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Abstract 

 

Physical, chemical and biological lake processes are sensitive to climate. Global circulation 

models generally predict future increases in air temperature, but are more uncertain in 

predictions of other meteorological driver variables, such as wind. Understanding how important 

biogeochemical lake processes, such as hypolimnetic anoxia, may respond across a gradient of 

climate scenarios requires a process-based, numerical, aquatic ecosystem model. Past studies 

using these models to predict future changes in lakes have primarily focused on the response of 

lake thermal structure to rising air temperature. Less work has been done investigating the 

impacts of other meteorological driver variables, especially on biogeochemical processes. This 

study provides an analysis of the effect of changes in three important meteorological driver 

variables (air temperature, wind speed and relative humidity) on hypolimnetic anoxia in a 

eutrophic, north temperate lake using the anoxic factor, an index that captures the temporal and 

spatial extent of anoxia. Air temperature and relative humidity were found to have a positive 

correlation with anoxic factor, while wind speed had a negative correlation. Given climate 

projections for the region of interest, air temperature was found to have the greatest potential 

impact on the anoxic factor, followed by wind speed and then relative humidity. Across the 

scenarios, variation in the simulated anoxic factor was primarily due to changes in the timing of 

onset and decay of stratification. Air temperature and wind speed exhibited significant diurnally 

asymmetric effects, with daytime air temperature and nighttime wind speed having a greater 

impact on the anoxic factor. While the differences in effect magnitude from day to night were 

relatively minor, the discrepancy could be important for predicting future changes in lakes for 

regions that are expected to experience strong diurnally asymmetric changes in climate. 
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1. Introduction 

Lake eutrophication has led to degradation of water quality in lakes and reservoirs at a 

global scale (Diaz 2001, Trolle et al. 2011, Kara et al. 2012). An important consequence of 

elevated productivity in eutrophic systems is hypolimnetic anoxia that arises from increased 

microbial metabolism of degradable organic matter (OM) (Hanson et al. 2004, Bouffard et al. 

2013). In thermally stratified lakes, in which the hypolimnetic waters are isolated from 

atmospheric and photosynthetic oxygen sources in the epilimnion, hypolimnetic dissolved 

oxygen (DO) consumption by microbial respiration leads to oxygen depletion and potentially 

anoxia (<1 mg-O2 L
-1

) (Robertson and Imberger 1994, Nürnberg 1995, Foley et al. 2012). 

Anoxia is a serious environmental threat as it leads to the release of nutrients such as phosphorus 

(P) and heavy metals from the sediments into the water column, and has negative consequences 

for fish and macroinvertebrates including altered spatial distribution of species, altered 

physiological processes, changes in predator-prey interactions, and ultimately death (Arend et al. 

2011, Foley et al. 2012). Changes in climate are likely to cause further deterioration of water 

quality globally, and may undermine management strategies intended to restore water quality 

(Jeppesen et al. 2007, 2009, Williamson et al. 2009, Trolle et al. 2011). Therefore, it is important 

to understand how changes in climate drivers are likely to affect important lake processes such as 

seasonal oxygen dynamics. 

Changes in water temperature and oxygen dynamics are already occurring in lakes 

worldwide (Hampton et al. 2008, Williamson et al. 2009, Schneider and Hook 2010, Foley et al. 

2012, Palmer et al. 2014, North et al. 2014). However, the links to climate drivers are complex. 

In some studies there is evidence of diurnally asymmetric effects of meteorological drivers on 
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lake response (Livingstone 2003, Wilhelm et al. 2006). Other studies, using model forecasts, 

have predicted increased stratification strength and duration, and have implied increased extent 

of anoxia in the future (Mackay et al. 2009, Samal et al. 2012). In linking climate drivers to 

consequences, most work has focused on the effects of changes in air temperature (Trolle et al. 

2011) and there is still a need for further investigation of the effects and interactions of other 

meteorological drivers such as wind speed (Wilhelm et al. 2006, Mackay et al. 2009, Kerimoglu 

and Rinke 2013). 

Few studies have focused on numerical simulation of the response of anoxia to 

perturbations in meteorological drivers (Fang et al. 2004). Process-based numerical simulation 

models are appropriate for climate change studies because lakes have complex physical-

biological coupling and substantial temporal variance. As a consequence, how they respond to 

changes in external drivers is difficult to understand. For hypolimnetic anoxia, a number of 

processes may come into play in altering its spatial extent and duration. These processes include 

epilimnetic productivity, duration of thermal stratification, thermal stability, hypolimnetic 

temperature, and hypolimnetic volume (Foley et al. 2012, Müller et al. 2012, Bouffard et al. 

2013). Additionally, these processes are not independent of each other, and may affect 

hypolimnetic anoxia in contrasting ways. As an example, higher hypolimnetic water 

temperatures favor increased microbial metabolism rates and thus increased anoxia duration (i.e. 

earlier anoxia onset) (Foley et al. 2012), but also lead to decreased thermal stability and thus 

decreased spatial extent and duration of anoxia (Nürnberg 1988). Process-based numerical 

models are able to simulate these complex interactions and feedbacks between physics and 
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biogeochemistry (Hamilton and Schladow 1997), and thus are well-suited to provide insight into 

how oxygen dynamics change under a gradient of climate scenarios. 

How do meteorological drivers affect oxygen dynamics in a eutrophic, north temperate 

lake? Does the timing of perturbations in meteorological drivers (day vs. night) influence the 

effect on oxygen dynamics? What are the projected impacts of changing climate on oxygen 

dynamics for the latter half of the 21
st
 century? To explore these questions, we used a process-

based, one-dimensional, hydrodynamic-biogeochemical lake model, calibrated to observational 

data, to test independently the influence of meteorological variables on lake anoxia, as well as 

explore climate scenarios that may be outside the bounds of available observational data. We 

applied this model to a well-studied eutrophic, north temperate lake (Lake Mendota, WI) that 

routinely experiences hypolimnetic oxygen depletion during summertime stratification. Given 

the complicated structure of the simulation model, we were interested in discovering 

relationships between changes in meteorological driving variables and simulation results using 

simple statistical models. 
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2. Methods 

2.1 Study site description 

Lake Mendota is a north temperate, dimictic, eutrophic lake located in south-central 

Wisconsin, USA (43°7’N, 89°25’W). It has a surface area of 39.4 km
2
, a maximum depth of 25.3 

m, and is elliptical in shape. Lake Mendota’s major inflow, the Yahara River, accounts for 

approximately 70% of the total annual inflow. The hydraulic residence time is roughly 6 years. 

The lake is typically frozen from late December until early April, and stratifies June through 

early October. Due to its highly eutrophic status since the mid-1800s, Lake Mendota experiences 

intense phytoplankton blooms and hypolimnetic anoxia each summer (Brock 1985). 

2.2 Anoxic factor calculation 

Anoxia is the depletion of dissolved oxygen (DO) in the bottom waters of a lake, 

occurring during thermal stratification when the bottom waters are isolated from atmospheric and 

photosynthetic oxygen sources in the surface waters. During this period, DO consumptive 

processes, or sinks (microbial respiration), exceed DO sources (transport from the surface waters 

via advection and diffusion), and DO concentrations decrease to very low levels. In this study, 

the anoxic threshold was defined as 1 mg L
-1

 (Nürnberg 1995, Foley et al. 2012). The anoxic 

factor (AF) is a convenient index that summarizes both the duration and spatial extent of anoxia 

in a lake/reservoir into a single value for a given season (Nürnberg 1995). Anoxic factor 

(Nürnberg 1995, Marcé et al. 2010) or other similar indices such as ‘hypolimnetic anoxia’ (Foley 

et al. 2012) and ‘hypoxic factor’ (North et al. 2014) have been used to track changes in anoxia 

across varying climate conditions. The anoxic factor represents the amount of time (t) that a 

sediment area (a), normalized by the surface area of the lake (A0), is overlain by anoxic waters 
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(Eq.1). Because the index is normalized by lake surface area, AF can be compared across 

different lakes. AF is reported in time units (days), but is often described as days year
-1 

or days 

season
-1

 in order to distinguish between inclusion or exclusion of wintertime anoxia (Nürnberg 

1995). The anoxic factor captures the spatial extent of anoxia by considering the anoxic depth in 

the water column (Fig. 1). If the anoxic depth is constant through time, the calculation can be 

simplified to AF = t ×az×A0
-1

. Because the anoxic factor accounts for both the duration and 

spatial extent of anoxia, it is more indicative of the true physiochemical and ecological impact of 

anoxia on a lake system than anoxia duration or the oxygen depletion rate. In Fig. 1, we have 

held constant the duration of stratification to simplify the example. As the depth of the mixed 

layer changes, the anoxic factor changes to reflect changes in the anoxic sediment area. 

2.3 Simulation model 

A complex hydrodynamic-biogeochemical model was used in this study to explore 

gradients not well-represented by the observational data, as well as to study, independently, how 

exogenous drivers affect ecosystem dynamics. First, because of the relatively short span of 

recorded meteorological and water quality data, there are few observations of seasonal 

perturbations in the meteorological driver variables. Because driver variables tend to be 

correlated (i.e., a perturbation in temperature is coincident with a perturbation in relative 

humidity), it is difficult to interpret their effects on lake processes using statistical models. 

Second, the observed data do not contain exclusively daytime/nighttime perturbations, making it 

difficult to compare the impact of daytime and nighttime perturbations. And finally, the observed 

data do not cover the state space projected by future climate scenarios. It has been demonstrated 
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that extrapolating beyond the observational data space is more reliable when the model has a 

mechanistic, rather than purely empirical, basis (Loucks et al. 2005). 

To understand how meteorological drivers affect oxygen dynamics, the hydrodynamics 

and biogeochemistry of Lake Mendota were modeled using General Lake Model (GLM v1.4.0), 

a one-dimensional (1D) hydrodynamic model coupled through the Framework for Aquatic 

Biogeochemical Modeling (FABM) to the Aquatic EcoDynamics module library (AED) (Hipsey 

et al. 2013, 2014). The GLM-FABM-AED model (referred to as ‘GLM’ hereinafter) was well-

suited for this study because of its: 1) open source availability and transparency; 2) flexibility in 

ecological modeling through the use of AED modules; 3) low computational requirements for a 

single run. Further, many of the heat transfer and mixing algorithms have been adopted from 

Hamilton and Schladow (1997) and have been tested extensively through a wide range of 

conditions in the DYnamic REervoir Simulation Model (DYRESM) (Han et al., 2000; Gal et al., 

2003; Rinke et al., 2010; Trolle et al., 2011, Bruce et al. 2006, Gal et al. 2009, Trolle et al. 2011).  

2.4 Model setup 

The model was initialized and calibrated using driver data and water quality data from 

2009 and 2010. Validation was conducted using similar data from 2007 and 2008. Simulations 

were run for individual open water seasons (approximately mid-April through December) 

because GLM ice cover algorithms do not currently adequately simulate ice cover (Yao et al. 

2014, Read et al. 2014). AED modules representing ecosystem processes that were expected to 

have particular relevance to anoxia were included. Therefore, we simulated oxygen, nutrients 

(silica, nitrogen, and phosphorus), organic matter, and phytoplankton. These variables are 

especially important in a eutrophic lake like Lake Mendota, where phytoplankton account for the 
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major organic carbon flux that fuels microbial respiration in deeper waters. Within the 

phytoplankton module, four functional groups were simulated to account for most of the 

planktonic organic carbon biomass: Microcystis (non-N-fixing phytoplankton in Microcystis 

genus), Aphanizomenon (N-fixing phytoplankton in the Aphanizomenon or Anabaena genera), 

chlorophytes (all remaining green algae), and diatoms (all phytoplankton in the Bacillariophyta 

genus) (Kara et al. 2012). Phytoplankton mortality was subsumed into the phytoplankton 

respiration parameters, allowing for regulation without enabling a zooplankton functional group 

(Hipsey et al. 2013). Finally, no bacteria module was available, but heterotrophic bacterial 

respiration processes were captured through sediment oxygen demand and water column 

respiration via the mineralization of DOC. 

2.5 Model calibration 

Calibration was conducted for the state variables that have a direct influence on the 

development of hypolimnetic anoxia. Physical/mixing variables are important for controlling the 

thermal structure of the system, and metabolic rates are controlled in part by temperature. 

Therefore, the physical state variables we calibrated included water level and water temperature 

(WT). For the contribution of phytoplankton to the organic carbon pool that subsidizes 

heterotrophic respiration, we calibrated dissolved oxygen (DO), phosphate, nitrate, ammonium, 

dissolved reactive silica, dissolved organic carbon (DOC), dissolved inorganic carbon (DIC), and 

each of the four phytoplankton functional groups. Parameters targeted in the calibration of each 

of the state variables were the top five (or fewer) most sensitive parameters. Sensitivity was 

ranked by the variation of a fit metric (Root Mean Square Error (RMSE) or Normalize Mean 

Absolute Error (NMAE)) in response to approximately ± 30% changes in the default parameter 
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values (Bruce et al. 2006, Gal et al. 2009, Kara et al. 2012). Calibration of physical and chemical 

state variables involved minimization of the NMAE via adjustments to the target parameters 

within literature ranges. This minimization routine was executed by constrained, nonlinear, 

multidimensional optimization in R, tuning multiple (up to five) parameters simultaneously (R 

Core Team 2014). The R language was chosen because it is open source, flexible, and platform 

independent. For phytoplankton functional groups, calibration was accomplished via manual, 

incremental adjustments to the top five most sensitive phytoplankton parameters, with the goal of 

finding the best qualitative match to observed data. Emphasis was placed on seasonal mean and 

peak timing and magnitude, as these characteristics are regarded as important features of 

phytoplankton dynamics (Rigosi et al. 2011). In all cases, the final applied parameter values 

were the mean of the results of the two independent optimizations for the 2009 and 2010 

seasons. 

The model state variables were calibrated to best match the observed time series data at 

all depths, with equal weighting placed on each depth (i.e. no volumetric weighting). Although 

indices such as the anoxic factor are used in this study, the GLM model was not calibrated for 

this index because it would force a numerical agreement of the indices while obscuring the 

seasonal dynamics of some state variables in a way unrepresentative of the true system. 

2.6 Climate scenarios 

Scenarios involved the application some constant, additive changes to the observed 

hourly time series meteorological data for a single season in the period 2007-2010 (four different 

baseline years). These random changes, or perturbations, were simultaneously applied to the air 

temperature (AT), wind speed (WS), and relative humidity (RH) meteorological drivers. Along 
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with all-day perturbation scenarios (i.e. change applied to all hourly time points), scenarios were 

executed for daytime perturbations only and for nighttime perturbations only so that differences 

in the effects on anoxic factor between day and night could be investigated. A single scenario run 

included four steps in which information flowed from the original meteorological (“met”) file to 

the value of the simulated anoxic factor (Fig. 2).  

In step 1, perturbations for air temperature, wind speed and relative humidity were 

randomly sampled from a uniform distribution of preset perturbation ranges. The ranges were 

determined by projections from the GENMOM GCM with the A2 emission scenario for Lake 

Mendota, WI (Hostetler et al. 2011). The range of perturbations was centered at zero, and set to 

encompass the maximum projected change in the monthly mean values between the periods 

2070-2089 and back-projected 1980-1999 (data not shown). The resulting perturbation ranges 

were ±3 °C for air temperature, ±0.25 m s
-1

 for wind speed, and ±6 % for relative humidity. The 

constant, additive perturbations were applied to all applicable hourly time steps (all-day, daytime 

or nighttime), representing a shift in the mean value of the meteorological driver variable. For 

example, daytime perturbations scenarios involved changes only to hourly time points during the 

day, and nighttime driver data remained identical to the baseline. Day and night were 

distinguished by a 10 W m
-2

 threshold of shortwave radiation values, and over the simulation 

periods, there was an even split between day and night hourly time points (50% ± 0.4% for all 

baseline years). 

Longwave radiation was not a target meteorological driver in this study, but longwave 

radiation values were adjusted to reflect changes in air temperature and relative humidity 

following (Crawford & Duchon 1999). This allowed for all climate scenarios to be physically 
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realistic while allowing for independent perturbations in air temperature, wind speed, and 

relative humidity. Longwave radiation was not included as a predictor variable in the statistical 

models to avoid creating high multicollinearity between the predictor variables air temperature, 

relative humidity and longwave radiation. 

In step 2, a GLM simulation was executed using the adjusted (scenario) meteorological 

driver data. Dissolved oxygen data were read from the simulation results in step 3. In step 4, the 

anoxic factor index was calculated and recorded. This value, along with scenario information 

such as the perturbation timing and the perturbation magnitudes were recorded, and then the 

process was repeated by launching another scenario from step 1. This process was iterated 500 

times for each of three perturbation timings (all-day, daytime, and nighttime) and for each of 

four baseline years (2007-2010). This resulted in a total of 500 × 3 × 4 = 6000 simulations, and n 

= 2000 data points in each statistical model generated for a different perturbation timing. The R 

package ‘glmtools’, in conjunction with additional customized R code, was used to extract, 

format, statistically analyze, and visualize data from the model output files (Read et al. 2014). 

2.7 Statistical analyses of simulation and observation data 

We used multiple linear regression (MLR) analysis to examine the relationships between 

the meteorological drivers and the simulated anoxic factor. The first aim of the MLR analysis 

was to determine if the complex set of processes in GLM could be adequately represented by a 

simple statistical model. The ‘adequacy’ of the statistical models can be assessed by analyzing 

the residual plots for any violations of the assumptions of normality, linearity, homoscedasticity, 

and absence of outliers (Foley et al. 2012). By regressing a derived GLM output on features of 

the input driver data, all of the physical, chemical, and biological processes and feedbacks in 
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GLM as condensed into three coefficients. The sign of a coefficient reveals the direction of the 

influence of each of the meteorological drivers (i.e. tendency to increase or decrease the anoxic 

factor), and combined, the coefficients allow for prediction of changes in anoxic factor without 

the need of a computer simulation.  

The second aim of the MLR analysis was to compare across day and night coefficient 

estimates. The coefficients were interpreted as a measure of the effect of the meteorological 

drivers on the anoxic factor. Thus, statistical comparison of the daytime and nighttime 

coefficients for a given meteorological driver variable revealed if there were significant 

differences between daytime and nighttime effects. For visualization purposes, the daytime and 

nighttime impacts were compared by simple linear regressions (y~ x) of the anoxic factor on a 

single meteorological variable (x), where the anoxic factor (y) values reflected underlying 

perturbations in the other two meteorological variables. This accounted for random variation in 

two of the meteorological variables while testing for a statistical difference in slope between 

daytime and nighttime regression lines for the remaining meteorological variable. 

Statistical models were developed from simulated data by regressing the change in anoxic 

factor from the baseline (ΔAF) on the change in air temperature, wind speed and relative 

humidity from the baseline (ΔAT, ΔWS, ΔRH) using MLR (Eq. 2). MLR analysis was 

conducted twelve times corresponding to the three different perturbation timings (all-day, 

daytime and nighttime) and the four different baseline years. Three pooled MLR models were 

developed based on pooled data across all four baseline years for each of the three perturbation 

timing scenarios. As previously explained, longwave radiation values were adjusted to reflect the 
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changes in air temperature and relative humidity, but longwave radiation was not explicitly 

included in the MLR model to avoid multicollinearity. 

MLR analysis was also conducted using observed meteorological and dissolved oxygen 

data for the period 1995-2011 (n= 17). Meteorological data used in this analysis were hourly 

satellite observations from NLDAS, and dissolved oxygen data were biweekly to monthly profile 

measurements from NTL-LTER. The baseline was set to be the overall mean of the variables 

during the seasonal time window of interest (e.g. mid-April through December). Perturbations 

were then calculated as the deviation of a variable in a given year from the overall mean. 

2.8 Extremes testing 

The data used in the development of the MLR models are ‘realistic’ in that the 

meteorological driver variable perturbations were based on predictions from a global circulation 

model (Hostetler et al. 2011). However, it is also informative to investigate the response of the 

simulated anoxic factor under conditions that may be outside the bounds of available 

observational data in order to gain a better understanding of how extreme a change must be to 

force a particular system response. Scenarios were run with air temperature perturbations of ±15 

°C, wind speed perturbations of ±2 m s
-1

, and relative humidity perturbations of ±15 percent. 

Longwave radiation was again adjusted accordingly. The baseline used in these scenarios was 

the year 2009, and perturbations were applied for all-day exposures. Response surfaces were 

developed for each of the three two-way interactions (Kerimoglu and Rinke 2013). 
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3. Results 

3.1 Calibration results 

The model was able to reproduce the observed data with acceptable skill (Table 1, Fig. 

3). Simulated and observed data were compared via the normalized mean absolute error 

(NMAE), which is commonly used in studies of numeric simulation of lakes (Bruce et al. 2006, 

Gal et al. 2009, Trolle et al. 2011, Kara et al. 2012). NMAE values for physical and chemical 

state variables fell within reported literature ranges from studies of numeric simulation of lakes, 

with the exception of epilimnetic DO and overall (all-depths) DOC and DIC (Table 1). 

