 

then calculated performance statistics for all validation predictions. 

We characterized the effects of biophysical factors on phytoplankton group competition 

through sensitivity analysis. We focused on three factors that are expected to impact phytoplankton 

growth and competition, including the limiting nutrient (LN=min(TN/rnp, TP)), water temperature 

(T), and non-algal extinction coefficient (ken). Water temperature was varied by +/-3 ºC with +3 

ºC reflecting plausible long-term global temperature change (Meehl et al., 2007). All other inputs 

were varied by +/-30%. For each variation in model inputs, the percent changes in chl-cy and chl-

ncy were determined. Moreover, we repeated the sensitivity analysis for each season to evaluate 

the synergistic effects of co-varying multiple factors (i.e., LN, ken, and T) simultaneously. And the 

ratio of chl-cy to chl-ncy (ε) was calculated to reflect the relative dominance of cyanobacteria.  

 

3.3 Results and discussion 

3.3.1 Parameter estimates 

The prior parameter estimates were updated (i.e., calibrated) through Bayesian inference 

with more than three years of observational data. Means and standard deviations represent the 

central tendency and uncertainty of the marginal posterior distributions (Table 3.2). Generally, the 

posterior distributions are narrower than the priors (Figure 3.3), indicating that a substantial 

amount of knowledge was gained through calibration to the observational data. The non-

cyanobacteria group obtains a higher kg (at a 95% credible level) and a marginally higher kd (78% 

credible level) than the cyanobacteria group. Non-cyanobacteria have a lower value of Is (at a 78% 

credible level) than cyanobacteria, indicating that non-cyanobacteria have higher tolerance to low 
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light availability. A significant shift of the central tendency relative to the wide prior assigned 

value can be observed from the time-scale parameter (prt), suggesting that algal competition varies 

over longer time scales than originally anticipated. 

The relative value of our parameter estimates for cyanobacteria and non-cyanobacteria 

groups are comparable with other studies incorporating Bayesian inference (e.g., Arhonditsis et 

al., 2007; Rigosi et al., 2011; Zhao et al., 2008). For example, the half saturation constant for 

phosphorus (KsP) is found to be lower for cyanobacteria (at a 99% credible level) than non-

cyanobacteria, which is consistent with the findings from Rigosi et al. (2011), indicating 

cyanobacteria is a superior competitor for nutrients. However, Malve et al. (2007) found that 

cyanobacteria has the highest kg at 20 °C among phytoplankton groups, but they focused 

particularly on nitrogen-fixing cyanobacteria that are not common in Jordan Lake. Schwaderer et 

al. (2011) indicated that cyanobacteria generally have lower Is and more low-light adapted than 

other groups (e.g., diatom, greens). However, the curve fitting model they applied to calculate Is 

is different from ours (i.e., Steele model) (Schwaderer et al., 2011). Additionally, the Is they 

obtained for cyanobacteria (≈50 W/m2) is comparable with ours (59 W/m2). 

Parameter estimates can also be compared with a previous study performed in the same 

embayments, which predicts (only) total chl-a, focusing on the cyanobacteria dominance period 

from June to October (Han et al., in review). In general, the parameter estimates of these two 

studies are comparable with each other. However, by modeling the competition between two 

phytoplankton groups, the current study further differentiates group-specific parameter values. 

Additionally, for light limitation, we apply the Steele formulation rather than the Monod 

formulation used in the previous study. The Steele model accounts for the effects of 

photoinhibition at high light levels, which can vary across phytoplankton groups (Béchet et al., 
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2013; Shoener et al., 2019). At the same time,  the estimated optimal light for cyanobacteria, Isc 

(mean of 59 W/m2) is generally comparable to the light half saturation constant from the previous 

study (15 W/m2), considering that growth saturates at approximately five times this constant. 

While, the estimated optimal light for non-cyanobacteria, Isn (mean of 36 W/m2) is lower than 75 

W/m2 (5×15 W/m2) of previous study since this study focused on whole year while previous study 

focus solely on cyanobacteria-dominated period (June-October). 

 

Table 3.2: Bayesian parameter estimates ( �̂�𝛽 , mean of marginal posterior distribution) with 

standard errors (𝜎𝜎𝛽𝛽� ) for the mechanistic model. Group-specific parameter values are distinguished 

based on subscripts, as “c” refers to cyanobacteria, and “n” represents non-cyanobacteria. 