Simulated total phytoplankton dynamics showed good agreement with observed data considering 

the difficulty of calibrating biological processes in mechanistic biogeochemical models 

(Arhonditsis et al. 2006, Rigosi et al. 2011); however the simulation was unable to capture a 

large Aphanizomenon bloom in 2008 (Fig. 4). Finally, anoxic factor values derived from 

simulated data showed agreement with anoxic factor ranges derived from observed data (Fig. 5). 

3.2 MLR analysis of simulation data 

Statistical models of the simulation results showed that the meteorological drivers were 

highly significant predictors of the simulated anoxic factor (all p ≤ 0.001). A total of fifteen 

MLR models were developed using the scenario simulation data: one for each of the four 

baseline years and each of the three perturbation timings (all-day, daytime, nighttime), and three 

using data pooled for all baseline years (Table 2). Coefficient errors for models based on a single 

baseline year represent the model error, whereas coefficient errors for models based on pooled 

data represent error due to the model and the differing baseline conditions. The meteorological 

driver predictors explained 60, 25, and 26% of the variation in the AF in the all-day, daytime, 
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and nighttime scenarios, respectively. The AF values calculated from pooled MLR models 

showed good linear agreement with GLM-simulated AF (Fig. 6), suggesting that the linear 

model is adequate (i.e. comparable with GLM) to capture the effects of the meteorological 

variables on the AF. However, in cases where GLM predicted large decreases in AF, there were 

deviations from linearity because the MLR models predicted less extreme decreases in AF (Fig. 

6a & b). Correlations amongst the simulated meteorological drivers were all insignificant, which 

was an outcome of the random perturbation design (Table 3). 

3.3 MLR analysis of observation data 

We used MLR to test for significant relationships between drivers and AF in the observed 

data from 1995-2011. The results were not significant (p = 0.16 ; N= 17). Some correlation was 

detected amongst the observed meteorological variables, especially air temperature and relative 

humidity (r = -0.63) as would be expected (Crawford and Duchon 1999; Table 4). While none of 

the predictor variables in the observed MLR model had significance (p ≥ 0.14), the sign of the 

estimates did agree with expectations and with the results of the statistical models developed 

using simulated data (Table 2). Further, the coefficient estimates for air temperature and relative 

humidity were within 16% of the estimates using pooled data for all-day simulated perturbations. 

As a more detailed investigation of the observed data, the meteorological predictor variables 

were split by astronomical spring, summer and autumn seasons and the AF was then regressed 

on the resulting nine predictor variables. When the model was reduced via p-value (α = 0.10) 

criteria, spring air temperature (ΔATspr), summer wind speed (ΔWSsum) and autumn wind speed 

(ΔWSaut) emerged as significant (p ≤ 0.02) predictors and together explained 54% of the 

variation in the observed anoxic factor [ΔAF = 2.54(ΔATspr) – 10.4(ΔWSsum) + 6.13(ΔWSaut)]. 
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3.4 Effect of meteorological drivers on AF 

In response to all-day perturbations, increases in air temperature and relative humidity 

tended to increase AF, while increases in wind speed tended to decrease AF (Fig. 7a-c). The 

effects of perturbations in meteorological variables applied only at night or only during the day 

were also compared via the slopes of simple regression lines relating the response of AF to 

daytime and nighttime perturbations in a given meteorological driver variable (Fig. 7d-f). The 

response variable (AF from GLM) incorporated the random perturbations (centered at 0) for all 

three meteorological drivers, but we analyzed the effect of each driver independently for 

simplicity and visualization purposes. The direction of effect of each meteorological variable 

remained the same regardless of the time period of the perturbation, but the magnitude of effect 

was approximately halved for daytime and nighttime perturbations compared to all-day 

perturbations. Perturbations in daytime air temperature had a statistically greater effect on AF 

than did perturbations in nighttime air temperatures (p< 0.0001; Fig. 7a); however the difference 

in magnitude of the effects was relatively minor (0.27 days °C
-1

). Nighttime wind speed 

perturbations showed a statistically greater effect on AF than daytime wind speed perturbations 

(p < 0.001; Fig. 7b), with a larger difference in magnitude (4.0 days (m s
-1

)
-1

). There was no 

statistical difference between the daytime and nighttime effects of relative humidity (Fig. 7c). 

3.5 Extremes testing results 

The effects of simultaneous perturbations in two meteorological driver variables on the 

simulated AF can be visualized using response surface plots (Fig. 8). The linear contours in all 

three plots further validate the use of a linear model, even under more extreme conditions. It is 

clear from the response surfaces that there many states (all points along a contour line) that result 
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in the same AF. For example, an increase in mean air temperature accompanied by an increase in 

mean wind speed could yield no change in the AF. 
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4. Discussion 

4.1 Model calibration 

The fit between simulated and observed data as measured by NMAE was within literature 

ranges for all commonly reported state variables, except for epilimnetic DO, DOC and DIC 

(Table 1). In the case of DO, hypolimnetic DO was very well simulated (NMAE ≈ 0.16), and the 

NMAE for whole-lake DO was only slightly higher (worse) than the literature range. The 

simulations overestimated epilimnetic DO, most likely as a result of exclusion of zooplankton 

from the model, leading to overestimated primary production. We tested whether the 

overestimation of epilimnetic DO had an effect on the conclusions of this study by artificially 

increasing phytoplankton respiration parameters such that the average NMAE for DO at all 

depths was approximately 0.20. The increase in phytoplankton respiration reduced the goodness-

of-fit for most other state variables, especially phytoplankton. However, the results derived from 

these simulations provided the same conclusions as did the original simulations: all instances of 

significant (p < 0.01) effects of meteorological drivers, and significant differences between 

daytime and nighttime effects of those drivers, remained the same. Additionally, the MLR 

coefficients (effects) remained within ~10% of the original results. These findings suggest that 

the simulated epilimnetic oxygen is satisfactory and that our inferences about the anoxic factor 

are not particularly sensitive to modest changes in phytoplankton net primary production. The 

fits for DOC and DIC were worse than values reported by Kara et al. (2012). However the 

shorter simulation period (~90 days) and lack of major changes in thermal structure (i.e. no 

mixing events) likely resulted in a better fit in that study. The fit metrics for DOC and DIC were 

satisfactory in comparison to most other commonly-reported chemical state variables; all DOC 
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and DIC NMAE values were ≤0.34, compared to an average chemical state variable NMAE 

value of 0.51 reported in Kara et al. (2012). 

In general, the fit was slightly better for the calibration years than the validation years 

(Table 1). This is to be expected and is the result of adapting the model parameters specifically to 

the observed data for the calibration years (Bueche and Vetter 2014). The fact that the fits are 

generally slightly worse for the validation years means that all lake processes are not completely 

described by the model, which is expected. That the validation fit metrics are close to the 

calibration fit metrics and also fall with the literature ranges shows that the model can 

successfully reproduce scenarios for which it was not specifically calibrated, validating its use in 

the climate change scenarios. 

4.2 Use of multiple linear regression 

By regressing perturbations in the model output (ΔAF) on perturbations in the model 

input (ΔAT, ΔWS, ΔRH), all of the processes described in the model are essentially collapsed 

into three coefficients. In the case of all-day perturbations, these three coefficients were able to 

account for 59% of the variation in ΔAF produced by GLM. Analysis of the residual plots for the 

all-day MLR model showed linearity, normality, and homoscedasticity, implying that the ΔAF 

response can be adequately represented by a linear combination of ΔAT, ΔWS and ΔRH 

(residual plots not shown). The remaining variability that is not captured by the MLR model is 

likely due to nonlinearities in the process equations and feedbacks in the model (e.g. bio-shading 

feedback and interactions between AED modules). 

When AF results from the all-day, daytime, and nighttime MLR models were regressed 

on the corresponding AF results from GLM, the MLR models accounted for 83% of the 
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variability in GLM output for the all-day perturbations and 56% of the variability in GLM output 

for both the daytime and nighttime perturbations (Fig. 6). The MLR models performed worse for 

the daytime and nighttime perturbation scenarios likely because of increased nonlinear effects 

when the meteorological driver perturbations are applied for only part of the day, instead of 

consistently across all hours of the day. Still, this is surprisingly good agreement considering a 

reduction in the number of model parameters of two orders of magnitude from GLM to the 3-

parameter statistical model. However, in each case (all-day, daytime and nighttime) the least-

squares line through the points has a slope of <1 (Fig. 6), meaning that the MLR models tend to 

predict less extreme changes in AF compared to GLM. This is again likely due to nonlinear 

processes that are captured by GLM but not by the simple data-based MLR model. In summary, 

the MLR models are able to provide an estimate of ΔAF that is generally in agreement with 

GLM, but the MLR models become less reliable as the magnitude of the meteorological driver 

perturbations increase and the nonlinear process effects become more apparent. This is especially 

evident in the ‘tails’ in Fig. 6a-b where the points fall well above the least squares line, 

indicating that the MLR model under-predicted the decrease in AF. Interestingly, these tail 

points were generated under scenarios in which perturbations in air temperature, wind speed, and 

relative humidity all acted to decrease AF, but not when the meteorological drivers acted to 

increase AF. This suggests that GLM processes that strengthen stratification (and tend to 

increase AF) are more linear than GLM processes that weaken stratification (and tend to 

decrease AF). 
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4.3 Meteorological driver effects on oxygen dynamics 

The sign of the MLR coefficients implies the direction of effect on AF, while the 

magnitude of the MLR coefficients implies a measure of the effect level. Given the coefficients 

derived from the pooled MLR models (Table 2), increases in AT and RH tend to increase AF, 

and increases in WS tend to decrease AF. These results align with current understanding of 

physical limnology (Kalff 2001) and similar studies of the effects of AT and WS (Kerimoglu and 

Rinke 2013). Increases in AT lead to increased rates of surface water heating when AT exceeds 

surface water temperature (WTsurf), and decreased convective cooling rates when AT is below 

WTsurf (Livingstone 2003). Through the spring and summer, this leads to increased heat transfer 

to the surface waters, promoting earlier stratification in the spring, higher thermal stability in the 

summer, and prolonged stratification into the fall. These changes in thermal structure lead to 

increased anoxia duration, increased anoxia area (shallower thermocline), and decreased 

dissolved oxygen transport from the epilimnion to the hypolimnion, each of which tends to 

increase AF. Increases in RH have a similar effect, but act through the exchange of latent heat of 

evaporation (Livingstone 2003). With increased RH, there is less evaporation and thus a greater 

amount of thermal energy remains in the lake. Additionally, increases in both AT and RH are 

associated with increasing longwave radiation (Crawford and Duchon 1999), which warms the 

water body as it is absorbed. This relationship was implicitly included in the MLR models as 

described in the Methods section. Increases in WS primarily affect AF by increasing the 

turbulent kinetic energy (TKE) in the surface mixed layer (Imberger 1985, Read et al. 2012). 

With increased TKE, stratification is delayed in the spring, the thermocline is deepened in the 

summer, and stratification decay occurs earlier in the fall. In contrast to the AT and RH effects, 
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these changes in thermal structure lead to shortened anoxia duration, decreased anoxia area 

(deeper thermocline), and increased transport of DO from the epilimnion to the hypolimnion, all 

tending to decrease AF. 

While the effects of the three meteorological drive variables cannot be compared directly 

due to differences in units, they can be compared by estimating the impact of meteorological 

driver projections on ΔAF. By applying the bounds of the perturbation ranges derived from 

climate change projections to the all-day MLR model (Table 2), one can get an estimate of the 

maximum potential impact of that climate driver on AF. An AT increase of 3°C would lead to 

approximately a 12.7 days season
-1

 increase in AF; a decrease in WS of 0.25 m s
-1

 corresponds to 

an increase in AF of 4.0 days season
-1

; and an increase in RH of 6% corresponds to an increase 

in AF of 2.8 days season
-1

. Therefore, given climate driver projections for the latter half of the 

21
st
 century (Hostetler et al. 2011), AT has by far the greatest potential for impact on AF, 

followed by WS and then RH. This result agrees with previous studies examining the influence 

of meteorological drivers on the thermal dynamics of lakes (Wilhelm et al. 2006, Kerimoglu and 

Rinke 2013). 

4.4 Daytime and nighttime perturbation effects 

The magnitude of the effects of AT, WS, and RH on AF is approximately double for the 

all-day perturbations as compared to daytime- or nighttime-only perturbations, showing 

approximately linear agreement with time of exposure to the perturbed meteorological drivers 

(Fig. 7). The daytime perturbation effect of AT on AF (2.19 days °C
-1

) was statistically greater (p 

= 9 × 10
-5

) than the nighttime perturbation effect of AT on AF (1.92 days °C
-1

) (Fig. 7d). This 

phenomenon may be the result of nonlinear stratifying processes occurring during the daytime. 
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However, while there is a statistical difference, the magnitude of the differences is relatively 

minor (0.27 days °C
-1

; daytime AT effect is 14% greater than nighttime) and therefore even in a 

real-world scenario of diurnally asymmetric shifts in mean air temperature, the difference in 

effect would probably not manifest to the point of environmental significance. Interestingly, 

these findings do not align with previous studies of changes in observed air temperatures and 

changes in lake thermal structure. A previous study found that nighttime air temperatures had a 

greater influence on lake thermal structure (Livingstone 2003). While unclear, the discrepancy 

could be due to differences in lake mixing regime or the fact that our simulations included only 

the open water period; regardless, the topic is deserving of future research efforts. 

The nighttime WS perturbation effect (-11.6 days (m s
-1

)
-1

) was statistically greater (p = 

0.0003) than the daytime WS perturbation effect (-7.57 days (m s
-1

)
-1

) (Fig. 7e). This 

phenomenon may be the result of nonlinear destratifying processes occurring during the 

nighttime. The magnitude of the asymmetry (4.0 days (m s
-1

)
-1

; nighttime WS effect is 53% 

greater than daytime) is greater for WS than for AT. However, given the projected range of shifts 

in mean wind speed (±0.25 m s
-1

), this asymmetric effect is also unlikely to manifest to point of 

environmental significance. While outside the scope of this study, an increase in frequency 

and/or magnitude of high-wind events (especially nighttime storms) could potentially have a 

profound effect on lake thermal structure and anoxia and is worthy of further investigation. 

Finally, RH effects showed no statistical difference between daytime (0.214 days %
-1

) and 

nighttime (0.243 days %
-1

), with a p-value of 0.54. 

Based on the results for all meteorological driver variables, the daytime and nighttime 

perturbations have the same direction of effect on AF, and also are generally similar in effect 
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magnitude. Given this, asymmetric shifts in meteorological driver variables, such as nighttime 

warming (Livingstone 2003), are unlikely to have wildly unexpected effects on this particular 

lake ecosystem (Lake Mendota, WI). However, it is interesting that GLM inherently contains 

diurnally asymmetric meteorological driver effects in its process equations, and the cause and 

implications of this are worthy of further investigation. This phenomenon could become 

important for predicting future changes in lakes with diurnally asymmetric processes and where 

regional climate trends reveal potentially strong diurnally asymmetric changes in climate drivers. 

For example, a hypothetical scenario where climate models predict a -0.5 m s
-1

 shift in nighttime 

wind speed could be applied to model driver data as an overall mean wind speed shift of -0.25 m 

s
-1

 (assuming even day/night split), or strictly as a -0.5 m s
-1

 nighttime wind speed shift. Using 

MLR results from Table 2 for the two scenarios leads to predictions of ΔAF= +4 days season
-1

 

and ΔAF= +7 days season
-1

, respectively. Therefore, not considering the diurnal asymmetries in 

the wind speed data leads to a 43% underestimation in the prediction of ΔAF in this case. While 

interesting, we acknowledge that the uncertainty associated with this analysis of diurnal 

asymmetry includes model error, field measurement error, driver data error, and calibration error 

(Bueche and Vetter 2014). 

4.5 Projected changes in anoxia 

AT and WS are thought to be two of the more important meteorological drivers 

controlling thermal dynamics in lakes, and thus strongly influencing DO dynamics (Livingstone 

2003, Bueche and Vetter 2014). However, the effect of changes in WS on lakes has largely been 

ignored in numerical simulation studies (Mackay et al. 2009, Kerimoglu and Rinke 2013). Under 

certain circumstances, shifts in the mean AT, WS, or RH could offset each other in terms of 
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ΔAF. For example, given the all-day perturbation coefficients reported in Table 2, a ΔAT of 

+1°C could be approximately offset by a ΔWS of +0.25 m s
-1

. In contrast, a decrease in WS 

along with an increase in AT would lead to a significant exacerbation of anoxia (Fig. 8a). These 

perturbations are within the range of predicted changes in monthly means of meteorological 

drivers for the latter half of the 21
st
 century (Hostetler et al. 2011). While changes in the 

meteorological drivers could potentially offset each other in terms of ΔAF, this does not exclude 

the possibility of other effects on the lake ecosystem. Changes in stratification event timing, the 

surface mixed layer depth, thermal stability, and water temperatures all can have important 

consequences for phytoplankton, zooplankton, and even fish (Fang et al. 2004, Kerimoglu and 

Rinke 2013). We investigated the contributions of anoxia duration and anoxic area to ΔAF using 

regression analysis of the simulation results from all-day driver perturbations scenarios. Anoxia 

duration described 78% of the variability in AF and mean thermocline depth described 21% of 

the variability in AF. This suggests that within the state space of climate projections, the majority 

of future changes in AF will likely be a result of changes in the timing of stratification processes. 

Further, the day of onset of stratification and the day of end of stratification (defined by a 1°C 

water temperature difference between surface/bottom waters sustained for at least 30 days) 

accounted for 62 and 54% of the variability in AF, respectively, suggesting approximately equal 

contributions. 

The near-linear contours of the response surfaces in Fig. 8 suggest that ΔAF can be 

described as a linear combination of the meteorological driver perturbations, justifying the use of 

MLR models as a simplified substitute for numerical simulation. The response surfaces show 

that under extreme (and unlikely) changes in climate, such as ΔAT = -5°C and ΔWS = +1 m s
-1

, 
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the AF drops to nearly 0, meaning that no significant summertime stratification occurs. However, 

within the bounds of the climate projections for the WI region for the latter half of the 21
st
 

century, the AF predicted from GLM varies approximately ±15 days season
-1

. This is within the 

range of the previously observed inter-annual variability of the system (Fig. 5). Thus, over the 

remainder of the 21
st
 century, increases in AT will tend to exacerbate anoxia as measured by the 

AF. However, the consequences of increases in AT on AF could be at least partially offset by 

increases in WS or decreases in RH. The resulting seasonal AF is likely to be within or near the 

historically observed range, except occasionally when the underlying natural climate variability 

compounded with the trend of rising AT creates scenarios of unprecedentedly high AF. Under a 

hypothetical but very possible scenario of ΔAT = +2.0 °C, ΔWS= +0.1 m s
-1

, and ΔRH = 3.0% 

for the latter half of the 21
st
 century, MLR models predict ΔAF = + 8.1 days season

-1
. Given 

previously described analyses, this corresponds to 3-day earlier stratification onset, 3-day later 

stratification decay, and ~1-m shallower mixing depth. This aligns with trends observed in 

northern Wisconsin lakes (Palmer et al. 2014). 

4.6 Limitations and recommendations 

Our study has some limitations. We investigated a single lake system in detail (Trolle et 

al. 2011). While outside the scope of this project, similar work investigating the effects of 

changes in multiple meteorological drivers should be conducted on lake systems across key 

gradients controlling AF, such as morphometry, trophic state, climatic exposure, water 

transparency, and mixing regime. This study focused on perturbations in the surface energy 

forcing; by linking GLM with a watershed model, one could investigate the effects of changes in 

system mass balance (e.g. streamflow, nutrient loading), providing additional insight into lake 
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response to changing exogenous drivers. We ran simulations for the ice-free period only due to 

biases in the GLM ice algorithms (Yao et al. 2014, Read et al. 2014). However, increases in AT 

during the winter and early spring could shift ice dynamics and/or cause increased whole-lake 

warming during the spring mixing period, leading to higher hypolimnetic water temperatures and 

decreased thermal stability through the remainder of the season. Because of this, our findings 

should be interpreted as the effects of changes in the meteorological drivers during the open 

water period. Finally, we focused on the effects of shifts in the mean values of meteorological 

variables for the open-water period. The constant meteorological driver perturbations used in this 

study do not reflect changes in frequency or intensity of extreme events or strong seasonal 

changes, which may occur through the remainder of the 21
st
 century. Further investigations 

incorporating these ideas will broaden our understanding of how our water systems will respond 

under changing climate and land-use conditions in the future. 
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5. Conclusions 

We used a process-based, numerical, aquatic ecosystem model in order to investigate 

how hypolimnetic anoxia in Lake Mendota may respond under different climate scenarios. 

Specifically, we investigated the effect of changes in three important meteorological driver 

variables (air temperature, wind speed and relative humidity) on the anoxic factor, an index that 

captures the temporal and spatial extent of anoxia. Using results of many scenario runs covering 

the state space of climate projections the region, we applied MLR analysis techniques to estimate 

the effect of changes in the target meteorological driver variables on the anoxic factor. 

Additionally, some scenarios included meteorological driver perturbations for exclusively 

daytime or exclusively nighttime, allowing us to make comparisons between daytime and 

nighttime effects of meteorological drivers on hypolimnetic anoxia. 

Air temperature and relative humidity were found to have a positive correlation with the 

anoxic factor (+4.8 days °C
-1

 and +0.49 days %
-1

; Table 2), while wind speed had a negative 

correlation (-16 days (m s
-1

)
-1

). The three meteorological driver variables explained 59% of the 

variation in the simulated anoxic factor in the MLR analysis. Remaining variability can be 

explained by nonlinear processes, interactions and feedbacks included in GLM. Variation in the 

simulated anoxic factor was primarily due to changes in the timing of onset and decay of 

stratification. While the MLR models tended to predict less extreme changes in anoxic factor 

compared to GLM, analysis of the MLR residual plots showed linearity, normality and 

homoscedasticity. This suggests that the response of anoxic factor to shifts in the meteorological 

variables can be assumed to be linear for small changes in the meteorological drivers; however 
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the nonlinear effects became more pronounced as the meteorological driver perturbations 

increased. 

The effect on anoxic factor of shifts in air temperature and wind speed showed some 

diurnal asymmetry. Daytime air temperature effects were greater than nighttime (difference of 

0.27 days °C
-1

), while nighttime wind speed effects were greater than daytime (difference of 4.0 

days (m s
-1

)
-1

). Despite statistical significance of the diurnally asymmetric effects, within the 

range of climate projections, the potential for discrepancies in anoxic factor predictions is 

relatively minor. Nevertheless, this shows that models could potentially underestimate future 

changes in lake ecosystems for regions projected to experience strong diurnally asymmetric 

climate change if the simulation driver data do not incorporate the asymmetric shifts. 
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Figure 1: Illustration of three distinct stratification scenarios that yield different anoxic factors 

but the same anoxia duration, due to differences in thermocline depth. H= total lake depth (m); 

A0 = lake surface area (m
2
); z= thermocline depth (m); az = area at anoxic threshold isopleth 

depth (m
2
). The lake is approximated as a conical shape with dimensions shown. Scenarios 

assume instantaneous onset and breakdown of stratification and anoxia, and also assume that the 

anoxic depth is constant through the season and equal to the depth of the thermocline. 
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Figure 2: Workflow diagram depicting the processing steps for a model run from baseline 

simulation files to derived anoxic factor from scenarios. 1) Perturbations for air temperature, 

wind speed and relative humidity are applied to the original meteorological data file. 2) GLM 

model is run with scenario meteorological driver data. 3) Simulated oxygen data is extracted 

from the model output file. 4) Simulated data is processed to derive the simulated anoxic factor. 
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Figure 3: Visual comparison of observed and simulated data for select state variables for the 

2009 calibration open water season: a) observed water temperature; b) simulated water 

temperature; c) observed dissolved oxygen; d) simulated dissolved oxygen; e) observed nitrate; 

f) simulated nitrate; g) observed phosphate; h) simulated phosphate. 
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Figure 4: Comparison of modeled and observed total phytoplankton for the simulated period 

2007-2010. 
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Figure 5: Time series of observed anoxic factor derived from NTL-LTER oxygen measurements 

for the period 1995-2012, with simulated values shown for 2007-2010. Whiskers show the 

minimum and maximum possible anoxic factor values given the temporal gaps in the observed 

oxygen data. Black bars represent the mean of the extremes, and the boxes represent the lower 

and upper quartiles. 
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Figure 6: Regression comparison of results from the MLR models and the GLM simulations for 

a) all-day model, b) daytime model, and c) nighttime model. 
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Figure 7: Comparison of effects (slope) of meteorological driver variables on anoxic factor for 

all-day, daytime and nighttime exposure to perturbations. In each plot, the anoxic factor is 

regressed on a given meteorological driver variable, with underlying random perturbations in the 

remaining two meteorological driver variables. Panels a, b, and c show the effect of all-day 

perturbations in air temperature, wind speed, and relative humidity, respectively (S= slope, p= p-

value for nonzero effect). In panels d, e, and f, Sday= daytime slope/effect; Snight= nighttime 

slope/effect; p= p-value for statistically significant difference in slope between day and night.   
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Figure 8: Response surface plots for the response of the GLM-simulated anoxic factor to 

simultaneous perturbations in two meteorological driver variables: a) air temperature/ wind 

speed, b) air temperature/ relative humidity, and c) wind speed/ relative humidity. 
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Table 1: Model calibration and validation results as normalized mean absolute errors (NMAE) 

and the coefficient of determination (R
2
). Values are the mean of the results of the two calibration 

or validation years. Neither metric uses volumetric weighting. Literature range represents 

numeric simulation studies on several different lakes. 

 Calibration  

(2009 - 2010) 

Validation 

(2007 - 2008) 

Literature Range 

State Variable NMAE R
2
 NMAE R

2 
NMAE 

Water temperature (WT) 0.062 0.91 0.066 0.79 0.037iv-0.079iv 

Dissolved oxygen (DO) 0.32 0.53 0.37 0.47 0.054iv-0.32i 

Hypolimnetic dissolved oxygen 0.14 0.85 0.18 0.75 0.29iii 

Nitrate (NO3
-
) 0.39 0.87 0.65 0.78 0.28i-1.15iv 

Ammonium (NH4
+
) 0.52 0.71 0.43 0.73 0.64iv-1.8i 

Filterable reactive phosphorus (PO4
3-

) 0.36 0.69 0.61 0.73 0.59iv-1.6i 

Dissolved reactive silica (DRS) 0.56 0.69 0.48 0.67 -- 

Dissolved organic carbon (DOC) 0.21 0.50 0.29 0.48 0.053i 

Dissolved inorganic carbon (DIC) 0.26 0.26 0.34 0.50 0.053i 
iKara et al., 2012 (values from three month period) 
iiBruce et al., 2006 
iiiGal et al. 2009 
ivTrolle et al. 2011 (uses mean relative absolute error (RE)) 
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Table 2: Coefficients and standard errors for MLR models that predict changes in anoxic factor 

from changes in meteorological drivers (Nindividual = 500, Npooled= 2000, Nobserved = 17).  
Time of Day Baseline Air Temperature 

Coefficient  

[days °C
-1

] 

Wind Speed 

Coefficient  

[days (m/s)
-1

] 

Relative Humidity 

Coefficient  

[days %
-1

] 

All-day 

 

2007 4.83 ± 0.07 -15.9 ± 0.9 0.491 ± 0.036 

2008 3.96 ± 0.09 -20.1 ± 1.0 0.440 ± 0.043 

2009 3.63 ± 0.08 -12.5 ± 0.9 0.386 ± 0.040 

2010 4.23 ± 0.11 -21.4 ± 1.3 0.517 ± 0.056 

Pooled 4.24 ± 0.09 -15.9 ± 1.0 0.464 ± 0.043 

Daytime 

2007 2.84 ± 0.09 -5.74 ± 1.11 0.404 ± 0.046 

2008 2.00 ± 0.08 -7.27 ± 0.94 0.201 ± 0.039 

2009 1.99 ± 0.07 -3.21 ± 0.90 0.0998 ± 0.0374 

2010 1.90 ± 0.10 -10.7 ± 1.2 0.283 ± 0.052 

Pooled 2.14 ± 0.09 -7.00 ± 1.06 0.267 ± 0.044 

Nighttime 

2007 2.73 ± 0.08 -11.0 ± 0.9 0.303 ± 0.039 

2008 2.05 ± 0.07 -13.4 ± 0.8 0.225 ± 0.034 

2009 1.28 ± 0.08 -8.29 ± 0.94 0.101 ± 0.038 

2010 1.59 ± 0.10 -15.7 ± 1.2 0.255 ± 0.049 

Pooled 2.05 ± 0.09 -14.0 ± 1.0 0.216 ± 0.042 

-- -- -- -- -- 

All-day Observed 3.72 ± 2.35 -0.29 ± 1.57 0.54 +-/- 0.73 
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Table 3: Meteorological driver variable correlation coefficients with p-value in parentheses for 

observed (lower/left section) and scenario (upper/right section) data. 
Observed\Modeled Air Temp. Wind Speed Relative Humidity 

Air Temp. 1 -0.031 (0.15) 0.0018 (0.93) 

Wind Speed 0.382 (0.13) 1 0.0007 (0.97) 

Relative Humidity -0.63 (0.007) -0.33 (0.20) 1 
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Equation 1: Calculation of the anoxic factor [days season
-1

] (Nürnberg 1995). 

𝐴𝐹 =  
∑ 𝑡𝑖𝑎𝑖

𝑛
𝑖=1

𝐴𝑜
 

…where:  n=  number of time-steps  

t=  time-step interval [days] 

a=  cross-sectional area of lake at anoxic (1 mg-O2 L
-1

) depth [m
2
] 

A0=  lake surface area [m
2
] 

 

 

 

 

 

Equation 2: Structure of multiple linear regression models used to relate the change in anoxic 

factor to the meteorological driver perturbations. 

𝛥𝐴𝐹 = 𝐶𝐴𝑇(𝛥𝐴𝑇) +  𝐶𝑊𝑆(𝛥𝑊𝑆) + 𝐶𝑅𝐻(𝛥𝑅𝐻) 
 

…where: AF=  anoxic factor [days] 

  CAT=  air temperature coefficient [days °C
-1

] 

  AT=  air temperature [°C] 

  CWS= wind speed coefficient [days (m s
-1

)
-1

] 

  WS=  wind speed [m s
-1

] 

  CRH=  relative humidity coefficient [days (%)
-1

] 

  RH= relative humidity [%] 
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Appendix A: Model Background 

 

The General Lake Model (GLM) is an open source, process-based, 1-D vertical stratification 

hydrodynamic model for lakes and reservoirs, and was developed at the University of Western 

Australia (version v1.4.0 used in this investigation). The Framework for Aquatic Biogeochemical 

Models (FABM) provides a platform for coupling GLM with the Aquatic EcoDynamics (AED) 

modules, allowing for biogeochemical and ecological modeling in the context of the physical 

state of the body of water. Although the GLM-FABM-AED model is a relatively new model at 

the time of this project (first introduced in 2012 at the 2
nd

 Lake Ecosystem Modelling 

Symposium in Leipzig, Germany), many of the heat transfer and mixing algorithms have been 

adopted from Hamilton and Schladow 1997 and have been tested extensively through a wide 

range of conditions in the DYnamic REervoir Simulation Model (DYRESM) (Han et al., 2000; 

Gal et al., 2003; Rinke et al., 2010; Trolle et al., 2011, Bruce et al. 2006, Gal et al. 2009, Trolle 

et al. 2011). 

 

GLM is written in the C programming language, while FABM and the AED modules are written 

in Fortran. However, knowledge of these programming languages is not required in order to use 

the model. GLM-FABM-AED is available via the University of Western Australia website 

compiled and packaged as an executable program for Windows, Ubuntu and Macintosh 

operating systems. GLM-FABM-AED is essentially a set of equations describing lake/reservoir 

processes. The equations contain parameters (coefficients) which are unique to a given system, 

and therefore differentiate one lake system from another. These parameters are adjusted through 

the calibration process with a goal of achieving the best agreement between historical observed 

conditions and the model’s predictions of that same time period. GLM-FABM-AED is a 

complex model consisting of well over 300 parameters. The set of equations is solved at each 

model time step via explicit numerical methods. In this investigation, the equations were solved 

via a first-order method with a constant model time step of one hour. This methodology could 

potentially lead to issues when stiff equations are encountered and the model time step becomes 

relatively too large, resulting in numeric instability, likely resulting in a model crash. However, 

this occurred very rarely in the GLM model, and did not occur after upgrade to v1.4. 

 

A.1 Overview of General Lake Model (GLM) 

 

GLM is a one-dimensional water balance and vertical stratification numerical simulation model 

which is suitable for lentic inland water systems such as ponds, lakes, and reservoirs (Hipsey et 

al. 2014). The GLM model incorporates user-supplied meteorological surface forcing and 

inflows/outflows, and resolves the lake water balance and energy budget. Vertical profiles of 

temperature, density and salinity are computed using a Lagrangian layer structure similar to 

several other 1-D models (Imberger and Patterson, 1981; Hamilton and Schladow, 1997; 

http://en.wikipedia.org/wiki/C_%28programming_language%29
http://en.wikipedia.org/wiki/Fortran
http://aed.see.uwa.edu.au/research/models/GLM
http://en.wikipedia.org/wiki/Explicit_and_implicit_methods
http://en.wikipedia.org/wiki/Stiff_equation
http://en.wikipedia.org/wiki/Lake_ecosystem
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McCordet al., 2000; Casamitjana et al., 2003; Ga et al., 2003; Chung et al., 2009). This design 

allows for layers to change thickness in response to inflows/outflows, mixing and surface mass 

fluxes (Hipsey et al. 2014). Layer thicknesses (and number of layers) are constrained by user 

defined layer thickness parameters. As the model progresses through time, layers can merge if 

the computed available energy via surface forcing and inflows is sufficient to overcome the 

vertical density gradient, thus simulating the process of mixing. Conversely, layers can split if 

surface heat transfer creates sufficient density gradients, thus simulating the process of density 

stratification. Water quality properties are homogeneous within each layer; therefore, more 

layers will exist during periods of stratification than during isothermal periods.  

 

GLM driver data includes meteorological data and streamflow data. Meteorological data includes 

air temperature, longwave radiation, shortwave radiation, relative humidity, wind speed, rain and 

snow. Streamflow data includes volumetric flow, temperature, and salinity, among other optional 

chemical and biological constituents. The water level of the lake is constrained by the user-

supplied lake morphometry (elevations and corresponding areas). A generalization of the water 

balance is the following mass balance: 

 
𝑑𝑀

𝑑𝑡
= 𝐼𝜌𝑖𝑛𝑓𝑙𝑜𝑤 + (𝑅 ∗ 𝐴0)𝜌𝑟𝑎𝑖𝑛 − 𝑂𝜌𝑆𝑀𝐿 − 𝜆𝜙𝐸 (Equation A.1) 

 

where dM is change in lake water mass, dt is change in time (daily time step), I is the volume of 

inflow, ρx is the density of water associated with process x, SML denotes the surface mixed 

layer, R is depth of rainfall, A0 is the surface area of the lake, O is the volume of outflow, λ is the 

latent heat of evaporation and 𝜙𝐸 is the latent heat flux (shown below). Technically, rainfall and 

evaporation are calculated at sub-daily (hourly) time-steps while the streamflow is balanced at a 

daily time step. Groundwater is not considered in the model, but could be simulated via 

inflows/outflows if it was important to the lake. 

Sensible and latent heat fluxes are calculated according to the following equations, respectively: 

𝜙𝐻 =  −𝜌𝑎𝑖𝑟𝑐𝑝𝐶𝐻𝑈𝑥(𝑇𝑎𝑖𝑟 − 𝑇𝑠𝑢𝑟𝑓) (Equation A.2) 

 

𝜙𝐸 =  −𝜌𝑎𝑖𝑟𝐶𝐸𝑈𝑥(𝑒𝑎[𝑇𝑎𝑖𝑟] − 𝑒𝑠[𝑇𝑠𝑢𝑟𝑓]) (Equation A.3) 

where 𝜙𝐻 is the sensible heat flux, 𝑇𝑎𝑖𝑟 is the air temperature, 𝑇𝑠𝑢𝑟𝑓 is the water temperature of 

the surface layer, 𝜌𝑎𝑖𝑟 is the density of air at temperature 𝑇𝑎𝑖𝑟, 𝑐𝑝 is the specific heat of water, 𝐶𝐻 

is the bulk aerodynamic coefficient for sensible heat transfer [adjustable GLM parameter], 𝑈𝑥 is 

the wind speed, 𝜙𝐸 is the latent heat flux, 𝐶𝐸 is the bulk aerodynamic coefficient for latent heat 

transfer [adjustable GLM parameter], 𝑒𝑎 is the air vapour pressure at temperature 𝑇𝑎𝑖𝑟, and 𝑒𝑠 is 
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the saturation vapour pressure at temperature 𝑇𝑠𝑢𝑟𝑓. The vapour pressures are calculated 

according to equation set (3) in Hipsey et al. 2014.  

Shortwave radiation (SW) is able to penetrate the water column according to the Beer-Lambert 

Law, controlled by the GLM water clarity parameter Kw (the light attenuation coefficient). If 

FABM-AED and bio-shading feedback are enabled, Kw is the background light attenuation 

coefficient, and the Kw should represent attenuation by pure water and non-simulated chemical 

and biological constituents. If FABM-AED is not enabled, Kw represents the light attenuation 

coefficient of the water as is, as can be estimated via following relationship: 

𝐾𝑤 = 𝐾𝑑 = 1.7/(𝑆) (Equation A.4) 

where Kw or Kd is the light attenuation coefficient of the water, and S is the average Sechi depth 

for the lake (Poole & Atkins 1929). The model is able resolve daily SW into sub-daily values 

according to seasonal light schedules for the each hemisphere, but we supply hourly SW driver 

data here. 

Longwave radiation can be estimated based on cloud cover, supplied as incident radiation, or 

supplied as net radiation. In this project, we supply the model with incident longwave radiation. 

Net longwave radiation flux is calculated from incident longwave radiation as follows: 

𝜙𝐿𝑊𝑜𝑢𝑡 =  𝜀𝑤𝜎[𝑇𝑠𝑢𝑟𝑓 + 273.15]
4
 (Equation A.5) 

 

𝜙𝐿𝑊𝑛𝑒𝑡 =  𝜙𝐿𝑊𝑖𝑛 −  𝜙𝐿𝑊𝑜𝑢𝑡  (Equation A.6) 

where 𝜙𝐿𝑊𝑜𝑢𝑡  is the outgoing longwave radiation flux, 𝜀𝑤 is the emissivity of the water surface, 

σ is the Stefan-Boltzman constant. 

Vertical exchange can occur in the model during contracting, expanding, merging and splitting 

of layers, as well as through molecular and turbulent diffusion between adjacent layers. Mixing 

(merging of layers) occurs when the available turbulent kinetic energy (ETKE) exceeds the energy 

required to overcome density gradients (EPE). The model calculates the available kinetic energy 

due to contributions from wind stirring, shear production between layers, convective overturn, 

and Kelvin-Helmholtz billowing. For further description of these processes and others, readers 

are referred to the GLM manual (Hipsey et al. 2014). 

 

Inflow water will form a positively or negatively buoyant intrusion depending on its density, and 

can induce mixing through entrainment. Outflows can be specified at any depth in the water 

column, and are accounted for by removing water from the corresponding layer. 

 

http://en.wikipedia.org/wiki/Beer%E2%80%93Lambert_law
http://en.wikipedia.org/wiki/Beer%E2%80%93Lambert_law
http://en.wikipedia.org/wiki/Emissivity
http://en.wikipedia.org/wiki/Stefan%E2%80%93Boltzmann_law
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This project investigated the effects of changes in meteorological drivers on oxygen dynamics. 

The previously described equations and processes show a connection between the meteorological 

surface forcing and the thermal structure, which has a strong effect on oxygen dynamics. 

Meteorological drivers control the energy/heat balance of the lake system directly, and therefore 

control EPE, which is essentially a measure of thermal stability. The meteorological drivers also 

control the available mixing energy through processes such as heat transfer leading to convective 

overturn, bulk aerodynamic momentum transfer from wind to the water, and wave and shear 

production as a result of wind. Rates of sediment oxygen demand, microbial respiration in the 

water column, and nitrification are all influenced by the ambient water temperature. The 

hypolimnetic water temperature at a given time is determined by current and past meteorological 

heating and mixing processes. Therefore, clearly the meteorological drivers have a strong 

influence on the lake ecosystem. 

 

A.2 Overview of Aquatic EcoDynamics (AED) Module Library 

 

The Aquatic EcoDynamics module library contains a suite of modules that can easily be 

incorporated into the GLM-FABM framework. The state variables simulated by each module are 

subject to all physical forcing (stratification, mixing, inflows, outflows, etc.) simulated by GLM. 

Logically, modules have dependencies each other (e.g. phytoplankton module depends on P, N, 

C, O, Si, and organic matter modules). For this project, we used the oxygen, carbon, silica, 

nitrogen, phosphorus, organic matter, and phytoplankton modules. 

 

The oxygen mass balance in each model layer is as follows: 
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Equation A.7: Oxygen mass balance in each model layer. 