Parameter estimates for the model calibrated to all data are shown first, followed by parameter 

estimates from the cross-validation exercise, with calibration data folds 1, 2, and 3 indicated in 

parentheses.  

Variable (unit) �̂�𝛽 𝜎𝜎𝛽𝛽�  �̂�𝛽 (2,3) �̂�𝛽 (1,3) �̂�𝛽 (1,2) 
kgc (d-1) 0.75 0.16 0.96 0.65 0.85 
kgn (d-1) 1.34 0.28 1.04 1.22 1.17 
kdc (d-1) 0.06 0.02 0.07 0.05 0.06 
kdn (d-1) 0.09 0.02 0.07 0.08 0.09 
Isc (W/m2) 59.0 18.0 51.0 52.2 68.8 
Isn (W/m2) 35.9 19.6 46.5 37.6 26.9 
KsPc (µg/L) 2.04 0.43 1.23 2.13 2.90 
KsPn (µg/L) 4.52 0.74 3.92 4.12 3.90 
σac (sqrt(µg/L)) 1.86 0.16 1.91 1.82 2.03 
σan (sqrt(µg/L)) 1.56 0.12 1.77 1.58 1.46 
rpac (µg P/µg a) 0.71 0.14 0.70 0.94 0.78 
rpan (µg P/µg a) 0.80 0.11 0.89 0.69 0.82 
θc (unitless) 1.11 0.02 1.08 1.10 1.10 
θn (unitless) 1.06 0.02 1.06 1.06 1.04 
rnp (unitless) 7.66 2.48 7.22 6.65 7.39 
prt (d) 31 3.09 30 28 31 
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Figure 3.3: Comparison between the prior (dashed line) and posterior parameter distributions 

(solid line) of the calibrated parameters for two phytoplankton groups: cyanobacteria (blue) and 

non-cyanobacteria (red). The y-axis represents relative probability density. 

 

3.3.2 Model fit and validation 

The model explained 51%, 41% and 10% of the variabilities with RMSEs of 1.6, 1.8 and 

1.5 for square root transformed total chl-a, chl-cy and chl-ncy (�µ𝑔𝑔/𝐴𝐴), respectively. Also, the 

R2s were 51%, 47% and 10% with RMSEs of 16, 17 and 17 µg/L for total chl-a, chl-cy and chl-

ncy in original (back-transformed) scale, respectively. Model performance was similar across 

observations from the two different monitoring stations (Figure 3.4). 

The robustness of the model was investigated through a three-fold cross validation. 

Parameter estimates for each fold of this analysis are shown in Table 3.2. Generally, most of the 

parameter estimates did not vary substantially (i.e., less than +/-30%) among the calibrating 
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datasets. However, the growth rate (kgc), loss rate (kdc), and half saturation constant for phosphorus 

(KsPc) of cyanobacteria varied approximately 48%, 40%, and 42% between S23 and S13, 

respectively. Also, the optimal light intensity (Isn) of non-cyanobacteria differed by approximately 

40% between S13 and S12. Despite this variability, there was general consistency in the rank of 

cyanobacteria versus non-cyanobacteria parameters across the cross-validation folds (e.g., kgn was 

larger than kgc across all folds). Overall, the model demonstrated validation R2 values of 43%, 33%, 

and 2.0% for square root transformed total chl-a, chl-cy, and chl-ncy, respectively.  

 

 

Figure 3.4: Observed versus predicted chl-cy (blue) and chl-ncy (red) for the (a) square root 

transformed scale and (b) normal scale. Results are based on models calibrated to the entire study 

period (August 2014 – December 2017). Monitoring station locations shown in Figure 3.1. The 

grey dashed line is the 1:1 line.   
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3.3.3 Seasonal variations of phytoplankton group chl-a and biophysical drivers  

Generally, the model reproduces seasonal cyanobacteria and non-cyanobacteria 

competition patterns (Figure 3.5a). Based on observational data, non-cyanobacteria and 

cyanobacteria dominate 58% and 42% of the time, respectively, while the model indicates 67% 

and 33%, respectively. Specifically, we observed that non-cyanobacteria dominate 90% of time 

during both winter and spring, while our model shows a 100% dominance. Cyanobacteria are 

observed as the predominant group accounting for 67% of time in summer, while the model 

indicates 80% (Figure 3.5a). Based on the observational data, cyanobacteria dominate 67% of time 

in fall, while the model indicates 38% (Figure 3.5a). 