𝑑𝑂2

𝑑𝑡
=  ±𝑓𝑎𝑡𝑚

𝑂2 −  𝑓𝑠𝑒𝑑
𝑂2 − 

𝑓𝑚𝑖𝑛𝑒𝑟
𝐷𝑂𝐶

𝜒𝐶:𝑂2

𝑚𝑖𝑛𝑒𝑟
− 

𝑓𝑛𝑖𝑡𝑟𝑖𝑓

𝜒𝑁:𝑂2

𝑛𝑖𝑡𝑟𝑖𝑓
+ ∑ (

𝑓𝑢𝑝𝑡𝑎𝑘𝑒
𝑃𝐻𝑌_𝐶𝑎

𝜒𝐶:𝑂2

𝑃𝐻𝑌 )

𝑁𝑃𝐻𝑌

𝑎

− ∑ (
𝑓𝑟𝑒𝑠𝑝

𝑃𝐻𝑌_𝐶𝑎

𝜒𝐶:𝑂2

𝑃𝐻𝑌 )

𝑁𝑃𝐻𝑌

𝑎

− ∑ (
𝑓𝑟𝑒𝑠𝑝

𝑍𝑂𝑂𝑧

𝜒𝐶:𝑂2

𝑍𝑂𝑂
)

𝑁𝑍𝑂𝑂

𝑧

  

𝑓𝑎𝑡𝑚
𝑂2 = 𝑎𝑡𝑚𝑜𝑠𝑝ℎ𝑒𝑟𝑖𝑐 𝑜𝑥𝑦𝑔𝑒𝑛 𝑒𝑥𝑐ℎ𝑎𝑛𝑔𝑒 [

𝑚𝑚𝑜𝑙−𝑂2

𝑡𝑖𝑚𝑒
]  

𝑓𝑠𝑒𝑑
𝑂2 = 𝑠𝑒𝑑𝑖𝑚𝑒𝑛𝑡 𝑜𝑥𝑦𝑔𝑒𝑛 𝑑𝑒𝑚𝑎𝑛𝑑 [

𝑚𝑚𝑜𝑙−𝑂2

𝑡𝑖𝑚𝑒
]  

𝑓𝑚𝑖𝑛𝑒𝑟
𝐷𝑂𝐶 = 𝑏𝑎𝑐𝑡𝑒𝑟𝑖𝑎𝑙 𝑟𝑒𝑠𝑝𝑖𝑟𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝐷𝑂𝐶 [

𝑚𝑚𝑜𝑙−𝐶

𝑡𝑖𝑚𝑒
]  

𝜒𝐶:𝑂2

𝑚𝑖𝑛𝑒𝑟 = 𝑠𝑡𝑜𝑖𝑐ℎ𝑖𝑜𝑚𝑒𝑡𝑟𝑖𝑐 𝑟𝑎𝑡𝑖𝑜 𝑜𝑓 𝑐𝑎𝑟𝑏𝑜𝑛 𝑡𝑜 𝑜𝑥𝑦𝑔𝑒𝑛 𝑖𝑛 𝑏𝑎𝑐𝑡𝑒𝑟𝑖𝑎𝑙 𝑟𝑒𝑠𝑝𝑖𝑟𝑎𝑡𝑖𝑜𝑛 [
𝑚𝑚𝑜𝑙 − 𝐶

𝑚𝑚𝑜𝑙 − 𝑂2
]  

𝑓𝑛𝑖𝑡𝑟𝑖𝑓 = 𝑛𝑖𝑡𝑟𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝑟𝑎𝑡𝑒 [
𝑚𝑚𝑜𝑙−𝑁

𝑡𝑖𝑚𝑒
]  

𝜒𝑁:𝑂2

𝑛𝑖𝑡𝑟𝑖𝑓 =  𝑠𝑡𝑜𝑖𝑐ℎ𝑖𝑜𝑚𝑒𝑡𝑟𝑖𝑐 𝑟𝑎𝑡𝑖𝑜 𝑜𝑓 𝑛𝑖𝑡𝑟𝑜𝑔𝑒𝑛 𝑡𝑜 𝑜𝑥𝑦𝑔𝑒𝑛 𝑖𝑛 𝑛𝑖𝑡𝑟𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 [
𝑚𝑚𝑜𝑙 − 𝑁

𝑚𝑚𝑜𝑙 − 𝑂2
]  

𝑓𝑢𝑝𝑡𝑎𝑘𝑒
𝑃𝐻𝑌_𝐶𝑎 = 𝑐𝑎𝑟𝑏𝑜𝑛 𝑢𝑝𝑡𝑎𝑘𝑒 𝑟𝑎𝑡𝑒 𝑓𝑜𝑟 𝑝ℎ𝑦𝑡𝑜𝑝𝑙𝑎𝑛𝑘𝑡𝑜𝑛 𝑓𝑢𝑐𝑛𝑡𝑖𝑜𝑛 𝑔𝑟𝑜𝑢𝑝 𝑎 [

𝑚𝑚𝑜𝑙−𝐶

𝑡𝑖𝑚𝑒
]  

𝜒𝐶:𝑂2

𝑃𝐻𝑌 = 𝑠𝑡𝑜𝑖𝑐ℎ𝑖𝑜𝑚𝑒𝑡𝑟𝑖𝑐 𝑟𝑎𝑡𝑖𝑜 𝑜𝑓 𝑐𝑎𝑟𝑏𝑜𝑛 𝑡𝑜 𝑜𝑥𝑦𝑔𝑒𝑛 𝑖𝑛 𝑝ℎ𝑜𝑡𝑜𝑠𝑦𝑛𝑡ℎ𝑒𝑖𝑠 [
𝑚𝑚𝑜𝑙−𝐶

𝑚𝑚𝑜𝑙−𝑂2
]  

𝑓𝑟𝑒𝑠𝑝

𝑃𝐻𝑌𝐶𝑎 = 𝑐𝑎𝑟𝑏𝑜𝑛 𝑟𝑒𝑙𝑒𝑎𝑠𝑒 𝑟𝑎𝑡𝑒 𝑓𝑜𝑟 𝑝ℎ𝑦𝑡𝑜𝑝𝑙𝑎𝑛𝑘𝑡𝑜𝑛 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛𝑎𝑙 𝑔𝑟𝑜𝑢𝑝 𝑎 [
𝑚𝑚𝑜𝑙−𝐶

𝑡𝑖𝑚𝑒
]  

𝑓𝑟𝑒𝑠𝑝
𝑍𝑂𝑂𝑧 =  𝑐𝑎𝑟𝑏𝑜𝑛 𝑟𝑒𝑙𝑒𝑎𝑠𝑒 𝑟𝑎𝑡𝑒 𝑓𝑜𝑟 𝑧𝑜𝑜𝑝𝑙𝑎𝑛𝑘𝑡𝑜𝑛 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛𝑎𝑙 𝑔𝑟𝑜𝑢𝑝 𝑧 [

𝑚𝑚𝑜𝑙−𝐶

𝑡𝑖𝑚𝑒
]  

𝜒𝐶:𝑂2

𝑍𝑂𝑂 =  𝑠𝑡𝑜𝑖𝑐ℎ𝑖𝑜𝑚𝑒𝑡𝑟𝑖𝑐 𝑟𝑎𝑡𝑖𝑜 𝑜𝑓 𝑐𝑎𝑟𝑏𝑜𝑛 𝑡𝑜 𝑜𝑥𝑦𝑔𝑒𝑛 𝑖𝑛 𝑧𝑜𝑜𝑝𝑙𝑎𝑛𝑘𝑡𝑜𝑛 𝑟𝑒𝑠𝑝𝑖𝑟𝑎𝑡𝑖𝑜𝑛 [
𝑚𝑚𝑜𝑙−𝐶

𝑚𝑚𝑜𝑙−𝑂2
]  

 

In a hypolimnetic model layer, we assume that atmospheric exchange, photosynthesis, and 

phytoplankton/zooplankton respiration are negligible (the model does not necessarily assume 

this, and these processes will occur if the environmental conditions permit). Because the model 

implicitly accounts for vertical exchange of oxygen between layers via the Lagrangian layer 

structure of expanding, contracting, merging and splitting layers, as well as through molecular 

and turbulent diffusion between adjacent layers, there is no explicit equation term describing 

vertical exchange. We transform the differential equation into an explicit hypolimnetic mass 

balance, exclude negligible components, and explicitly include a vertical exchange term: 
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Equation A.8: Discrete hypolimnetic oxygen mass balance equation.  

𝐷𝑂𝑡 =  ∑ 𝑉𝑡−1
𝑧 𝐶𝑡−1

𝑧

𝑛

𝑧=1

 ± 𝑉𝐸𝑅𝑇𝑡−1 − (𝑆𝐸𝐷𝑡−1)𝛥𝑡 − (𝐵𝐴𝐶𝑇𝑡−1)𝛥𝑡 − (𝑁𝐼𝑇𝑅𝐼𝐹𝑡−1)𝛥𝑡 

𝐷𝑂𝑡 = 𝑜𝑥𝑦𝑔𝑒𝑛 𝑝𝑜𝑜𝑙 𝑎𝑡 𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑡𝑖𝑚𝑒 𝑠𝑡𝑒𝑝 (𝑡) [𝑚𝑚𝑜𝑙 − 𝑂2]  

𝑉𝑡−1
𝑧 = 𝑣𝑜𝑙𝑢𝑚𝑒 𝑜𝑓 𝑙𝑎𝑦𝑒𝑟 𝑧 𝑎𝑡 𝑝𝑟𝑒𝑣𝑖𝑜𝑢𝑠 𝑡𝑖𝑚𝑒 𝑠𝑡𝑒𝑝 [𝑚3]  

𝐶𝑡−1
𝑧 = 𝑜𝑥𝑦𝑔𝑒𝑛 𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛 𝑖𝑛 𝑙𝑎𝑦𝑒𝑟 𝑧 𝑎𝑡 𝑝𝑟𝑒𝑣𝑖𝑜𝑢𝑠 𝑡𝑖𝑚𝑒 𝑠𝑡𝑒𝑝 [

𝑚𝑚𝑜𝑙 − 𝑂2

𝑚3
]  

𝑉𝐸𝑅𝑇𝑡−1 = 𝑜𝑥𝑦𝑔𝑒𝑛 𝑚𝑎𝑠𝑠 𝑔𝑎𝑖𝑛𝑒𝑑 𝑜𝑟 𝑙𝑜𝑠𝑡 𝑏𝑦 𝑙𝑎𝑦𝑒𝑟 𝑖𝑛 𝑝𝑟𝑒𝑣𝑖𝑜𝑢𝑠 𝑡𝑖𝑚𝑒 𝑠𝑡𝑒𝑝 [𝑚𝑚𝑜𝑙 − 𝑂2]  

𝑆𝐸𝐷𝑡−1 = 𝑟𝑎𝑡𝑒 𝑜𝑓 𝑠𝑒𝑑𝑖𝑚𝑒𝑛𝑡 𝑜𝑥𝑦𝑔𝑒𝑛 𝑐𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛 𝑎𝑡 𝑝𝑟𝑒𝑣𝑖𝑜𝑢𝑠 𝑡𝑖𝑚𝑒 𝑠𝑡𝑒𝑝 [
𝑚𝑚𝑜𝑙 − 𝑂2

𝑡𝑖𝑚𝑒
]  

𝛥𝑡 = 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑡𝑖𝑚𝑒 𝑠𝑡𝑒𝑝 [𝑡𝑖𝑚𝑒]  

𝐵𝐴𝐶𝑇𝑡−1 = 𝑟𝑎𝑡𝑒 𝑜𝑓 𝑜𝑥𝑦𝑔𝑒𝑛 𝑐𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛 𝑏𝑦 𝑏𝑎𝑐𝑡𝑒𝑟𝑖𝑎𝑙 𝑟𝑒𝑠𝑝𝑖𝑟𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝐷𝑂𝐶 𝑎𝑡 𝑝𝑟𝑒𝑣𝑖𝑜𝑢𝑠 𝑡𝑖𝑚𝑒 𝑠𝑡𝑒𝑝 [
𝑚𝑚𝑜𝑙 − 𝑂2

𝑡𝑖𝑚𝑒
]  

𝑁𝐼𝑇𝑅𝐼𝐹𝑡−1 = 𝑟𝑎𝑡𝑒 𝑜𝑓 𝑜𝑥𝑦𝑔𝑒𝑛 𝑐𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛 𝑏𝑦 𝑛𝑖𝑡𝑟𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝑎𝑡 𝑝𝑟𝑒𝑣𝑖𝑜𝑢𝑠 𝑡𝑖𝑚𝑒 𝑠𝑡𝑒𝑝 [
𝑚𝑚𝑜𝑙−𝑂2

𝑡𝑖𝑚𝑒
 ]  

With the equation in this format (Equation A.8), we can easily analyze factors that control 

hypolimnetic oxygen levels. Each of the factors described in Figure A.1 (volume of 

hypolimnion, temperature of hypolimnion, thermal stability, organic matter, and stratification 

duration) have direct influence on at least one of the components of the hypolimnetic oxygen 

mass balance (Table A.1). Because these factors are directly controlled by surface 

meteorological forcing, there is a clear connection between the surface meteorological forcing 

and the hypolimnetic oxygen mass balance. 

 

In a dimictic lake, complicated interactions of meteorological drivers determine the volume of 

hypolimnion, temperature of hypolimnion, and thermal stability at the onset of stratification and 

through the stratified season, and control stratification duration itself. The level of organic matter 

in the hypolimnion depends on chemical and biological processes with feedbacks to physical 

processes as well. Because of the complex interactions and nonlinear processes, it is nontrivial to 

estimate how perturbations in meteorological drivers will affect hypolimnetic oxygen depletion. 

Therefore, a process-based model such as GLM-FABM-AED is necessary to analyze the effects 

of changing meteorological drivers. 
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Figure A.1: Snapshot of processes controlling hypolimnetic oxygen concentrations in a stratified 

lake. Meteorological drivers determine stratification a through a season, which here determines 

the duration that hypolimnetic waters are isolated from atmospheric and photosynthetic oxygen 

sources in the epilimnion. 
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Table A.1: Hypolimnetic oxygen mass balance equation terms, and controlling factors. 

Hypolimnetic volume and concentration are described as initial conditions after the onset of 

stratification (dimictic lake), and cumulative time is addressed rather than the time step. 

Equation Term Controlling Factor(s) 

𝑉𝑡0

𝑧  Volume of hypolimnion 

𝐶𝑡0

𝑧  Temperature of hypolimnion 

𝑉𝐸𝑅𝑇𝑡−1 Thermal stability 

𝑆𝐸𝐷𝑡−1 Temperature of hypolimnion; organic matter 

𝐵𝐴𝐶𝑇𝑡−1 Temperature of hypolimnion; organic matter 

𝑁𝐼𝑇𝑅𝐼𝐹𝑡−1 Temperature of hypolimnion 

𝛥𝑡 (cumulative time) Stratification duration 

 

 

 

 

 

 

 

 

 

 

 

Additional relevant GLM oxygen processes are described on the subsequent pages:  
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Equation A.9: Calculation of sediment oxygen demand in GLM. 

𝑓𝑠𝑒𝑑
𝑂2 =  𝐹𝑚𝑎𝑥

𝑂2
[𝑂2]

𝜅𝑠𝑒𝑑
𝑂2 + [𝑂2]

(𝜃𝑠𝑒𝑑
𝑂2 )

𝑇−20
(

𝐴�̂�

𝑑𝑧𝑧
) 

𝐴�̂� =
𝐴𝑧

𝑏𝑒𝑛

𝐴𝑧
 

 

𝑓𝑠𝑒𝑑
𝑂2 = 𝑠𝑒𝑑𝑖𝑚𝑒𝑛𝑡 𝑜𝑥𝑦𝑔𝑒𝑛 𝑑𝑒𝑚𝑎𝑛𝑑 [

𝑚𝑚𝑜𝑙−𝑂2

𝑡𝑖𝑚𝑒
]  

𝐹𝑚𝑎𝑥
𝑂2 = 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑓𝑙𝑢𝑥 𝑜𝑓 𝑜𝑥𝑦𝑔𝑒𝑛 𝑎𝑐𝑟𝑜𝑠𝑠 𝑡ℎ𝑒 𝑠𝑒𝑑𝑖𝑚𝑒𝑛𝑡 − 𝑤𝑎𝑡𝑒𝑟 𝑖𝑛𝑡𝑒𝑟𝑓𝑎𝑐𝑒 [

𝑚𝑚𝑜𝑙−𝑂2

𝑚2−𝑡𝑖𝑚𝑒
]  

𝜅𝑠𝑒𝑑
𝑂2 = ℎ𝑎𝑙𝑓 𝑠𝑎𝑡𝑢𝑟𝑎𝑡𝑖𝑜𝑛 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 𝑓𝑜𝑟 𝑜𝑥𝑦𝑔𝑒𝑛 𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑐𝑒 𝑜𝑓 𝑠𝑒𝑑𝑖𝑚𝑒𝑛𝑡 𝑜𝑥𝑦𝑔𝑒𝑛 𝑓𝑙𝑢𝑥 [

𝑚𝑚𝑜𝑙−𝑂2

𝑚3
]  

[𝑂2] = 𝑎𝑚𝑏𝑖𝑒𝑛𝑡 𝐷𝑂 𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛 [
𝑚𝑚𝑜𝑙 − 𝑂2

𝑚3
]  

𝜃𝑠𝑒𝑑
𝑂2 = 𝑚𝑢𝑙𝑡𝑖𝑝𝑙𝑖𝑒𝑟 𝑓𝑜𝑟 𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑐𝑒 𝑜𝑓 𝑠𝑒𝑑𝑖𝑚𝑒𝑛𝑡 𝑜𝑥𝑦𝑔𝑒𝑛 𝑑𝑒𝑚𝑎𝑛𝑑 [−]  

𝑇 = 𝑤𝑎𝑡𝑒𝑟 𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 [deg 𝐶]  

𝐴𝑧
𝑏𝑒𝑛 = 𝑎𝑟𝑒𝑎 𝑜𝑓 𝑏𝑒𝑛𝑡ℎ𝑖𝑐 𝑙𝑎𝑦𝑒𝑟 [𝑚2]  

𝐴𝑧 = 𝑎𝑟𝑒𝑎 𝑜𝑓𝑧𝑡ℎ  𝑙𝑎𝑦𝑒𝑟 [𝑚2]  

𝑑𝑧𝑧 =  𝑡ℎ𝑖𝑐𝑘𝑛𝑒𝑠𝑠 𝑜𝑓𝑡ℎ𝑒 𝑧𝑡ℎ  𝑙𝑎𝑦𝑒𝑟 [𝑚2] 
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Equation A.10: Calculation of bacterial respiration in water column in GLM.  

𝑓𝑚𝑖𝑛𝑒𝑟
𝐷𝑂𝐶 =  𝑅𝑚𝑖𝑛𝑒𝑟

𝐷𝑂𝐶 [𝑂2]

𝜅𝑚𝑖𝑛𝑒𝑟 + [𝑂2]
(𝜃𝑚𝑖𝑛𝑒𝑟)𝑇−20[𝐷𝑂𝐶] 

 

𝑓𝑚𝑖𝑛𝑒𝑟
𝐷𝑂𝐶 = 𝑟𝑎𝑡𝑒 𝑜𝑓 𝑐𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛 𝑜𝑓 𝐷𝑂𝐶 𝑖𝑛 𝑤𝑎𝑡𝑒𝑟 𝑐𝑜𝑙𝑢𝑚𝑛 [

𝑚𝑚𝑜𝑙−𝐶

𝑡𝑖𝑚𝑒
]  

𝑅𝑚𝑖𝑛𝑒𝑟
𝐷𝑂𝐶 = 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑟𝑎𝑡𝑒 𝑜𝑓 𝑚𝑖𝑛𝑒𝑟𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝐷𝑂𝐶 [

1

𝑡𝑖𝑚𝑒
]  

𝜅𝑚𝑖𝑛𝑒𝑟 = ℎ𝑎𝑙𝑓 𝑠𝑎𝑡𝑢𝑟𝑎𝑡𝑖𝑜𝑛 𝑓𝑜𝑟 𝑜𝑥𝑦𝑔𝑒𝑛 𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑐𝑒 𝑜𝑓 𝑚𝑖𝑛𝑒𝑟𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑟𝑎𝑡𝑒 [
𝑚𝑚𝑜𝑙 − 𝑂2

𝑚3
]  

[𝑂2] = 𝑎𝑚𝑏𝑖𝑒𝑛𝑡 𝐷𝑂 𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛 [
𝑚𝑚𝑜𝑙 − 𝑂2

𝑚3
]  

𝜃𝑚𝑖𝑛𝑒𝑟 = 𝑚𝑢𝑙𝑡𝑖𝑝𝑙𝑖𝑒𝑟 𝑓𝑜𝑟 𝑚𝑖𝑛𝑒𝑟𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑐𝑒 [−]  

𝑇 = 𝑤𝑎𝑡𝑒𝑟 𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 [deg 𝐶]  

[𝐷𝑂𝐶] = 𝑎𝑚𝑏𝑖𝑒𝑛𝑡 𝐷𝑂𝐶 𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛 [
𝑚𝑚𝑜𝑙 − 𝐶

𝑚3
]  
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Equation A.11: Calculation of nitrification in GLM. 