Moreover, both chl-cy and chl-ncy demonstrated inter-annual variability that was largely 

captured by our model. For example, chl-cy was observed higher in summer 2015 (median of 54 

µg/L) than other summers with medians of 23, 33, and 23 µg/L for 2014, 2016, and 2017, 

respectively (Figure 3.5a). Our model underestimates the high value in summer 2015 with a 

median of 44 µg/L. While our chl-cy estimates are relatively close to the rest years, with medians 

of 34, 37, 27 µg/L for 2014, 2016, 2017, respectively. Additionally, chl-ncy was recorded 

relatively higher in winter 2017 (median of 52 µg/L) compared to winters of other years (20, 41, 

and 17 µg/L from 2014 to 2016, respectively) (Figure 3.5a). While, our model somewhat 

underestimates the severe condition of chl-ncy in winter 2017 with a median of 29 µg/L. And for 

other winters from 2014 to 2016, we estimate medians of 25, 29, and 19 µg/L for chl-ncy, which 

are relatively close to the observations.  

Nutrient conditions in Jordan Lake exhibited apparent seasonal variations. Based on the 

wide posterior of rnp (Figure 3.3), the model is not strongly determinant of N versus P limitation, 

though the mean posterior estimate of 7.7 µg N/ µg P is substantially less than the observed mean  
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Figure 3.5: Time series of (a) predicted and observed chl-cy and chl-ncy (µg/L); (b) total nitrogen 

(TN, µg/L) and total phosphorus (TP, µg/L) with the limiting nutrient indicated with filled 

symbols; (c) photosynthetically available light intensity (I, W/m2) and depth-averaged water 

column temperature (T, ⁰C); (d) lake depth (H, m) and wind speed (Uw, m/s). Seasonal trends were 

analyzed using MCA simulation results across the study period of August 2014 to December 2017. 

See Figure 3.12 for time series plots of NHA embayment. 

 

of 13.7 µg N/ µg P. TP is usually higher for summer and fall with mean values of 93 and 91 µg/L, 

respectively, compared to 74 and 80 µg/L for winter and spring, respectively (Figure 3.5b). 

Average daylight photosynthetically available light intensity, I, for winter, spring, summer, and 

fall was 139 W/m2, 206 W/m2, 210 W/m2, and 186 W/m2 at water surface, compared to 28 W/m2, 

34 W/m2, 41 W/m2, and 38 W/m2 in the water column, respectively (Figure 3.5c). Water 

temperature variation throughout the year was markedly seasonal with mean temperatures of 12 
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°C, 20 °C, 26 °C, 22 °C for winter, spring, summer, and fall, respectively (Figure 3.5c). Relatively 

high levels of wind speed were observed in winter and spring (average of 2.9 and 2.8 m/s) 

compared to summer and fall (2.7 and 2.5 m/s) (Figure 3.5d). Similarly, lake depth is lower in 

summer and fall (with daily average of 2.8 and 2.7 m, respectively), while higher in winter and 

spring (3.2 and 3.1 m, respectively) (Figure 3.5d). 

 

 

Figure 3.6: Plots of (a) nutrient limitation ΦP, (b) light limitation ΦL, (c) temperature-adjusted 

growth rate kgT=kgθ(T-20), (d) temperature-adjusted loss rate kdT=kdθ(T-20) for cyanobacteria (blue) 

and non-cyanobacteria (red). Values shown are the average of the simulation period (e.g., prt) for 

each sample. Seasonal trends were analyzed using MCA simulation results across the study period 

of August 2014 to December 2017. See Figure 3.13 for time series plots of NHA embayment. 

 

The growth and proliferation of phytoplankton groups depends largely on nutrients 

(nitrogen and phosphorus), temperature, and light. The average nutrient limitation factor (ΦP) for 
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cyanobacteria is 0.85, 0.80, 0.67, and 0.70 in winter, spring, summer, and fall, respectively, 

compared to non-cyanobacteria of 0.72, 0.66, 0.49, and 0.53, respectively (Figure 3.6a). Thus, 

non-cyanobacteria experience more nutrient limitation, particularly in the summer and fall.  These 

results are consistent with KsPn>KsPc (Table 3.2). Light limitation factor ΦL is generally small for 

both phytoplankton groups (Figure 3.6b). Average ΦL for non-cyanobacteria is 0.24, 0.26, 0.30, 

and 0.28 in winter, spring, summer, and fall, respectively, which is relatively higher than 

cyanobacteria of 0.22, 0.25, 0.29, and 0.27, respectively. Specifically, note that during the winter 

of 2017, ΦL is higher for both cyanobacteria and non-cyanobacteria (11%) than previous winters, 

as a results of decreased water levels (18% lower of lake depth) in winter 2017 (i.e., December 

2017). The relative advantage between cyanobacteria and non-cyanobacteria in temperature-

adjusted growth (kgT) varies across each season (Figure 3.6c). Average kgT for non-cyanobacteria 

is 0.75, 1.3, 2.3, and 1.6 d-1 for wither, spring, summer, and fall, respectively, higher than 

cyanobacteria of 0.27, 0.70, 1.9, and 1.1 d-1, respectively. Average temperature-adjusted loss rate 

(kdT) for non-cyanobacteria is 0.05, 0.09, 0.15, and 0.11 d-1 in winter, spring, summer, and fall, 

respectively, compared to 0.02, 0.06, 0.16, and 0.09 d-1 for cyanobacteria, respectively (Figure 

3.6d).  

Cyanobacteria dominance in summer is a common phenomenon in many eutrophic 

waterbodies (Elliott, 2010; Lee et al., 2015; Paerl et al., 2011) and the lake modelled in this study 

is no exception. Consistent with other studies (Loewen et al., 2020; Rigosi et al., 2014; Znachor et 

al., 2020), the results demonstrated nutrients (TP), light, and temperature are the main factors 

driving cyanobacteria dominance in summer, while light and temperature are the primary limiting 

factors for cyanobacteria growth in winter.  
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3.3.4 Sensitivity analysis 

The sensitivity of predicted chl-a to changes in nutrients, water temperature, and 

background turbidity, which are expected to be primary drivers of phytoplankton growth and 

competition, was explored (Figure 3.7). As the limiting nutrients were increased from -30% to 

+30%, both chl-cy (change from -18% to +6.5%) and especially chl-ncy (change from -37% to 

+41%) were stimulated. When changing water temperature from -3 to +3 °C, two groups showed 

smaller but opposite responses. Cyanobacteria chl-a increased 12% as temperature changed from 

-3 to +3 °C, while chl-ncy was reduced by 10%. For non-algal extinction coefficient (i.e., non-

algal turbidity) ken is changed from -30% to +30%, the chl-cy reduced approximately 18%, while 

chl-ncy increased 4.8%, indicating more turbid water could modestly impede the growth of 

cyanobacteria. Additionally, we test the sensitivity of photosynthetically available light intensity 

(I) on chl-cy and chl-ncy. The results demonstrated that when increasing I from -30% to +30%, 

chl-cy increased 18%, while chl-ncy was reduced 8.1%, which is consistent with the sensitivity 

results of ken.   
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Figure 3.7: Sensitivity analysis results of chl-cy and chl-ncy by perturbing the limiting nutrient 

(LN), depth-averaged water column temperature (T), and non-algal extinction coefficient (ken). 

 

We further investigated the aggregated effects of changes in limiting nutrient, water 

temperature, and non-algal extinction coefficient on cyanobacteria dominance (Figure 3.8). The 

ratio of chl-cy to chl-ncy (ε) was calculated to explore cyanobacteria dominance for each season. 

In winter and spring, under any plausible combination of nutrients, temperature, and background 

turbidity conditions, the ratio ε was generally lower than 1.0, indicating non-cyanobacteria 

constituted the major production in the lake (Figure 3.8 a-f). Though non-cyanobacteria primarily 

dominated in winter and spring, the relative dominance varies between the two seasons. The 

baseline conditions (i.e., seasonal mean) of LN and ken are 74 µg/L and 2.0 m-1 for winter, 

respectively, which are relatively close to the spring conditions of 80 µg/L and 2.0 m-1, 

respectively. A relatively higher ε was observed in spring than winter, which is due to increased 
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light intensity in water column (from 28 to 34 W/m2) and increased water temperature (from 12 to 

20 °C) from winter to spring (Figure 3.8 b and e). During summer and fall, the tendency towards 

cyanobacteria dominance becomes stronger (larger ε) particularly under the conditions of low LN, 

low ken, and high T, suggesting cyanobacteria is more competitive under a nutrient-limited, low 

non-algal turbidity, and warm temperature condition than non-cyanobacteria (Figure 3.8 g-l).  