𝑓𝑛𝑖𝑡𝑟𝑖𝑓
𝑁𝐻4 =  𝑅𝑛𝑖𝑡𝑟𝑖𝑓

[𝑂2]

𝜅𝑛𝑖𝑡𝑟𝑖𝑓 + [𝑂2]
(𝜃𝑛𝑖𝑡𝑟𝑖𝑓)

𝑇−20
[𝑁𝐻4] 

 

𝑓𝑛𝑖𝑡𝑟𝑖𝑓
𝑁𝐻4 = 𝑟𝑎𝑡𝑒 𝑜𝑓 𝑛𝑖𝑡𝑟𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 [

𝑚𝑚𝑜𝑙−𝑁

𝑡𝑖𝑚𝑒
]  

𝑅𝑛𝑖𝑡𝑟𝑖𝑓 = 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑟𝑎𝑡𝑒 𝑜𝑓 𝑛𝑖𝑡𝑟𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 [
1

𝑡𝑖𝑚𝑒
]  

𝜅𝑛𝑖𝑡𝑟𝑖𝑓 = ℎ𝑎𝑙𝑓 𝑠𝑎𝑡𝑢𝑟𝑎𝑡𝑖𝑜𝑛 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 𝑓𝑜𝑟 𝑜𝑥𝑦𝑔𝑒𝑛 𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑐𝑒 𝑜𝑓 𝑛𝑖𝑡𝑟𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝑟𝑎𝑡𝑒 [
𝑚𝑚𝑜𝑙−𝑂2

𝑚3
]  

[𝑂2] = 𝑎𝑚𝑏𝑖𝑒𝑛𝑡 𝐷𝑂 𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛 [
𝑚𝑚𝑜𝑙 − 𝑂2

𝑚3
]  

𝜃𝑚𝑖𝑡𝑟𝑖𝑓 = 𝑚𝑢𝑙𝑡𝑖𝑝𝑙𝑖𝑒𝑟 𝑓𝑜𝑟 𝑛𝑖𝑡𝑟𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑐𝑒 [−]  

𝑇 = 𝑤𝑎𝑡𝑒𝑟 𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 [deg 𝐶]  

[𝑁𝐻4] =  𝑎𝑚𝑏𝑖𝑒𝑛𝑡 𝑁𝐻4 𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛 [
𝑚𝑚𝑜𝑙 − 𝑁

𝑚3
]  
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Appendix B: Model Setup and Initialization 

 

B.1 Model Setup 

 

The four year period from 2007-2010 was used in this study. Years 2009 and 2010 were used as 

calibration years, while 2007 and 2008 were used as validation years. Simulations were run for 

single open water seasons because of substantial biases discovered in the GLM ice algorithms 

(Yao et al. 2014, Read et al. 2014). 

 

The four-year period 2007-2010 was selected for the model runs because, at the time of this 

project, this period had the benefits of: 

 High-resolution buoy water temperature data (2007 onward) 

 Reviewed USGS streamflow data (2012 backward)  

 Compiled, ground-station-based driver data (2000-2010) 

 Consecutive period with high contrasts in mean annual air temperature and extreme storm 

events 

 

The high contrasts serve to calibrate the model for wider range of climate scenarios and thus 

validate its use in climate change scenarios. Regarding air temperature, two years (2008 and 

2009) had relatively low mean temperatures of 7.65 and 7.97 °C, respectively, while years 2007 

and 2010 showed relatively high mean temperatures of 9.21 and 9.61 °C, respectively (Figure 

B.1). 

 

The streamflow and rainfall data showed high variability across the four year period as well. 

Most notably, the 2008 validation year included the June 2008 Midwest Floods event (Figure 

B.2). In the Madison, WI area, over 10¼ inches of rain fell within an 8-day period between June 

5 and June 12. This led to a mean daily inflow value for June 9 of greater than 4300 ML/day, 

which is roughly 10 times the mean inflow. Extreme inflows such as this can affect the lake 

physically through increased mixing, chemically through increased nutrient and sediment 

loading, and biologically through phytoplankton blooms in response to the sudden nutrient load. 
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Figure B.1: Probability density function of mean annual air temperature for Lake Mendota, WI. 

The temperature distribution is based off a 33-year period (1980-2012) of NLDAS data, while 

the individual means are calculated using stationed driver data sources. 

 

 
Figure B.2: Times series of total inflow to Lake Mendota (2007-2010) as calculated from the 

sum of Yahara, Pheasant Branch and Spring Harbor inflows.  
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The minimum and maximum layer thickness was set to 0.1 and 1.0 meters, respectively. The 

minimum layer volume was set to 0.5 ML. With the constraint of minimum layer thickness of 

0.1-meters, the highest possible number of layers for Mendota (depth of approximately 25 

meters) was 250, but the max layers parameter was set to 300 to avoid constraints on the number 

of layers. The maximum number of layers are written to the output NetCDF file (with NA 

values in layers not utilized), so careful selection of the max layers parameter can help to 

control the size of the NetCDF files. The minimum layer volume of 0.5 ML was also non-

restrictive, as the volume of the smallest possible layer (bottom to 0.1-m height) was found to be 

approximately 0.83 ML (based on morphometry data presented below, a conical shape 

assumption, and linear interpolation between area data). Initial values for the physical parameters 

were set according to Hipsey et al. (2014). 

 

The equation often used to estimate Kw is 1.7/secchi_depth [m] (Poole and Atkins 1929). The 

mean of all LTER Secchi depth measurements from 1995-2013 (biweekly measurements, with 

monthly measurements in the wintertime) was 3.77 meters, and thus yielded a Kw value of 0.451 

meters
-1

. However, FABM-AED provides bioshading feedback to GLM, 

(bioshade_feedback= .true.); this increases the Kw value to account for chemical/biological 

constituents in the water that decrease light penetration (Hipsey et al. 2014). Therefore, the 

Kw (Kd) value should represent the background light attenuation coefficient. Here, the Kw (Kd) 

value for background light attenuation was set to 0.25 meters
-1

 (Kara et al. 2012) 

Starting values for GLM setup: 

&glm_setup 

sim_name =   ‘Lake_Mendota’ 

max_layers =   300 

min_layer_vol =  0.5 

min_layer_thick = 0.1 

max_layer_thick = 1.0 

Kw =   0.25 

coef_inf_entrain = 0.0 

coef_mix_conv =  0.20 

coef_wind_stir =  0.23 

coef_mix_shear = 0.30 

coef_mix_turb =  0.51 

coef_mix_KH =  0.30 

coef_mix_hyp =  0.50 

 

The model was set to run one biogeochemical step per physical time step, and the model time 

step was 1 hour (dt parameter in ‘time’ section set to 3600 seconds). Feedback to GLM from 

FABM-AED regarding light attenuation was set to TRUE, as stated above. Within the ‘output’ 

section, the ‘nsave’ parameter was set to 12 in order to save state variable data at 12-hour 
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increments. This was chosen as a compromise that allowed for sub-daily output data as well as 

manageable NetCDF output files (~75 megabytes; file size is approximately inversely 

proportional to ‘nsave’ parameter). The time format used in all driver and configuration files 

was “yyyy-mm-dd hh:mm:ss”. 

 

WQ (water quality) setup parameters:  

 

&wq_setup 

ode_method =   1 

split_factor =  1 

bioshade_feedback = .true. 

repair_state =  .true. 

wq_nml_file =  'fabm.nml' 

multi_ben =  .true. 

 

Morphometry data for Lake Mendota was obtained from the LakeBase site for Lake Mendota 

(lakebase.gleon.org/). The values were originally specified as lake area (square meters) at a given 

depth (m), with the deepest point indicating an area of 775 m
2
 at a depth of 25.3 meters. The area 

at this depth was set to 0 in order to correspond with the absolute deepest point in the lake, and 

then the depths were subtracted from the maximum depth (25.3 m) in order to convert the depths 

to elevations above the bottom of lake. Brock (1985) also states the 25.3 meters is the maximum 

depth of the lake. The mean surface level of Lake Mendota is 259 meters above sea level (850 

feet), and the mean depth (temporal) is approximately 24.5 meters (WDNR; 

http://dnr.wi.gov/lakes/Documents/LakeMaps.aspx). Therefore 259-24.5= 234.5 meters was 

added to all elevation points to convert from meters above bottom of lake to meters above sea 

level (Thomas D. Brock 1985). Finally, the areas were divided by 1000 to convert the units to 

those required by GLM (m
2
*1000). Thirty data points were available: 
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Elevation (m) Area (m2*1000) 

 

234.5  0 

235.4  216 

236.2  821 

237.1  2560 

238.0  4040 

238.9  5957 

239.7  7777 

240.6  9963 

241.5  12271 

242.4  14100 

243.2  15659 

244.1  17241 

245.0  18990 

245.8  20082 

246.7  21564 

247.6  22829 

248.5  23789 

249.3  24686 

250.2  25311 

251.1  26084 

251.9  26745 

252.8  27502 

253.7  28064 

254.6  29022 

255.4  30154 

256.3  31530 

257.2  33404 

258.1  35179 

258.9  38308 

259.8  39866 

 

Other morphometry data: 

lake_name = 'Mendota' 

latitude = 43.10 !(WDNR) 

longitude =  -89.41 !(WDNR) 

crest_elev = 259.8 !not used in v1.4.0, but used by some R scripts 

bsn_len =  9500 !meters, SW-NE (Thomas D. Brock 1985) 

bsn_wid = 7400 !meters, N-S (Thomas D. Brock 1985) 

bsn_vals = 30 
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Meteorology settings and starting values: 

 met_sw =  .true.  !surface meteorological forcing ON 

 lw_type =  'LW_IN'  !option for incident longwave radiation 

 rain_sw =   .false.  !no chemical concentrations added to rain data 

 snow_sw =  .true.  !snow is considered 

 atm_stab =  .true.  !accounts for stability of atmosphere (not available in v1.4.0) 

 meteo_fl =  'Mendota_hourly.txt' 

 wind_factor =  1.00 

 ce =   0.0013 

 ch =   0.0014 

 coef_wind_drag = 0.0013 

 subdaily =  .true.  !met data at resolution finer than daily 

 

Inflow settings: 

num_inflows =  3 

names_of_strms = 'Yahara', 'Pheasant', 'SpringHarbor'  

strm_hf_angle =   65, 65, 65 

strmbd_slope =  3.0, 3.0, 3.0 

strmbd_drag =  0.0160, 0.0160, 0.0160   

inflow_factor =  1.0, 1.0, 1.0 

inflow_fl  =  'Mendota_yahara.csv', 'Mendota_pheasant.csv', 'Mendota_springharbor.csv' 

inflow_varnum =  10 

inflow_vars = 'FLOW', 'TEMP', 'SALT', 'aed_phosphorus_frp', 'aed_organic_matter_pop', 

'aed_organic_matter_don', 'aed_nitrogen_nit', 'aed_nitrogen_amm', 'aed_silica_rsi', 

‘aed_organic_matter_doc’ 

 

Outflow settings: 

 num_outlet =  1 

 flt_off_sw =  .false. 

 outl_elvs =  256.8  !3-m below crest elev; approximately 840 ft above sea level 

 outflow_fl =  'outflow.csv' 

 outflow_factor =  1.19  !optimized for water balance; see Appendix E.2 

 

Initial values for the ‘fabm’ and phytoplankton configuration files were converted from Kara et 

al. (2012), or the default values from the ‘coldlake’ example were used. Within the 

phytoplankton module, four functional groups were simulated: Microcystis (non-N-fixing 

phytoplankton in Microcystis genus), Aphanizomenon (N-fixing phytoplankton in the 

Aphanizomenon or Anabaena group), chlorophytes (all remaining greens), and diatoms (all 

phytoplankton in the Bacillariophyta genus). Phytoplankton mortality is subsumed into the 

phytoplankton respiration parameters, allowing for regulation without enabling a 

zooplankton function group. 
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B.2 Initial Conditions 

 

Initial conditions were entered for select physical, chemical and biological state variables in the 

GLM-FABM-AED model. Lake level (m), water temperature (°C) and salinity were included for 

initiation of physics. Data from USGS (gauging station #05428000 for Lake Mendota) and 

manual LTER temperature measurements were used for lake level and temperature, respectively, 

and salinity was considered negligible (set to zero). Regarding chemical and biological data, any 

of the AED state variables can be entered in the ‘init_profiles’ section of the glm.nml file. It is 

important to note that any initial conditions entered here override the initial conditions set 

in the fabm.nml file (which allows only a single value and assumes a homogeneous water 

column). We chose to enter initial conditions for seven state variables: nitrate 

(aed_nitrogen_nit), ammonium (aed_nitrogen_amm), filterable reactive phosphorus 

(aed_phosphorus_frp), dissolved inorganic carbon (aed_carbon_dic), dissolved organic carbon 

(aed_organic_matter_doc), dissolved oxygen (aed_oxygen_oxy), and dissolved reactive silica 

(aed_silica_rsi). LTER chemical data was used to set these initial conditions. Finally, initial 

phytoplankton concentrations were set using LTER phytoplankton biomass data. The minimum 

value used for initial concentration was 3.0 mmol-C m
-3

 in order to avoid extinction. 

 

For each year, model runs were initiated on the date of the first complete LTER measurements 

after ice-off (generally around April 15). Simulation start dates were set to this date, and were 

run until the ice-on date. 

Values were converted into the appropriate units for the GLM model (chemical species in mmol 

m
-3

) and entered into the glm.nml file. Usually, temperature data was available at 1-m spatial 

(depth) resolution for LTER sampling dates, while chemical species were available at depth 

resolution of 4m, up to 20m depth. The assigned initial conditions included depths of 0 to 20 

meters in 4 meter increments (6 values). If data was not available for a certain depth, linear 

interpolation was used to fill gaps. 

Many unit conversions between mg-X L
-1

 and mmol-X m
-3

 were necessary. The procedure of 

dividing by molecular weight [g/mol] and multiplying by 1000 is proven below. In the equation, 

C= some concentration, MW= molecular weight, and square brackets indicate units or unit 

conversion equivalents. 

𝐶 [
𝑚𝑚𝑜𝑙

𝑚3
] = 𝐶 [

𝑚𝑔

𝐿
] ∗ [

1𝑔

1000𝑚𝑔
] ∗ [

1𝑚𝑜𝑙

𝑀𝑊𝑔
] ∗ [

1000𝑚𝑚𝑜𝑙

1𝑚𝑜𝑙
] ∗ [

1000𝐿

1𝑚3
]  

∴   𝐶 [
𝑚𝑚𝑜𝑙

𝑚3
] = 𝐶 [

𝑚𝑔

𝐿
] ∗ [

1

𝑀𝑊
] ∗ 1000 
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Lake Level 

 

Lake level data was collected from the USGS Lake Mendota gauging station (#05428000). This 

data was available at a daily resolution. The data units were feet above a datum set at 840 feet 

above sea level, with a negative 7.28 foot adjustment on October 1, 1979. The datum height of 

840 feet was added to the values to convert to feet above sea level. The data was then converted 

to meters by multiplying by 0.3048. The elevation of the bottom of the lake at the Deep Hole 

(234.5 m above sea level), was subtracted from the values, as was the 7.28 foot adjustment (2.22 

m), to achieve lake depths in meters. 

 

Water Temperature 

 

Temperature measurements were available for at 1-m increments for each LTER sample date. 

The values for depths 0 to 20m in 4m increments were included in the initial conditions 

temperature profile. Buoy data was not used for temperature data here because the buoy is 

removed from the lake during ice cover each winter, and is not installed by the time of the first 

open-water LTER measurements. 

 

Nitrogen 

 

Available nitrogen measurements included NO2+NO3, NH4, total filtered nitrogen (totnf), total 

unfiltered nitrogen (totnuf), and Kjeldahl nitrogen. Data was from both the UW- Center for 

Limnology and the Wisconsin State Lab of Hygiene (SLOH). Not all of these measurements 

were available on every sample date, however. Given the available data, NO2+NO3 was assumed 

to represent nitrate in the model, and NH4 was a direct measurement of ammonium. Observed 

nitrate + nitrite data was assumed to represent model nitrate for three major reasons: 1) The 

model does not distinguish between nitrate and nitrite; 2) no data is available that allows for 

computation of solely nitrate concentrations in Lake Mendota; 3) Nitrite (NO2
-
) is the dominating 

species only when pH is high and the environment is just slightly oxidizing (Figure B.3). 

However, these conditions typically will not occur simultaneously in eutrophic natural waters, 

because high pH is driven by phytoplankton photosynthesis (uptake of DIC or dissolved CO2), 

which naturally produces a readily oxidizing environment. For these reasons, the use of the 

nitrate + nitrite data was deemed reasonable for use in model initial conditions of nitrate and 

model calibration of nitrate. Values were converted from mg-N L
-1

 to mmol-N m
-3

 by dividing 

by molecular weight of N of 14.01 g mol
-1

 and multiplying by 1000.  
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Figure B.3: pE-pH diagram for nitrate/nitrite/ammonia/ammonium species, with the range of 

natural waters highlighted with a green box (figure modified from Northern Arizona University 

website; http://www2.nau.edu/). 

 

Phosphorus 

 

Available phosphorus measurements included total filtered phosphorus (totpf), total unfiltered 

phosphorus (totpuf), and dissolved reactive phosphorus (DRP), with DRP measurements 

exclusively from SLOH. Not all of these measurements were available on every date, however. 

Filterable reactive phosphorus (PO4
3-

) was assumed to be equivalent to the dissolved reactive 

phosphorus measurements by SLOH. Values were converted from mg-P L
-1

 to mmol-P m
-3

 by 

dividing by molecular weight of P of 30.97 g mol
-1

 and multiplying by 1000. 

 

Carbon 

 

Available carbon measurements included alkalinity (alk), dissolved inorganic carbon (DIC), total 

inorganic carbon (TIC), dissolved organic carbon (DOC), and total organic carbon (TOC). Most 

of these measurements were available for every sampling date. Since DIC and DOC were 

measured directly, there was no issue in using these values to represent DIC and DOC initial 

conditions in the model. Values were converted from mg-C L
-1

 to mmol-C m
-3

 by dividing by 

molecular weight of C of 12.01 g mol
-1

 and multiplying by 1000. Estimates for initial particulate 
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organic carbon (POC) were obtained by subtracting the overall mean DOC (1995-2012) from the 

overall mean TOC (1995-2012). This value was calculated to be 0.32 mg-C L
-1

, or 26.8 mmol-C 

m
-3

. This value was assigned to the ‘poc_initial’ parameter (in fabm.nml) for each of the four 

simulation years (assumed homogeneous through the water column). 

Oxygen 

Dissolved oxygen (DO) was measured at 1-m increments on each sampling date, along with 

water temperature. The values for depths 0 to 20m in 4m increments were converted to mmol-O 

m
-3

 from mg-O2 L
-1

 by dividing by molecular weight of O2 of 32.00 g mol
-1

 and multiplying by 

1000. 

Silica 

Available silica measurements included dissolved reactive silica filtered (drsif), bicarbonate 

reactive silica filtered (brsif), bicarbonate reactive silica unfiltered (brsiuf), with drsif measured 

at both facilities. Not all of these measurements were available on every date, however. The 

dissolved reactive silica measurements were converted from mg-Si L
-1

 to mmol-Si m
-3

 by 

dividing by a molecular weight of 28.09 g mol
-1

 and multiplying by 1000. 

Phytoplankton 

Initial phytoplankton concentrations were set using LTER data, converted from mg-C L
-1

 to 

mmol-C L
-1

 by dividing by 12.01 and multiplying by 1000. If no data for a particular functional 

group was available, the value was set to 3.0 mmol-C L
-1

 in order to avoid extinction. As 

described in Appendix B.1, the phytoplankton function groups included were Microcystis, 

Aphanizomenon, Chlorophytes, and Diatoms, following the schema adopted for CAEDYM 

simulations by Emily (Kara) Read (Kara et al. 2012). LTER data was classified into these four 

functions groups via the following standards: any phytoplankton within the genus Microcystis 

were classified as Microcystis; any phytoplankton within the genus Aphanizomenon OR 

Anabaena were classified as Aphanizomenon; any phytoplankton within the class of 

Bacillariophyta were classified as Diatoms; and all remaining phytoplankton were grouped into 

the Chlorophytes group. The actual names of the functional groups are not as important as the 

function of each group itself- Microcystis represents non-nitrogen fixing phytoplankton, 

Aphanizomenon (technically Aphanizomenon/Anabaena) represents nitrogen-fixing 

phytoplankton, Diatoms represent all diatom phytoplankton, and Chlorophytes (techinically 

Chlorophytes, Chrysophytes and others) represent all remaining green phytoplankton. 
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Initial Conditions Data 

Depths and state variables included in initial conditions: 

the_depths = 0.0, 4.0, 8.0, 12.0, 16.0, 20.0 

 

wq_names =    'aed_nitrogen_nit' 

   'aed_nitrogen_amm' 

   'aed_phosphorus_frp' 

   'aed_carbon_dic' 

   'aed_organic_matter_doc' 

   'aed_oxygen_oxy' 

   'aed_silica_rsi' 

 

 

Data from 04/16/2007: 
 

lake_depth= 24.48 

 

the_temps = 4.2, 4.0, 4.0, 4.0, 4.0, 4.0 

 

wq_init_vals =      35.33191, 35.18915, 35.33191, 35.26053, 35.26053, 35.11777 

     13.13348, 13.70450, 13.27623, 13.20485, 13.49036, 14.20414 

     2.680, 2.971, 2.712, 2.680, 2.745, 2.777 

     3828.476, 3348.876, 3297.252, 3319.734, 3397.169, 3378.851 

     399.6669, 394.6711, 387.1774, 397.1690, 400.4996, 378.0183 

     431.250, 443.750, 446.875, 443.750, 443.750, 443.750 

     81.89279, 86.52151, 86.87757, 85.45335, 89.36996, 87.58968 

p_name p_initial 

‘micro’ 3.00   [no data available, undetectable] 

‘aphan’ 3.00  [actual value: 0.60366 mmol-C/m
3
] 

‘chloro’ 13.497   

‘diatom’ 79.525   

 

 

 

Data from 04/14/2008: 
 

lake_depth= 24.74 

 

the_temps = 3.1, 3.1, 2.9, 2.9, 2.9, 2.9 

 

wq_init_vals =      68.02284, 69.59315, 69.66453, 69.73590, 69.59315, 70.02141 

     23.48323, 23.05496, 23.34047, 22.91221, 27.69450, 43.82584 

     0.7749, 0.8395, 0.8072, 0.9041, 0.8395, 0.8718 

     3529.559, 3492.923, 3487.927, 3568.693, 3545.379, 3557.036 

     420.0666, 412.9892, 416.3197, 408.8260, 402.1649, 407.1607 

     481.250, 478.125, 471.875, 475.000, 468.750, 478.125 

     57.32495, 60.88551, 61.95368, 64.44607, 60.88551, 62.30973 

 

p_name p_initial 

‘micro’ 3.00   [no data available, undetectable] 

‘aphan’ 3.00  [no data available, undetectable] 

‘chloro’ 7.132  

‘diatom’ 255.01   
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Data from 04/15/2009: 
 

lake_depth= 24.55 

 

the_temps = 5.1, 5.0, 4.9, 4.9, 4.8, 4.8 

 

wq_init_vals =      124.19700, 104.21128, 105.63883, 105.63883, 105.63883, 34.97502 

     7.994290, 6.638116, 6.423983, 5.567452, 6.709493, 1.784440 

     4.2945, 4.3268, 4.2945, 4.1330, 4.2299, 3.6487 

     3681.932, 3490.425, 3546.211, 3496.253, 3609.77, 3486.262* 

     409.6586, 397.1690, 396.3364, 417.1524, 418.8177, 416.3197 

     396.875, 393.750, 396.875, 412.500, 425.000, 425.000 

     190.1337, 181.9444, 180.8763, 190.8458, 186.2171, 185.8610 

 

p_name p_initial 

‘micro’ 3.00   [no data available, undetectable] 

‘aphan’ 3.00  [actual value: 0.3997 mmol-C/m
3
] 

‘chloro’ 12.506  

‘diatom’ 12.540  

 

*DIC data from 04/15/2009 was erroneous. Initial conditions were set to the mean value from the other three years for each depth. 