If we compare the simulated concentrations of chl-a under the aggregated effects of LN, 

ken, and T (Figure 3.14 and Figure 3.15), we found that both chl-cy and chl-ncy were promoted 

with increased nutrient concentrations. The chl-cy was consistently impeded with increased 

background turbidity because Isc (59 W/m2) will be more different from the mean I in water column 

(e.g., 28, 34, 41, 38 W/m2 are the baseline mean water column I in winter, spring, summer, and 

fall, respectively) and thus more light limitation. However, more turbid water column only 

impeded the growth of non-cyanobacteria (with a Is of 36 W/m2) in winter and spring due to the 

relatively low light intensity in those two seasons. Whereas in summer and fall, when there is more 

background turbidity, non-cyanobacteria became less limited (less photo-inhibited) by light since 

the average I in water column tends to be closer to Isn. And this suggests that turbidity is potentially 

a key factor for reducing the competitive advantage of cyanobacteria in warm seasons. Moreover, 

cyanobacteria are promoted by warm water temperature, which has been consistently observed 

across all seasons. Non-cyanobacteria are impeded by increased temperature due to increased 

competition from cyanobacteria in spring, summer, and fall, but are stimulated by increased 

temperature in winter. That is because the mean concentration of inorganic phosphorus (p) is 

relatively high in winter (14 µg/L) when compared to 10, 5.2, and 6.7 µg/L in spring, summer and 

fall, respectively, which leads to a higher ΦP and net growth rate for non-cyanobacteria in winter. 
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Taken together, our results identified factors for cyanobacteria dominance including: 

superior competitiveness at nutrient-limited conditions, high light levels, and high temperatures, 

which is consistent with other studies (De Senerpont Domis et al., 2007; Elliott et al., 2010; 

McCarthy et al., 2009; Mur et al., 1999). Also, our result suggested that the non-cyanobacteria 

group (mainly including diatoms, Euglenoids, green algae, and golden algae, Section 3.2.2) are a 

superior competitor for light under highly turbid waters in summer and fall. Additionally, 

compared to Han et al. (in review), this study provides new insights on both single-factor and 

synergistic effects impacting cyanobacteria dominance. For example, total chl-a was not 

substantially influenced by changes in non-algal turbidity, with a 30% increase in non-algal 

turbidity leading to a less than 0.5% decrease in total chl-a (Han et al., in review). However, by 

further modelling the competition between cyanobacteria and non-cyanobacteria, we found the 

effects of ken on chl-cy and chl-ncy are opposite to each other, and thus influence cyanobacteria 

bloom outcomes. 
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Figure 3.8: The aggregated effects of water temperature (T) (by column), limiting nutrients (LN) 

and non-algal extinction coefficient (ken) (each matrix) on the ratio of chl-cy to chl-ncy in winter, 

spring, summer, and fall (by row). Value with black box is obtained using baseline conditions for 

each season. See Figure 3.14 and Figure 3.15 for modeled values of chl-cy and chl-ncy. 
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3.3.5 Methodological implications 

The modelling framework presented here, a quasi-dynamic phytoplankton competition 

model with Bayesian inference, provides insights on mechanisms of cyanobacteria dominance, 

rigorous model uncertainty assessment, and flexibility on data requirements. The biophysical rates, 

calibrated within the Bayesian framework, incorporate both prior knowledge and site-specific data. 

Compared to studies on modelling total chl-a, incorporating the competition between 

cyanobacteria and non-cyanobacteria provides additional characterization of biophysical rates. For 

example, a kg of 0.98 d-1 was found for total chl-a (Han et al., in review), while this study further 

indicated a 0.75 d-1 and 1.3 d-1 for cyanobacteria and non-cyanobacteria, respectively.  

Additionally, through applying quasi-dynamic solution to the mechanistic model, the 

model automatically determines the time scale of algal competition through residence time and a 

model calibrated time-scale parameter (prt). Generally, the time scale of algal competition was 31 

d.  However, 20% of the time it is reduced based on the residence time (down to 8 d), which reflects 

the effects of streamflow and flushing on algal conditions (Bornette and Puijalon, 2011; Paerl, 

2008). Moreover, the quasi-dynamic solution allows us to utilize measured TN and TP 

concentrations, rather than implementing additional watershed nutrient loading or sediment 

nutrient flux models to predict them. This unique aspect of our model provides flexibility on data 

requirements and reduces uncertainties introduced by additional nutrient simulations.  