 

 

 

 

Data from 04/13/2010: 
 

lake_depth= 24.41 

 

the_temps = 6.9, 6.8, 6.8, 6.6, 6.2, 6.1 

 

wq_init_vals =      58.45824, 58.67238, 58.74375, 59.17202, 60.45682, 60.31406 

     1.855817, 2.284083, 2.284083, 2.640971, 3.854390, 6.138473 

     0.5812, 0.7427, 0.7104, 0.7104, 0.7427, 0.9041 

     3687.760, 3629.475, 3853.455, 3600.333, 3886.761, 3522.898 

     510.8243, 499.5837, 512.0733, 537.0525, 568.6928, 537.0525 

     440.625, 437.500, 434.375, 425.000, 400.000, 387.500 

     16.52098, 21.04289, 18.55050, 21.93303, 32.04501, 42.37062 

 

p_name p_initial 

‘micro’ 3.00   [no data available, undetectable] 

‘aphan’ 3.00  [actual value: 0.3164 mmol-C/m
3
] 

‘chloro’ 22.094 

‘diatom’ 95.529 
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Appendix C: Observed Data 

 

GLM requires meteorological and stream flow driver data in order to drive the hydrodynamics of 

the lake. Physical, chemical and biological lake observational data is also required to calibrate 

the model. 

 

C.1 Driver data requirements and sources 

 

Meteorological data requirements include shortwave radiation (W m
-2

), longwave radiation (W 

m
-2

), air temperature at 10 m above water surface (°C), relative humidity at 10-m above water 

surface (%), wind speed at 10-m above water surface (m s
-1

), rain (m day
-1

), and snow (m day
-1

). 

GLM has the ability to convert daily average shortwave radiation values into sub-daily 

shortwave radiation intensities by using an ideal diurnal cycle based on time of year and 

latitude/longitude information supplied in the glm.nml file (feature not used in this project as 

hourly SW radiation was used). Longwave radiation can be entered as either direct incident 

intensity, net longwave flux, or can be estimated from cloud cover fraction- this 

specification is set in the glm.nml file. We used direct incident LW radiation. Finally, FABM 

allows for the inclusion of chemical concentrations in rainfall if the rain_sw is set to true in the 

GLM configuration file (feature not used in this project). 

 

Meteorological data was obtained from a variety of stationed sources and is courtesy of Jay 

Hawley. Shortwave radiation, longwave radiation, air temperature and relative humidity 

translated directly from the data provided by Hawley to GLM data. Longwave radiation was 

calculated in Hawley’s investigation using an equation from Crawford and Duchon (1999). Wind 

data were measured at an elevation of 345 meters, and needed to be adjusted to an elevation of 

269 meters (mean surface elevation = 259-meters + 10-m above water level). This was 

accomplished using the power law: 

 

𝑢

𝑢𝑟
= (

𝑧

𝑧𝑟
)

𝛼
 (Equation C.1) 

 

 

…where under neutral stability conditions, α is estimated to be 1/7 (Peterson and Hennessey 

1978). 

 

Hawley’s precipitation data were in units of m hour
-1

, and rain was not distinguished from snow. 

This data was converted to rain [m day
-1

] when temperatures exceeded 0 °C by multiplying by 24 

hours/day. This data was converted to snow [m day
-1

] when temperatures were less than or equal 
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to 0 °C by multiplying by the factor 24 hours/day, and assuming a depth ratio of 10 cm snow/ 10 

cm rain. 

 

Streamflow data is required for all major inflows and major outflows, in order for the model to 

accurately represent the water level and residence time of the lake system. In addition to the 

required flow, temperature and salinity, we chose to include the following streamflow 

constituents: filterable reactive phosphorus, particulate organic phosphorus, dissolved organic 

nitrogen, nitrate, ammonium, dissolved reactive silica, and dissolved organic carbon. These 

chemical constituents were included for the two largest inflows (Yahara and Pheasant Branch). 

Unfiltered phosphorus data was available for these two inflows, allowing for estimation of other 

constituents based on historical nutrient loading ratios. 

 

The outflow data requirement consists solely of flow, as it is assumed that temperature and 

chemical/biological concentrations are equal to the state of water quality at the outflow 

elevation (set in the glm.nml configuration file). 

 

Streamflow data for the period 2007-2010 was downloaded for major inflows for Lake Mendota. 

Stream flow data was acquired from the United States Geological Survey (USGS) stream 

gauging stations. Daily mean values were used for all variables, since GLM input required daily 

streamflow time-steps. Three inflows were considered for Lake Mendota: Yahara River (USGS 

Station #05427850), Pheasant Branch stream (USGS Station #05427948), and the Spring Harbor 

storm water inflow (USGS Station #05427965). 

This USGS data provided flow rates (ft
3
 sec

-1
), temperature (°C), and for the Yahara River and 

Pheasant Branch, unfiltered phosphorus (lb day
-1

). Flow rates were converted from ft
3
 sec

-1
 to 

ML day
-1

 by multiplying each value by 2.4466. Temperature values were in the correct units. 

Unfiltered phosphorus values were converted from lb day
-1

 to mmol m
-3

 by dividing by discharge 

(ML day
-1

) and multiplying by 14.646, which assumes a molecular weight of P of 30.97 g mol
-1

. 

For the Yahara River and Pheasant Branch, unfiltered phosphorus values (USGS Parameter Code 

#91050) were available. No phosphorus data was available for Spring Harbor. The unfiltered 

phosphorus values were used, along with other historical streamflow summary data (Brock 

1985), to create ratios which could be used to estimate concentrations of filterable reactive 

phosphorus, particulate organic phosphorus, dissolved organic nitrogen, nitrate, ammonium 

(Tables C.1 & C.2).  
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Table C.1: Mean chemical concentrations for three major Mendota inflows (Brock 1985) (all 

units mg L
-1

).  

 Stream Total P  Soluble 

P  

Total N Organic 

N 

Nitrate Ammonia Chloride 

Yahara 0.28 0.12 2.84 1.25 1.24 0.30 12 

Spring 

Harbor 

0.13 0.10 3.09 0.43 2.42 0.21 12 

Pheasant 

Branch 

0.09 0.03 2.71 0.69 3.0 0.21 20 

 

Table C.2: Streamflow chemical constituent ratios, as mean concentration of X divided by mean 

total P concentration (all units mmol-X/mmol-P, except for Chloride column with units of 

PSU/mmol-P). 

Input 

Stream 

Soluble 

P Ratio 

Total N 

Ratio 

Organic 

N Ratio 

Nitrate 

Ratio 

Ammonia 

Ratio 

Cl Ratio 

Yahara 

River 

0.43 22.4 9.87 9.79 2.37 0.0024 

Pheasant 

Branch 

0.33 66.5 16.9 73.7 5.16 0.012 

 

These ratios were applied in the following manner: the total P values (from USGS unfiltered P 

data) were multiplied by the soluble P ratio to get soluble P time series (aed_phosphorus_frp). 

The inverse of this ratio (or 1- soluble P ratio) was used to find the remaining P, and this was 

classified as POP (aed_organic_matter_pop). Organic N ratio was used to obtain organic 

nitrogen, which was classified here as DON (aed_organic_matter_don). Since nitrate and 

ammonia are directly represented in the model, nitrate and ammonia ratios were used to obtain 

aed_nitrogen_nit and aed_nitrogen_amm, respectively. 

 

No inflowing silica concentration data was available. Therefore, a steady-state assumption was 

made for Si concentrations, and the inflow concentrations for Yahara and Pheasant Branch 

(Spring Harbor excluded) were set to the mean in-lake Si concentration. The mean of all Si 

measurements by LTER and SLOH from 1995-2012 (86 and 1063 measurements, respectively) 

was 78.10 mmol-Si m
-3

 (2.19 mg-Si L
-1

). This constant value was set as the Si concentration for 

all time steps for the two streams. 
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No inflowing dissolved organic carbon concentration data was available. The mean of all LTER 

measurements from 1995-2012 was 467.1 mmol-C m
-3

 (5.61 mg-C L
-1

). This constant value was 

set as the DOC concentration for all time steps for the two streams. 

Spring Harbor was not included for the nutrient ratio calculations or the Si and DOC steady-state 

inflow calculations, because no nutrient data was available to create ratios, and because the mean 

inflow of Spring Harbor constitutes only about 1.5% of the total mean inflow to Lake Mendota 

(based on USGS streamflow data). For context, Lake Mendota has a hydraulic residence time of 

~6 years, so in a full year, the volume of inflow from Spring Harbor is roughly just 0.3% of the 

volume of Lake Mendota. 

Outflow was calculated to be the sum of the flow values for Yahara River, Pheasant Branch and 

Spring Harbor for a given day. The inflow factor was set to 1.0, and outflow factor was adjusted 

to achieve the best agreement with historical water level records for the two calibration years. 

The outflow factor which achieved minimum RMSE between modeled and observed lake level 

(mean of the two years) was 1.19 (Appendix E.2). 
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C.2 Calibration Data 

 

Water Temperature 

 

Observed water temperature data was collected by the Lake Mendota buoy 

(http://metobs.ssec.wisc.edu/buoy/). The buoy collects water temperature data on a thermistor 

chain down to a depth of 20 meters below the surface during the open water season. The data 

was downloaded as hourly data through the NTL-LTER data portal. 

 

Measured depths were rounded to the nearest 0.5 meter. Water temperatures between 2 and 35 

°C were assumed to be valid, and other data was set to NA. Large (>2 °C) changes in mean water 

column temperature between consecutive time steps (hourly) were located, and if the data did not 

appear trill upon manual inspection, it was set to NA for the appropriate time-steps. Mean water 

column temperature was also plotted to find potentially erroneous time steps. 

 

Water Level, Chemical, and Biological Data 

 

Dissolved oxygen data was collected by LTER at approximately fortnightly temporal resolution 

and 1-meter spatial (depth) resolution. DO values between 0 and 20 mg/L were considered to be 

realistic (oxygen supersaturation due to high phytoplankton production is common). All 

measurements fell within this range, as was expected due to increased data checking procedures 

for the manual measurements of the LTER crew. 

 

Other calibration data included water level, filterable reactive phosphorus (FRP), nitrate 

(includes nitrite, NO3 + NO2), ammonium (NH4), dissolved reactive silica (DRS), dissolved 

organic carbon (DOC), dissolved inorganic carbon (DIC), Microcystis, Aphanizomenon, 

Chlorophyta, and Diatoms (see Appendix B for more information on the LTER data). The data 

for water level was approved by USGS (error-checked). Chemical and phytoplankton data is 

much less numerous than the WT and DO data, and thus QA/QC was relatively simple and is not 

discussed here. 

 

Note that in the LTER phytoplankton data, no entry appears for a certain group if nothing was 

detected. This does not mean that there was a not a sampling effort on that date. Therefore, for 

each phytoplankton time series, all LTER sampling dates were considered, and entries with a 

value of 0 (undetectable) were created if the sampling date did not exist in the phytoplankton 

time series. This procedure was important in order to increase the number data points available 

for calibration.  

http://metobs.ssec.wisc.edu/buoy/
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Appendix D: Computing Environment 

 

The primary machine used for this project was an Intel Core i7 920 @ 2.67 GHz, with 8.0 GB 

RAM and running Windows 7 Enterprise. The machine had 8 cores, and parallel computing was 

utilized to decrease computational costs for sensitivity analysis and scenario runs (Figure D.1). 

Parallel computing was not utilized in the calibration process because subsequent runs (i.e. 

parameter trials) were not independent from previous runs, and configuring the required 

communication amongst the cores to allow for proper parallel execution of calibration was 

deemed an unattractive investment of time (Figure D.2).  

 

The R programming language was used in all aspects of this project, with a focus on automation 

such that repetitive tasks (e.g. calibration, sensitivity analyses, scenario runs) could be executed 

automatically or nearly automatically. Using the ‘glmtools’ package (Read et al. 2014) as a base, 

R code was developed to automate the follow tasks: 

 

Pre-processing:  

• changing parameters in configuration files 

• changing driver data (for scenarios) 

• creating directories and copying simulation files 

Simulation Execution:  

• system call to run simulation  

• use of parallel computing interface 

• non-linear, multi-dimensional optimization functions 

Post-processing:  

• reading data from NetCDF file 

• statistical comparison to field data 

• summarizing results or calculating metrics 

• visualization of modeled data 

 

The customized R code was developed as an R package called ‘rGLMFABM’ (see Appendix G). 

The package was developed for specific use in this project, and will require modifications 

in order to function properly for systems other than Lake Mendota and for GLM versions 

other than v1.4. The package is designed to work with ‘glmtools’ (as of December 2014) and 

has additional dependencies on the following packages: ‘ncdf4’, ‘rLakeAnalyzer’, and ‘stringr’. 

 

Using functions from glmtools. rGLMFABM and supporting packages, R script programs were 

written to execute a certain set of tasks. For example, one run of a sensitivity analysis might 

involve increasing the value of a parameter by 10%, running a GLM simulation, extracting 

modeled water temperature data, and determining the resulting changes in stratification dynamics 
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from the base case. When possible, programs were executed in parallel via use of the ‘foreach’, 

‘iterators’, ‘snow’ and ‘doSNOW’ packages. The workflow for parallel computing involved 

copying the necessary simulation files to a new (temporary) directory for each simulation run, 

such that all information unique to that run was contained and independent. After the run, 

typically only a fraction of the model output data needed to be stored. The desired data was 

extracted and saved, and then the entire (temporary) directory was deleted, and the core was free 

to move on to the subsequent run. For a typical program running scenarios on this machine using 

6 cores, 10,000 scenarios could be run in approximately 12 hours. As expected given Amdahl’s 

Law (Equation D.1) this duration is not 1/6 the time of running on a single core- the realized 

speed-up factor was approximately 4.5 (Table D.1). The expected speed-up approaches a limit 

based on the fraction of serial code in the program. The diminishing returns is especially 

apparent when considering the fact that running 10,000 simulations on 10,000 cores is 

approximately 680 times slower than running 1 simulation on a single core. 

 

𝑆(𝑛) =  
1

𝐵+ 
1

𝑛
(1−𝐵)

 (Equation D.1) 

  

http://en.wikipedia.org/wiki/Amdahl%27s_law
http://en.wikipedia.org/wiki/Amdahl%27s_law
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Figure D.1: Flow of information in the meteorological driver scenario simulation process, 

showing that each run is independent and thus the task is suitable for execution in a distributed 

computing environment. 
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Figure D.2: Flow of information in the parameter optimization process, showing that runs 

depend on previous runs, thus making optimization difficult in a distributed computing 

environment. 

 

 

Table D.1: Computation time for running simulations on a varying number of cores. Serial and 

parallel data are results from simulation runs in this study, and other data is extrapolated 

according to Amdahl’s Law. 

Approach Observed average time 

per simulation 

(seconds) 

Time per 10,000 

simulations  

(hours) 

Serial (1 core) 19 54 

Parallel (6 cores) 4.3 12 

Distributed (100 cores) 1.5 4.1 

Distributed (10,000 cores) 1.3 3.6 
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Appendix E: Sensitivity Analysis and Calibration 

 

E.1 Sensitivity Analysis and Calibration Overview 

 

Calibration of model parameters was conducted to identify parameter values that provided the 

best match of simulated output data with historical observations. Parameters directly related to 

the following state variables were calibrated: water level, water temperature, dissolved oxygen, 

filterable reactive phosphorus, nitrate, ammonium, dissolved reactive silica, dissolved organic 

carbon, dissolved inorganic carbon, Microcystis, Aphanizomenon, Chlorophytes, and Diatoms.  

 

The first step of the calibration process was to find good starting values for all parameters based 

on the GLM user manuals and relevant literature (Kara et al. 2012). Next, the sensitivity of 

pertinent state variables was tested in response to perturbations in directly-linked parameters 

(e.g. sensitivity of water temperature to mixing parameters, sensitivity of chemical species to 

sediment flux parameters, etc.). The most sensitive parameters related to each of the pertinent 

state variables were optimized. Physical state variables were first calibrated, followed by 

chemical and finally biological state variables. However, since bio-shading feedback was 

enabled in AED, the results of the chemical and biological calibration affected the physics 

(i.e. clarity of the water column influenced stratification and mixing dynamics). Therefore, 

the calibration of physical, chemical and biological state variables was an iterative process. No 

more than five parameters were optimized simultaneously. A total of approximately 45 

parameters were optimized for the entire Lake Mendota system. 

 

Calibration of parameters in a complex numerical simulation model is an intensive process that 

requires thousands to millions of simulation runs, in order to search a non-linear, 

multidimensional parameter space and optimize an objective function for each of the pertinent 

state variables. This is manually impractical, and even when automated, it is computationally 

expensive. In order to minimize computational and opportunity costs, R code was utilized to 

automate the process of changing parameter values, running simulations, comparing output to 

observed data, and returning an objective function value. Functions that encompassed this 

workflow were wrapped inside a constrained optimization function within R, [constrOptim] and 

run for each of the pertinent physical and chemical state variables. 

 

Calibration was conducted using driver data and water quality from 2009 and 2010 

independently. The model was validated using similar data from 2007 and 2008. Starting 

parameter values were the default parameter values from the ‘coldlake’ example simulation, or 

were derived from relevant literature such as the GLM-AED manuals or Kara et. al. (2012). All 
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physical, chemical, and biological parameters were set to appropriate starting/default values prior 

to any calibration procedures. 

 

A few objective functions were used to compare observed/field data to modeled data. These 

included root-mean-square error (RMSE), mean absolute error (MAE), as well as the normalized 

analogs NRMSE and NMAE. These objective functions are commonly used in comparisons and 

calibration of numerical water quality models (Bruce et al. 2006, Gal et al. 2009, Bueche and 

Vetter 2014). The definition of each of the objective functions is described in Equations E.1 – 

E.4. 

 

𝑅𝑀𝑆𝐸 =  
∑ (𝑛

𝑖=1 𝑚𝑖− 𝑜𝑖)2

𝑛
 (Equation E.1) 

 

𝑁𝑅𝑀𝑆𝐸 =  
∑ (𝑛

𝑖=1 𝑚𝑖− 𝑜𝑖)2

𝑛�̅�
 (Equation E.2) 

 

𝑀𝐴𝐸 =  
∑ |(𝑚𝑖− 𝑜𝑖)|𝑛

𝑖=1

𝑛
 (Equation E.3) 

 

𝑁𝑀𝐴𝐸 =  
∑ |(𝑚𝑖− 𝑜𝑖)|𝑛

𝑖=1

𝑛�̅�
 (Equation E.4) 

 

…where n is the number of points in which both modeled and observed data are available, i is 

the index of the matrix or vector, mi is the modeled data value at index i, oi is the observed data 

value at index i, and �̅� is the mean of the entire observed data set for the time period of 

comparison. None of the objective functions were calculated based on volumetrically weighted 

values, as our intention was to weight all depths equally. 

 

The coefficient of determination (R
2
) was also used for some comparisons of model performance 

to reports from literature. R
2
 was calculated using the square of the cor function in R, with the 

arguments na.rm= TRUE, use= “na.or.complete”, and method= “spearman”. For 

comparison of matrices (2-D state variable in time and depth), the overall R
2
 value was 

calculated as the mean of R
2
 values for each available depth. 
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E.2 Physical Variables 

 

Water Balance (Lake Level) 

 

Lake level was calibrated by adjusting the outflow factor. RMSE between modeled and observed 

lake level was calculated for outflow factors between 0.5 and 1.5, in increments of 0.01. For the 

year 2009, the RMSE ranged 0.468 meters within this outflow factor range, with a minimum 

RMSE of 0.092 meters at an outflow factor of 1.27. For the year 2010, the RMSE ranged 0.315 

meters, with a minimum of 0.157 meters at an outflow factor of 1.11. The mean of these two 

optimal outflow factors (1.19) was used as the overall optimal outflow factor for water balance. 

 

Sensitivity of Physical/Mixing Parameters 

 

Physical calibration first involved a sensitivity analysis of the 10 physical parameters found in 

the glm.nml file. Only the calibration years (2009 and 2010) were included in the sensitivity 

analysis, in order to eliminate any influence of validation years in the calibration process. A 

summary of the response of water temperature (to a ± 30% variation in parameters) is shown in 

Table E.1. The average RMSE range is based on the average range for years 2009 and 2010, with 

the range being equal to max(RMSE) – min(RMSE) for ~25 evenly spaced points between 70 

and 130% of the starting value for each parameter. 
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Table E.1: Ranking of sensitivity of water temperature to physical/mixing parameters. 

Parameter 

Symbol 

Parameter Description Starting 

Value 

RMSE Range 

(±30%) [° C] 

Parameter 

Sensitivity 

Rank (1-10) 

coef_mix_conv mixing efficiency - convective 

overturn 

0.21 0.597 5 

coef_wind_stir mixing efficiency - wind 

stirring 

0.23 0.456 10 

coef_mix_shear mixing efficiency - unsteady 

turbulence effects 

0.28 0.641 3 

coef_mix_turb mixing efficiency - shear 

production 

0.46 0.514 7 

coef_mix_KH mixing efficiency - 

hypolimnetic Kelvin-

Helmholtz turbulent billows 

0.38 0.628 4 

coef_mix_hyp mixing efficiency - 

hypolimnetic turbulence 

0.45 0.513 8 

wind_factor Wind multiplication factor 1.0 2.996 2 

ce bulk aerodynamic coefficient 

for latent heat transfer 

0.0013 0.495 9 

ch bulk aerodynamic coefficient 

for sensible heat transfer 

0.0014 0.532 6 

coef_wind_drag bulk aerodynamic coefficient 

for transfer of momentum 

0.0012 3.035 1 
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Optimization of Physical Parameters 

 

From this sensitivity analysis, it was determined that the five target parameters were: 

coef_wind_drag, coef_mix_shear, coef_mix_KH, coef_mix_conv, and coef_mix_turb. The 

wind_factor parameter [rank 2] was left at 1.0, and the ch parameter [rank 6] was not optimized 

because its value is well-known. 

 

The criterion used for the optimization procedure involved minimization of the overall NMAE 

(all depths considered) calculated for the fit of modeled and observed water temperatures (Bruce 

et al. 2006, Bueche and Vetter 2014). The parameters were constrained at roughly ±30% of their 

starting values (Table E.2). 

 

Table E.2: Results of final constrained optimization run for physical/mixing parameters 

minimizing water temperature NMAE for 2009 and 2010 seasons. Final values are the mean of 

results of independent optimizations for the two seasons. Starting values are based off of prior 

calibration runs, and default values are an aggregation of recommendations from the GLM user 

manuals and personal communication with GLM users (Dr. Jordan Read). Bounds are generally 

± 30% of the GLM user manual default values. 

Parameter Lower 

Bound 

Upper 

Bound 

Default 

Value 

Starting 

Value 

Result 

coef_wind_drag 0.0009 0.0017 0.0013 0.00119 0.001207 

coef_mix_shear 0.20 0.37 0.30 0.28 0.2861 

coef_mix_KH 0.21 0.42 0.30 0.30 0.3410 

coef_mix_conv 0.14 0.32 0.20 0.26 0.2721 

coef_mix_turb 0.36 0.66 0.51 0.51 0.5261 
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E.3 Chemical Variables 

 

All chemical parameters from Kara et al. (2012) were converted to GLM units and used as 

starting values for the chemical parameters in the fabm.nml configuration file. The values and 

conversions can be found in the ‘parameter_database’ folder (Appendix G). For most chemical 

state variables, the target parameters were limited to the associated maximum sediment flux rate 

(Fsed), the half-saturation constant (Ksed), and the temperature scaling coefficient (θsed). Because 

each of these parameters can be optimized simultaneously, sensitivity analyses are not shown. 

Results of optimization procedures are shown for oxygen, phosphate, nitrate, and dissolved 

organic carbon. Additionally, because of the complexity of nitrogen processes, there were greater 

than five parameters that had a significant influence on nitrate, and thus sensitivity analysis 

results are shown for nitrate. 

 

Optimization of Oxygen Parameters 

 

The criterion used for the DO optimization was the hypolimnetic NMAE, because the focus in 

this study is on hypolimnetic anoxia. The results are shown in the Table E.3.  

 

Table E.3: Results of final constrained optimization run for oxygen parameters minimizing 

hypolimnetic oxygen NMAE for 2009 and 2010 seasons. Final values are the mean of results of 

independent optimizations for the two seasons. Starting values are based off of values from Kara 

et al. (2012). 

Parameter Lower 

Bound 

Upper 

Bound 

Default 

Value 

Starting 

Value 

Result 

theta_sed_oxy 1.03 1.11 1.08 1.08 1.065 

Ksed_oxy 30.0 60.0 46.875 46.875 51.57 

Fsed_oxy -30.0 -5.0 -14.375 -14.375 -12.55 
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Optimization of Phosphate Parameters 

 

The criterion used for the phosphate optimization was the overall NMAE. The results are shown 

in the Table E.4. During coarse manual adjustments, we found that other phosphorus parameters 

had very little or no impact on phosphate results, and therefore are not included in the 

optimization. 

 

Table E.4: Results of final constrained optimization run for phosphate parameters minimizing 

phosphate NMAE for 2009 and 2010 seasons. Final values are the mean of results of 

independent optimizations for the two seasons. Starting values are based off of values from Kara 

et al. (2012). 

Parameter Lower 

Bound 

Upper 

Bound 

Default 

Value 

Starting 

Value 

Result 

theta_sed_frp 1.03 1.12 1.08 1.05 1.032 

Fsed_frp 0.30 0.60 0.4036 0.4036 0.5914 

Ksed_frp 43.75 81.25 62.5 62.5 69.54 
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Sensitivity of Nitrate Parameters 

 

A sensitivity analysis analogous to the physical/mixing parameter sensitivity analysis was 

conducted for parameters directly related to nitrate (Table E.5). 

 

Table E.5: Ranking of sensitivity of nitrate to nitrate parameters. 

Parameter 

Symbol 

Parameter 

Description 

Starting 

Value 

RMSE Range 

(±40%) [mg-N/L] 

Parameter 

Sensitivity 

Rank (1-9) 

Rnitrif Max rate of 

nitrification 

0.106 0.1369 5 

Rdenit Max rate of 

denitrification 

0.05 0.2043 3 

Fsed_nit Max flux of nitrate 

across the sediment-

water interface 

-8.565 0.0124 8 

Knitrif Half sat constant for 

O2 dependence of 

nitrification 

46.875 0.1078 6 

Kdenit Half sat constant for 

O2 dependence of 

denitrification 

12.5 0.1536 4 

Ksed_nit Half sat constant for 

O2 dependence of sed 

nitrate flux 

1562.5 0.0112 9 

theta_nitrif Temperature 

multiplier for nitrif 

1.08 0.2771 2 

theta_denit Temperature 

multiplier for denit 

1.05 0.2880 1 

theta_sed_nit Temperature 

multiplier for sed 

nitrate flux 

1.08 0.0312 7 
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Table E.5 shows that the five most sensitive nitrate-related parameters are: theta_denit, 

theta_nitrif, Rdenit, Kdenit and Rnitrif. However, we found that nitrate was generally 

overestimated in our simulations, and thus sought to target denitrification processes that may 

reduce the nitrate levels. For our final optimization runs, we choose to target the nitrate sediment 

parameters and two denitrification parameters: Fsed_nit, Ksed_nit, theta_sed_nit, Rdenit, and 

Kdenit. 

 

Optimization of Nitrate Parameters 

 

The criterion used for the nitrate optimization was the overall NMAE. The results are shown in 

the Table E.6. 

 

Table E.6: Results of final constrained optimization run for nitrate parameters minimizing 

nitrate NMAE for 2009 and 2010 seasons. Final values are the mean of results of independent 

optimizations for the two seasons. Starting values are based off of values from Kara et al. (2012). 

Parameter Lower 

Bound 

Upper 

Bound 

Default 

Value 

Starting 

Value 

Result 

Fsed_nit -25.0 -5.0 -8.5 -8.5 -9.466 

Ksed_nit 1500 1600 1562.5 1562.5 1563 

theta_sed_nit 1.03 1.11 1.08 1.08 1.055 

Rdenit 0.01 0.08 0.05 0.05 0.06500 

Kdenit 10.0 18.0 12.5 12.5 15.24 
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Optimization of Dissolved Organic Carbon Parameters 

 

The criterion used for the dissolved organic carbon optimization was the overall NMAE. The 

results are shown in the Table E.7.  

 

Table E.7: Results of final constrained optimization run for dissolved organic carbon parameters 

minimizing dissolved organic carbon NMAE for 2009 and 2010 seasons. Final values are the 

mean of results of independent optimizations for the two seasons. Starting values are based off of 

values from Kara et al. (2012). 

Parameter Lower 

Bound 

Upper 

Bound 

Default 

Value 

Starting 

Value 

Result 

theta_sed_doc 1.03 1.11 1.08 1.08 1.085 

theta_doc_miner 1.03 1.11 1.08 1.08 1.090 

Ksed_doc 10.0 20.0 15.626 15.626 16.81 

Rdoc_miner 0.003 0.05 0.01 0.01 0.0150 

Fsed_doc -0.01 0.10 0.00 0.01 0.04398 
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E.4 Biological Variables 

 

All applicable biological parameters from Kara et al. (2012) were converted to GLM units and 

used as starting values in the ‘aed_phyto_pars.nml’ configuration file. The values and 

conversions can be found in the ‘parameter_database’ folder (Appendix G). 

 

Sensitivity of Phytoplankton Parameters 

 

A sensitivity analysis for each phytoplankton functional group was conducted on 15 

phytoplankton parameters that directly influenced critical phytoplankton properties such as 

buoyancy, light, growth, and respiration (salinity and nutrient uptake parameters not analyzed). 

The mortality rates of the phytoplankton are subsumed into the respiration parameters 

(Hipsey et al. 2013). This allows for ‘top-down’ control of phytoplankton without enabling 

the zooplankton module. Tables E.8-E.11 show a sensitivity analysis of these parameters for 

each of the phytoplankton functional groups, measured by variation in RSME corresponding to a 

± 10% parameter range (in 20 equally-spaced steps). 

 

From the sensitivity analysis for the Microcystis group parameters, the top 5 most influential 

parameters are vT, vr, Pmax, Tstd, and kr (Table E.8). 

 

From the sensitivity analysis for the Aphanizomenon group parameters, the top 5 most influential 

parameters are kr, Pmax, Tstd, vT, and IK (Table E.9). 

 

From the sensitivity analysis for the Chlorophytes group parameters, the top 5 most influential 

parameters are Pmax, vT, vr, Tstd, and IK (Table E.10). 

 

From the sensitivity analysis for the Diatoms group parameters, the top 5 most influential 

parameters are Pmax, kr, Tstd, vT, and IK (Table E.11). 

 

Summing the ranks from results of each of the four functional groups, the overall top 5 

most sensitive parameters are Pmax, vT, Tstd, kr, and vr. 
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Table E.8: Ranking of sensitivity of Microcystis parameters. 

Parameter 

Symbol 

Parameter Description Starting 

Value 

RMSE Range 

(±10%) [mg-C/L] 

Parameter 

Sensitivity Rank 

(1-15) 

P_initial Initial phytoplankton 

concentration (mmol-C/m3) 

10 0.1406 11 

w_p Sedimentation rate (m/d) 0.5 0.1363 12 

Pmax Max growth rate at 20 deg C 

(1/d) 

1.75 0.5200 3 

vT Arrhenius temp scaling 

coefficient for growth 

1.07 1.570 1 

Tstd Standard temperature (deg C) 19 0.4835 4 

Topt Optimum temperature (deg C) 23.5 0.1510 9 

Tmax Maximum temperature (deg C) 40.0 0.1110 13 

IK Half saturation constant for 

light limitation of growth 

(microE/m^2/s) 

25 0.3702 6 

ISt Saturating light intensity 

(microE/m^2/s) 

250 0 14 

KePHY Specific attenuation coefficient 

((mmol C m^3^-1)^1 m^-1) 

0.002378 0.1815 7 

krp Fraction of primary production 

lost to exudation 

0.005 0 14 

kr Phytoplankton 

respiration/metabolic loss rate 

of 20 deg C 

0.05 0.4560 5 

vr Arrhenius temperature scaling 

for phytoplankton respiration 

1.10 0.8927 2 

fres Fraction of metabolic loss that 

is true respiration 

0.8 0.1769 8 

fdom Fraction of metabolic loss that 

is DOM 

0.3 0.1473 10 
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Table E.9: Ranking of sensitivity of Aphanizomenon parameters. 

Parameter 

Symbol 

Parameter Description Starting 

Value 

RMSE Range 

(±10%) [mg-C/L] 

Parameter 

Sensitivity 

Rank (1-15) 

P_initial Initial phytoplankton concentration 

(mmol-C/m3) 

10 0.008948 

8 

w_p Sedimentation rate (m/d) 0.5 0.008378 10 

Pmax Max growth rate at 20 deg C (1/d) 1.75 0.040106 2 

vT Arrhenius temp scaling coefficient 

for growth 

1.07 0.023401 

4 

Tstd Standard temperature (deg C) 19 0.029962 3 

Topt Optimum temperature (deg C) 23.5 0.008866 9 

Tmax Maximum temperature (deg C) 40.0 0.006671 12 

IK Half saturation constant for light 

limitation of growth (microE/m^2/s) 

25 0.018549 

5 

ISt Saturating light intensity 

(microE/m^2/s) 

250 0.000000 

14 

KePHY Specific attenuation coefficient 

((mmol C m^3^-1)^1 m^-1) 

0.002378 0.006364 

13 

krp Fraction of primary production lost 

to exudation 

0.005 0.000000 

14 

kr Phytoplankton respiration/metabolic 

loss rate of 20 deg C 

0.05 0.041429 

1 

vr Arrhenius temperature scaling for 

phytoplankton respiration 

1.10 0.012257 

6 

fres Fraction of metabolic loss that is 

true respiration 

0.8 0.007296 

11 

fdom Fraction of metabolic loss that is 

DOM 

0.3 0.009891 

7 
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Table E.10: Ranking of sensitivity of Chlorophyte parameters. 

Parameter 

Symbol 

Parameter Description Starting 

Value 

RMSE Range 

(±10%) [mg-C/L] 

Parameter 

Sensitivity 

Rank (1-15) 

P_initial Initial phytoplankton concentration 

(mmol-C/m3) 

10  0.02827 

7 

w_p Sedimentation rate (m/d) 0.5  0.02638 8 

Pmax Max growth rate at 20 deg C (1/d) 1.75  0.10110 1 

vT Arrhenius temp scaling coefficient 

for growth 

1.07  0.06673 

2 

Tstd Standard temperature (deg C) 19  0.03925 4 

Topt Optimum temperature (deg C) 23.5  0.01953 10 

Tmax Maximum temperature (deg C) 40.0  0.01708 12 

IK Half saturation constant for light 

limitation of growth (microE/m^2/s) 

25  0.03405 

5 

ISt Saturating light intensity 

(microE/m^2/s) 

250  0.00000 

14 

KePHY Specific attenuation coefficient 

((mmol C m^3^-1)^1 m^-1) 

0.002378  0.02470 

9 

krp Fraction of primary production lost to 

exudation 

0.005  0.00000 

14 

kr Phytoplankton respiration/metabolic 

loss rate of 20 deg C 

0.05  0.03213 

6 

vr Arrhenius temperature scaling for 

phytoplankton respiration 

1.10  0.05726 

3 

fres Fraction of metabolic loss that is true 

respiration 

0.8  0.01939 

11 

fdom Fraction of metabolic loss that is 

DOM 

0.3  0.01604 

13 
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Table E.11: Ranking of sensitivity of Diatom parameters. 

Parameter 

Symbol 

Parameter Description Starting 

Value 

RMSE Range 

(±10%) [mg-C/L] 

Parameter 

Sensitivity 

Rank (1-15) 

P_initial Initial phytoplankton concentration 

(mmol-C/m3) 

10 0.06086 

7 

w_p Sedimentation rate (m/d) 0.5 0.04663 8 

Pmax Max growth rate at 20 deg C (1/d) 1.75 0.24790 1 

vT Arrhenius temp scaling coefficient 

for growth 

1.07 0.14990 

4 

Tstd Standard temperature (deg C) 19 0.17360 3 

Topt Optimum temperature (deg C) 23.5 0.04583 9 

Tmax Maximum temperature (deg C) 40.0 0.02802 13 

IK Half saturation constant for light 

limitation of growth (microE/m^2/s) 

25 0.11980 

5 

ISt Saturating light intensity 

(microE/m^2/s) 

250 0.00000 

14 

KePHY Specific attenuation coefficient 

((mmol C m^3^-1)^1 m^-1) 

0.002378 0.03021 

12 

krp Fraction of primary production lost 

to exudation 

0.005 0.00000 

14 

kr Phytoplankton respiration/metabolic 

loss rate of 20 deg C 

0.05 0.21440 

2 

vr Arrhenius temperature scaling for 

phytoplankton respiration 

1.10 0.06624 

6 

fres Fraction of metabolic loss that is 

true respiration 

0.8 0.03317 

10 

fdom Fraction of metabolic loss that is 

DOM 

0.3 0.03127 

11 
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Optimization of Phytoplankton Parameters 

 

Initially, calibration of the phytoplankton functional groups was conducted as an optimization 

(minimization) of the NMAE or a shape-related matching metric of the observed and modeled 

time series (e.g. minimizing ‘area’ between modeled and observed time series lines). However, 

these functions failed to do an adequate job of matching observed bloom timing and magnitudes. 

A manual, qualitative approach was found to be superior. The goal of the manual calibration 

procedure was to match the peak timing and magnitude for each of phytoplankton function 

groups. The primary target parameters were Pmax (controls peak magnitude) and the 

temperature preference parameters Tmax, Topt (controls peak timing) [corresponding to the two 

parameters of highest sensitivity]. To the degree possible, Tstd was not adjusted from the values 

reported in Kara et al. (2012). Table E.12 shows the final assigned parameter values after the 

manual calibration procedures. 

 

Table E.12: Final assigned values for most sensitive parameters for each of the phytoplankton 

functional groups. 

Functional 

Group 

Pmax Tstd Topt Tmax vT kr vr 

Microcystis 1.9 19 24 35 1.089 0.0748 1.075 

Aphanizomenon 2.1 24 27 35 1.101 0.0900 1.140 

Chlorophytes 2.1 20 23 33 1.099 0.0545 1.033 

Diatoms 1.0 19 14 21 1.109 0.0642 1.057 
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E.5 Global Sensitivity Analysis 

 

A global sensitivity analysis was conducted for nearly all parameters included in the GLM-AED 

model to ensure that no critical parameters had been overlooked during the calibration process. 

Parameters were varied ±30% from there calibrated value at ten equally spaced levels, and the 

resulting range of the anoxic factor was recorded. For temperature scaling coefficients, the 

parameter was varied ±30% from 1-value (e.g. from 1.056 to 1.104 for a default temperature 

scaling parameter value of 1.08). For parameter values that were set to 0, the parameter values 

were varied between -0.05 and 0.05. Results are presented in Table E.13. 
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Table E.13: Sensitivity of the anoxic factor to parameters in the GLM-AED model. Sensitivity is 

reported as the anoxic factor range resulting from a ±30% change in parameters from their 

assigned values. 