 

3.4 Conclusion 

The main interest of the study was to understand the mechanisms driving the seasonal 

variability of cyanobacteria dominance. A mechanistic model was applied to elucidate the 
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competition between cyanobacteria and non-cyanobacteria by integrating the effects of limiting 

nutrients, water temperature, and light. This model allows us to examine the role of phytoplankton 

group-specific properties and abiotic conditions on cyanobacteria dominance. Our model captures 

temporal variability in chl-cy and reproduces the seasonal patterns in cyanobacteria dominance. 

The model achieves a moderate predictive performance (R2 of 41%, 10%, and 51% for square root 

transformed chl-cy, chl-ncy, and total chl-a, respectively) with the quasi-dynamic approach, and 

cross-validation indicates predictions are reasonably robust. The analysis of synergistic effects of 

co-varying factors on cyanobacteria dominance reveals that cyanobacteria benefit from warm 

conditions and suggests they are a superior competitor for nutrients under nutrient-limited 

conditions, while non-cyanobacteria have more tolerance on low light levels. Moreover, we found 

non-cyanobacteria can be benefit from increased background turbidity in summer and fall. Overall, 

these results suggest season-specific controls (e.g., changes in turbidity, nutrients) that can be used 

to reduce total algal production and cyanobacteria dominance.  
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3.5 Supplementary Material 

3.5.1 Input data 

 

Figure 3.9: Plots of (a) total nitrogen (TN, µg/L) (black) and total phosphorus (TP, µg/L) (blue); 

(b) lake depth (H, m) (black) and wind speed (Uw, m/s) (blue); (c) photosynthetically available 

light intensity (I, W/m2) (black) and depth-averaged water column temperature (T, ⁰C) (blue). 

Results are for the period of August 2014 to December 2017. Dots represent monthly means, 

horizontal lines represent medians, boxes represent 25% and 75% percentiles, and vertical lines 

represent the range, as determined from daily averages. 
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Table 3.3: Major cyanobacteria and non-cyanobacteria taxa in Jordan Lake (Station CPF081A1C 

and CPF086C). Data from NCDEQ. 

Genus Phylum 

Contribution 
to total 

biovolume 
(%) 

Morphological and 
physiological characters 

and adaptions 
Reference 

Dolichospermum 

Cyanobacteria 

4.35 
filamentous; 

heterocystous; akinete 
production; N-fixation 

Dokulil and 
Teubner, 

2000; 
Reynolds, 

2006; 
Reynolds et 
al., 1987; 

Schwaderer 
et al., 2011 

Aphanizomenon 0.72 

filamentous; 
heterocystous; N-fixation; 
more dependent on higher 

turbulence 

Aphanothece 0.12 unicellular; non-
heterocystous 

Chroococcus 0.10 unicellular; non-
heterocystous 

Cylindrospermopsis 2.80 

filamentous; 
heterocystous; N-fixation; 

highest temperature 
preferences; preferring 

well mixed environments; 
akinete production 

Merismopedia 0.23 unicellular 

Microcystis 0.02 

colony or aggregate 
forming species; 

buoyancy regulation (gas-
vesicles), poorest light 

efficiency 

Pseudanabaena 10.8 
filamentous; non-

heterocystous; 
diazotrophs 

Raphidiopsis 0.27 filamentous 
Achnanthidium 

Bacillariophyta 

0.08 tropical diatoms can 
adapt to warming; key 

drivers of diatom species 
richness include: 
conductivity, pH, 

phosphorus, thermal 
stratification; motile 

diatoms can select the 
most suitable habitat. 

specifically, Fragilaria, 
and Synedra are highly 

flexible to light intensity; 
Navicula is considered a 
highly adaptable species 
regarding light regime 

Jin and 
Agustí, 2018; 

Shi et al., 
2016; 

Soininen and 
Teittinen, 

2019 

Asterionella 1.46 
Aulacoseira 1.90 
Fragilaria 1.23 
Navicula 0.06 
Nitzschia 0.23 

Rhizosolenia 0.05 
Skelotonema 0.13 

Synedra 0.52 
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Table 3.3 (continued). 