Parameter 

Anoxic Factor 

Range  

(days season
-1

) 

Parameter 

Anoxic Factor 

Range  

(days season
-1

) 

Parameter 

Anoxic Factor 

Range  

(days season
-1

) 

coef_wind_drag 36.81 Rdop_miner 7.19 Fsed_dic 0 

kr 12.51 IPcon 7.18 Ksed_dic 0 

IPmax 11.39 Rpop_miner 7.07 theta_sed_dic 0 

coef_mix_conv 11.10 Tmax 6.99 Fsed_ch4 0 

IPmin 11.01 vTch4ox 6.88 Ksed_ch4 0 

Rdoc_miner 10.48 Rnitrif 6.74 theta_sed_ch4 0 

gthRedNFix 10.37 theta_sed_oxy 6.73 Fsed_rsi 0 

fdom 10.28 Tstd 6.63 Ksed_rsi 0 

Ksed_frp 10.22 theta_sed_amm 6.58 theta_sed_rsi 0 

ce 10.10 Topt 6.51 Rdenit 0 

w_p 9.92 theta_sed_doc 6.49 Kdenit 0 

vr 9.57 coef_mix_KH 6.47 Fsed_nit 0 

theta_sed_frp 9.54 Fsed_frp 6.44 Ksed_nit 0 

INcon 9.38 theta_don_miner 6.42 theta_denit 0 

KePOM 9.25 Fsed_dop 6.38 theta_sed_nit 0 

vT 9.16 Ksed_doc 6.35 Kpo4p 0 

Rdon_miner 9.15 Fsed_doc 6.31 Kadsratio 0 

KePHY 9.13 theta_poc_miner 6.07 Qmax 0 

Pmax 9.01 Ksed_amm 5.99 w_po4ads 0 

IK 8.98 Kch4ox 5.99 Fsed_pon 0 

UPmax 8.95 Kpop_miner 5.99 Ksed_don 0 

Ksed_oxy 8.94 ch 5.95 theta_sed_don 0 

fres 8.93 Kdoc_miner 5.70 Fsed_pop 0 

coef_mix_hyp 8.84 theta_nitrif 5.59 Ksed_dop 0 

theta_dop_miner 8.79 coef_mix_turb 5.44 theta_sed_dop 0 

Po 8.47 KeDOM 5.32 Fsed_poc 0 

Kdop_miner 8.40 theta_pon_miner 5.17 Ycc 0 

coef_mix_shear 8.34 theta_doc_miner 5.11 ISt 0 

Knitrif 8.34 w_pon 4.80 No 0 

w_pop 8.30 w_poc 4.74 KN 0 

Kdon_miner 8.28 Kpon_miner 4.37 INmax 0 

Fsed_amm 8.05 Fsed_don 4.36 UNmax 0 

Rch4ox 7.92 Rpon_miner 3.22 NFixationRate 0 

Fsed_oxy 7.82 coef_wind_stir 2.97 Sio 0 

KP 7.58 theta_pop_miner 2.68 KSi 0 

Rpoc_miner 7.42 INmin 0.33 Sicon 0 

krp 7.40         
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The actions taken to ensure that appropriate values were assigned to the top 15 most sensitive 

parameters from the global sensitivity analysis is addressed in Table E.14. 

 

Table E14: Action taken for assignment of parameter values for the top 15 most sensitive 

parameters in terms of the anoxic factor. 

Parameter Parameter Description (units) Notes 

coef_wind_drag 

bulk aerodynamic coefficient for 

transfer of momentum (dimless) 

calibrated 

kr 

Phytoplankton respiration/metabolic 

loss rate at 20 deg C (dimless) 

calibrated 

IPmax 

Maximum internal phosphorus 

concentration for phytoplankton (mmol-

P/mmol-C) 

From Kara et al. (2012) 

coef_mix_conv 

Mixing efficiency- convective overturn 

(dimless) 

calibrated 

IPmin 

Minimum internal phosphorus 

concentration for phytoplankton (mmol-

P/mmol-C) 

From Kara et al. (2012) 

Rdoc_miner 

Maximum rate of mineralization of 

dissolved organic carbon (1/day) 

calibrated 

gthRedNFix 

Growth rate reduction under maximum 

nitrogen fixation (1/day) 

From Kara et al. (2012) 

fdom 

Fraction of metabolic loss that is DOM 

(dimless) 

From Kara et al. (2012) 

Ksed_frp 

Half saturation constant for oxygen 

dependence of sediment phosphorus 

flux (mmol-O2/m
3) 

calibrated 

ce 

Bulk aerodynamic coefficient for latent 

heat transfer (dimless) 

calibrated 

w_p 

Settling velocity for phytoplankton 

function groups (m/day) 

Set to 0.2 meters/day for all phytoplankton 

groups; this is in agreement with range in Kara et 

al. (2012); lack of agreement on value exists in 

literature 

vr 

Temperature scaling coefficient for 

phytoplankton respiration (dimless) 

From Kara et al. (2012) 

theta_sed_frp 

Temperature scaling coefficient for 

sediment phosphorus release (dimless) 

calibrated 

INcon 

Constant internal nitrogen concentration 

in phytoplankton (mmol-N/mmol-C) 

Should not be used if phytoplankton internal 

nitrogen levels are set to be dynamic 

(SimINDynamics= 2); set to default value of 

0.035 mmol-N/mmol-C 

KePOM 

Specific attenuation coefficient for 

POM ((mmol-C/m3)-1 m-1) 

Set to default value of 0.001 (mmol-C/m3)-1 m-1 
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Appendix F: Final Model Calibration Results 

 

F.1 Physical State Variable Results 

 

Water Level 

 

Water level was generally well replicated by the model. Surface elevation (as meters from 

bottom) was reproduced within 2.2% of historical observations for all four simulated seasons 

(Table F.1). This is in agreement with results from simulated water levels for Lake Mendota 

reported in Kara et al. (2012) (reported agreement within 4%). In general, the model tended to 

produce a dampened version of the observed trends (i.e. less extreme fluctuations), but the mean 

level was captured sufficiently. 

 

Table F.1: Statistics for agreement between simulated and observed water level data for each of 

the four simulated seasons. 

Simulation 

Season 

Max Discrepancy 

(m) 

Max Discrepancy 

(%) RMSE (m) NMAE 

2007 0.399 1.66 0.194 0.00695 

2008 0.519 2.16 0.246 0.00825 

2009 0.448 1.87 0.165 0.00539 

2010 0.340 1.42 0.166 0.00546 

 

Water Temperature 

 

Fit metrics for water temperature were in general agreement with values reported in literature 

(Table F.2). Epilimnion and hypolimnion metrics are based on an assumed thermocline depth of 

12-meters. 

 

Table F.2: Statistical fit metrics for water temperature calibration. Epilimnion and hypolimnion 

are based on an assumed 12-meter thermocline depth. 

 Validation Calibration  

Metric 2007 2008 2009 2010 Literature 

Overall NMAE 0.081 0.051 0.060 0.063 0.037
i
-0.079

i
 

Epilimnion NMAE 0.059 0.046 0.068 0.066 --
 

Hypolimnion NMAE 0.12 0.061 0.045 0.063 -- 

Overall RMSE 1.88 1.27 1.21 1.54 -- 
i
Trolle et al. 2011 [uses mean relative error (RE) instead of NMAE] 
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These results are in good agreement with the literature values, even despite the fact that there are 

several elements of this study tend to increase the NMAE values relative to the reported 

literature values (i.e. produce a worse fit). First, the overall water temperature NMAE value 

reported by Kara et al. 2012 (0.04) is based on calibration to a three month period in a single 

season, whereas this study includes two calibration years and two validation years. Second, the 

epilimnion and hypolimnion values reported by Gal et al. 2009 (0.04 – 0.08) exclude the 

metalimnion, where there is generally the greatest error (Bueche and Vetter 2014). Finally, our 

calibration included roughly 80,000- 120,000 water temperature observations for each season; 

this is greater temporal and spatial resolution than most studies, tending to increase difficulty of 

calibration (and some error may be attributed to measurement error as well). 

 

The model generally overestimated the thermocline depth slightly, resulting in overestimated 

temperatures in the metalimnion (not shown). This is a known problem with 1D hydrodynamic 

lake models (Bueche and Vetter 2014). Additionally, epilimnetic temperatures were generally 

simulated with greater accuracy than the hypolimnetic temperatures (Figures F.1- F.2). In all 

simulated years other than 2009, simulated hypolimnetic temperatures were biased by about 1-3 

°C. Again, the issue of biased hypolimnetic water temperatures has been encountered in similar 

studies using 1D hydrodynamic models (Gal et al. 2009, Trolle et al. 2011). Despite these model 

biases, water temperatures were well simulated and overall fit metrics aligned with previous 

reports from literature. 
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Figure F.1: Comparison of modeled and observed water temperature data for the calibration 

years (2009-2010). Epilimnion is shown in the top panels (0-8 m depth), and hypolimnion in the 

bottom panels (15-20 m depth), with 2009 on the left and 2010 on the right. 
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Figure F.2: Comparison of modeled and observed water temperature data for the validation 

years (2007-2008). Epilimnion is shown in the top panels (0-8 m depth), and hypolimnion in the 

bottom panels (15-20 m depth), with 2007 on the left and 2008 on the right. 
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F.2 Chemical State Variable Results 

 

Dissolved Oxygen 

 

Hypolimnetic oxygen dynamics were very well reproduced by the model for both calibration and 

validation years (Table F.3 and Figure F.3). Additionally, the higher hypolimnion NMAE values 

for 2007 are the result of a single sampling day (2007-05-14), in which the observed data show 

depleted oxygen in the hypolimnion. If this point is not considered, then the overall, epilimnion 

and hypolimnion NMAE values for 2007 become 0.30, 0.42, and 0.17, respectively. This is in 

agreement with the other three seasons, and proves a better fit than the literature values for 

hypolimnetic oxygen. While epilimnetic DO was overestimated, results of a sensitivity analysis 

showed that it did not affect the conclusions of this study (see Model calibration section of the 

Discussion). 

 

Table F.3: Statistical fit metrics for dissolved oxygen calibration. Epilimnion and hypolimnion 

are based on an assumed 12-meter thermocline depth. 

 Validation Calibration  

Metric 2007 2008 2009 2010 Literature 

Overall NMAE 0.37 0.36 0.34 0.30 0.32
i
 

Epilimnion NMAE 0.44 0.54 0.52 0.46 0.10
ii 

Hypolimnion NMAE 0.30 0.16 0.16 0.13 0.29
ii
 

i
Kara et al. 2012 

ii
Gal et al. 2009 
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Figure F.3: Comparison of modeled and observed hypolimnetic (15-24 m depth) dissolved 

oxygen for the four simulated seasons: a) 2007, b) 2008, c) 2009, and d) 2010. 
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Nitrate 

 

Epilimnetic nitrate concentrations were reproduced adequately across the four seasons, while 

hypolimnetic nitrate concentrations were reproduced well in the spring and fall, but were 

overestimated in the summer (Figure F.4). Specifically, the model overestimated nitrate 

originating near the lake bottom in early July (Figure F.5). This was the result of ammonium that 

was nitrified during the early stages of stratification when oxygen was still present in the 

hypolimnion.  While the model tended to overestimate the nitrate produced via this phenomenon, 

the overall nitrogen dynamics were still well-simulated (Trolle et al. 2011). 

 

Another nitrogen data set was available for the period 2009-2010. This data was collected by 

Lucas Beversdorf and is available via the LTER data portal. This data set distinguished between 

nitrate and nitrite and provided greater temporal resolution than the LTER data. Measurements 

were taken at the surface (0.5 m depth) and at the depth of 1% PAR during the 2009 season, and 

solely at the surface during the 2010 season. The model was not calibrated to this data set due to 

the limited depth range, especially during the 2010 season. However, statistical comparison 

metrics were computed to check that the modeled nitrate dynamics agreed with the independent 

nitrate data collected by Beversdorf. The overall NMAE values for the 2009 & 2010 seasons 

were 0.62 and 0.58 corresponding to 47 and 14 data points, respectively. These results confirm 

sufficient reproduction of epilimnetic nitrate dynamics. 
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Figure F.4: Comparison of modeled and observed nitrate for the epilimnion (0-8 m depth; top 

row) and hypolimnion (14-22 m depth; bottom row) for each of the four simulated seasons 

(2007-2010; from left to right). 

 

 

Figure F.5: Anomaly (modeled – observed) of nitrate for the 2010 season, showing build-up of 

nitrate in the hypolimnion during the early period of stratification when some dissolved oxygen 

is still available for nitrification of ammonium.  
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Other Chemical State Variables 

 

Fit metrics and literature ranges for previous numerical simulation studies are reported for other 

chemical state variables in Table 1. 

 

F.3 Biological State Variable Results 

 

The challenges of calibrating biological processes in hydrodynamic-biogeochemical numerical 

models is well known (especially within a single season), and there is relatively high error in the 

observed phytoplankton biomass data (Gal et al. 2009, Rigosi et al. 2011). Despite this, we 

believe that we were able to reproduce total phytoplankton dynamics with sufficient accuracy for 

the purposes of this study (Figure F.6). From a hierarchical physical-chemical-biological point of 

view, biological processes are one level of model complexity higher than the response variable in 

this study (anoxic factor), and therefore closely matching the short-term dynamics of each 

functional group is not critical. Rather, reproducing the general trends of the total phytoplankton 

biomass is important. Further, it has been demonstrated that closely matching both the peak 

timing and magnitude of observed phytoplankton dynamics is not possible with the current 

GLM-AED model (data from Paul Hanson; not shown). 

 

The model was able reproduce both the magnitude and timing of the Microcystis and 

Aphanizomenon functional groups reasonably well. The Chlorophytes group was not well 

reproduced in most cases: the model predicts a false peak in 2007, and the timing of the peak is 

off in 2008 and 2009. Diatoms were often in the spring bloom stage during the initialization of 

the model (mid-April), and this is reflected through model initial conditions (Appendix B.2). 

However, the autumn peaks observed most notably in 2009 and 2010 were not captured. 

 

While the seasonal dynamics of some phytoplankton functional groups (Chlorophyta and 

Diatoms) were not well reproduced, the total phytoplankton concentrations were reproduced 

quite well through the four year period (Figure 4). There was one notable exception: the extreme 

bloom of 2008 (almost exclusively due to Aphanizomenon), was not captured by the model, 

resulting in significant underestimations of total phytoplankton concentrations. This bloom was 

likely the result of the large inflow event from the June 2008 Midwest floods which added large 

amounts of nutrients to the epilimnion (Appendix B.1). This high-flow event is captured in the 

model driver data, but the bloom does not manifest in the model, perhaps as a result of the 

inability of present-day numerical models to capture extreme biological events (Kara et al. 

2012). 
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Figure F.6: Comparison of modeled (black line) and observed (red line with dots as 

observations) phytoplankton time series of each simulated functional group for a) 2007, b) 2008, 

c) 2009 and d) 2010. Data is reported as the mean phytoplankton concentration in the epilimnion 

(0-8 m depth). 
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Appendix G: Electronic resources index 

 

Electronic resources that could potentially be useful for future GLM and/or Lake Mendota 

investigators were compiled in a folder titled ‘eresources_cas’. Contact Professor Trina 

McMahon to request a copy of these files (total size approximately 1.2 GB). A general 

description of each subfolder is shown in Table G.1. 

 

Table G.1: Description of contents of electronic resource subfolders. 

Subfolder Name Description 

climate_projections CSV files of climate projections from GENMOM GCM 

with the A2 emission scenario for Lake Mendota, WI 

and projected monthly changes for 2070-2089 vs. 1980-

1999 

field_data Compilation of field data from Lake Mendota for several 

physical, chemical and biological variables (1995-2012); 

collected by LTER, UW-SSEC-AOS and UW-MO 

glm_aed_v1.4 GLM (v1.4) executable files 

literature Literature that may be relevant to numerical simulation 

studies and/or Lake Mendota 

manuals Manuals or user guides that may be useful for working 

with GLM-AED, R, or NLDAS 

mendota_sim_files GLM_AED (v1.4) simulation input and output files for 

Lake Mendota (2007-2010; four simulations of open 

water season) 

parameter_database Parameters from Kara et al. (2012) converted from 

DYRESM-CAEDYM to GLM-AED (v1.4) units for 

water chemistry, phytoplankton and zooplankton 

parameters; links to a few online resources as well 

programs Collection of R code programs that were developed to 

accomplish sensitivity analysis, calibration, and scenario 

execution; project-specific 

raw_data Collection of raw data files containing observed Lake 

Mendota water quality measurements by LTER, UW-

MO, Emily Read and Lucas Beversdorf 

sim_data_dump Data for all GLM-AED simulated state variables for 

2007-2010, extracted to individual CSV files 

visual_comparison_scripts R scripts for comparing simulated and observed state 

variables through time; project-specific 

rGLMFABM R project files for rGLMFABM package 

rGLMFABM.zip rGLMFABM package containing set of functions (built 

of off an old glmtools version) that may be useful in 

working with GLM-AED (see next page) 
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Package: rGLMFABM 

Type: Package 

Title: Facilitates calibration and application of GLM-AED (v1.4) 

Version: 1.0 

Date: 2014-09-16 

Author: Craig A. Snortheim 

Maintainer: none 

Description: Facilitates calibration and application of GLM-AED (v1.4) 

License: none 

Built: R 3.1.2; 2015-05-04 19:11:20 UTC; windows 

 

Install instructions: 

 

1. Install packages glmtools, GLMr (https://github.com/USGS-R/glmtools) 

2. Install other packages including ncdf4, rLakeAnalyzer and stringr (available on CRAN) 

3. Install rGLMFABM locally 

 
install.packages(“rGLMFABM.zip”, repos = NULL) 

 “rGLMFABM.zip” should be replaced with the file path to the zip folder 

 

4. Load library 
library(rGLMFABM) 

 

 

Disclaimer:  

 

Although functions in the rGLMFABM package were used in this project, no guarantees are 

made as to the accuracy and functionality of the package. Since the development of some of the 

functions, packages on which rGLMFABM is dependent (such as glmtools) have changed, which 

may disallow as-is use. Additionally, changes to the GLM-AED model configuration since v1.4 

may disallow as-is use. 

  

https://github.com/USGS-R/glmtools
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Appendix H: Future work suggestions 

 

Future studies should investigate the response of other lake systems to changes in exogenous 

drivers, including lakes of differing morphometry, trophic state, climatic exposure, water 

transparency, and mixing regime. For example, it would be interesting to investigate whether the 

effect magnitudes and differences between daytime and nighttime effects that were found for 

Lake Mendota are similar or different for northern Wisconsin NTL-LTER lakes. These lakes are 

generally much smaller (less climatic exposure) and may respond differently to changes in 

meteorological drivers, especially wind speed. Additionally, the high DOC concentrations (high 

Kd) in some of these lakes could reveal very different patterns of changes in thermal structure in 

response to changing meteorological driver conditions. 

 

With the development of modeling tools like glmtools, the time required for set-up and 

calibration of GLM models has been reduced dramatically. However, there is still functionality 

to be added, especially in terms of calibration of chemical and biological state variables. 

Additionally, further development of tools that link models to climate and lake databases, such as 

those used in Read et al. (2014), will increase the practicality of modeling many lake systems. To 

date, this only been done for lake physics (solely GLM), so a similar broad-scale study using 

GLM-AED would be a first. 

 

While at the time of this project, the state of GLM ice algorithms is inadequate for simulation 

through the winter season, some work is underway to modify the GLM ice algorithms (Jordan 

Read and Luke Winslow of USGS-CIDA). Once the ice algorithms perform adequately, GLM 

simulations could be run through the winter season, allowing for long-term simulations. This 

kind of study would allow for changes in the timing of ice-on and ice-off to be incorporated. 

Projections of air temperature changes for Wisconsin show the greatest increases during the 

winter months, which could change the timing of ice dynamics significantly and could have a 

strong effect on seasonal thermal dynamics. For example, the effects of early spring warming of 

lakes may have unexpected consequences. During the spring mixing period, increases in air 

temperature would increase water temperatures at all depths. This could potentially lead to 

earlier onset of stratification. However, higher hypolimnetic water temperatures would serve to 

decrease thermal stability through the open water season and could potentially lead to earlier 

decay of stratification in the autumn. In terms of anoxia, higher hypolimnetic water temperatures 

would increase microbial respiration rates and lead to earlier onset of anoxic conditions, but 

changes in stratification timing and thermal stability would have a strong effect on anoxia as 

well. Changes in anoxia could contribute to changes in sediment nutrient loading, which in turn 

could alter phytoplankton dynamics. Because of nonlinear processes, interactions and feedbacks 

in the physical, chemical and biological processes, a comprehensive study of several climate 

https://github.com/USGS-R/glmtools
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change scenarios using a process-based numerical simulation model such as GLM would be 

required to investigate the effect of changes in meteorological drivers on lake ecosystems. 

 

Work is already underway to couple GLM-AED with the Penn State Integrated Hydrologic 

Modeling system (PIHM) through the NSF INSPIRE project. This provides an opportunity to 

investigate how changes in in land use, nutrient loading, precipitation and streamflow might 

affect lake ecosystems. Future studies could seek to answer these questions using the GLM-

PIHM coupled lake-watershed model. The effects of simultaneous changes in water and nutrient 

mass balance and surface energy forcing could be investigated. Again, to the extent possible, this 

analysis should be conducted for lakes that span a gradient of morphometry, trophic state, 

climatic exposure, water transparency, and mixing regime. With improved GLM ice algorithms 

and a coupled GLM-PIHM model, a long-term study of changes in land use, streamflow and 

precipitation, and surface energy forcing would be a challenging but highly insightful study. 

 

http://www.pihm.psu.edu/pihm_home.html
http://www.pihm.psu.edu/pihm_home.html