Actinastrum 

Chlorophyta 

0.37 

tend to exhibit higher 
light compensation 

points and can tolerate 
very high light 
environments 

Leliaert et 
al., 2012; 

Richardson 
et al., 1983; 
Schwaderer 
et al., 2011 

Ankistrodesmus 0.45 
Chlamydomonas 0.64 
Chlorogonium 0.06 

Coelastrum 0.19 
Cosmarium 0.31 
Crucigenia 0.09 

Dictyosphaerium 0.30 
Euastrum 0.08 

Golenkinia 0.03 
Kirchneriella 0.04 
Micractinium 0.04 

Pandorina 13.9 
Pediastrum 0.54 
Quadrigula 0.05 

Scenedesmus 0.24 
Spermatozoopsis 0.02 

Tetraedron 0.04 
Tetrastrum 0.02 
Dinobryon 

Chrysophyta 

0.05 

tolerate low nutrients Reynolds 
et al., 2002 

Mallomonas 0.40 
Ochromonas 1.49 

Synura 15.0 
Chroomonas 

Cryptophyta 
1.04 

tolerate low light Reynolds 
et al., 2002 Cryptomonas 2.24 

Komma 0.51 
Euglena 

Euglenophyta 

3.38 
unicellular flagellates; 

tolerate high BOD 
Reynolds 

et al., 2002 
Lepocinclis 18.3 

Phacus 1.36 
Trachelomonas 4.06 

Chrysochromulina Prymnesiophyta 3.76 tolerate to stratification Reynolds 
et al., 2002 

Ceratium 
Pyrrhophyta 

2.07 dinoflagellates; tolerate 
to segregated nutrients; 

high sensitivity to 
photoinhibition 

Reynolds 
et al., 2002 

Gymnodinium 0.22 
Peridinium 2.73 
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Figure 3.10: Observed total chl-a versus observed biovolume in log-transformed scale colored by 

season for the data collected during August 2014 to December 2017. The grey dashed line is the 

linear regression line.   

 

3.5.2 Light extinction coefficient estimation 

The light extinction coefficient ke (m-1) is comprised with two components: algal (kea) and 

non-algal (ken) extinction coefficient. The kea is as a function of chl and ken is as a function of 

average water-column diffusion, which is selected through variable selection method (Lumley, 

2017).  Taken together, ke=0.03a+1.0+0.38(Uw1) (R2=0.30, where Uw1 is 1-day averaged wind 

speed (m/s)) (Figure 3.11).  
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Figure 3.11: Observed versus predicted extinction coefficient (ke, m-1) using the relationship of 

ke=0.03a+1.0+0.38(Uw1) (R2=0.30). 
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3.5.3 Seasonal variations 

 

Figure 3.12: Time series of (a) predicted and observed cyanobacteria and non-cyanobacteria chl-

a (µg/L); (b) total nitrogen (TN, µg/L) (black) and total phosphorus (TP, µg/L) (blue); (c) 

photosynthetically available light intensity (I, W/m2) (black) and depth-averaged water column 

temperature (T, ⁰C) (blue); (d) lake depth (H, m) (black) and wind speed (Uw, m/s) (blue). Seasonal 

trends were analyzed using NHA simulation results across the study period of August 2014 to 

December 2017. 
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Figure 3.13: Plots of (a) nutrient limitation ΦP, (b) light limitation ΦL, (c) temperature-adjusted 

growth rate kgT=kgθ(T-20), (d) temperature-adjusted loss rate kdT=kdθ(T-20) for cyanobacteria (blue) 

and non-cyanobacteria (red). Values shown are the average of the simulation period (e.g., prt) for 

each sample. Seasonal trends were analyzed using NHA simulation results across the study period 

of August 2014 to December 2017.  
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3.5.4 Sensitivity analysis 

 

Figure 3.14: The aggregated effects of water temperature (T) (by column), limiting nutrients (LN) 

and non-algal extinction coefficient (ken) (each matrix) on cyanobacteria chl (chl-cy, µg/L) in 

winter, spring, summer, and fall (by row). Value with black box is obtained using baseline 

conditions for each season. 
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Figure 3.15: The aggregated effects of water temperature (T) (by column), limiting nutrients (LN) 

and non-algal extinction coefficient (ken) (each matrix) on non-cyanobacteria chl (chl-ncy, µg/L) 

in winter, spring, summer, and fall (by row). Value with black box is obtained using baseline 

conditions for each season. 
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