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Abstract  

Large lakes play an important role in the global carbon cycle by serving as conduits 

through which terrestrial carbon is effluxed to the atmosphere.  The lakewide seasonal carbon 

cycle of Lake Michigan is poorly quantified and understood. I use the MIT general circulation 

model coupled to an ecosystem model to elucidate mechanistic drivers of internal carbon 

cycling.  The offshore spring phytoplankton bloom begins following a reduction in deep vertical 

mixing and ends with the depletion of nutrients via thermal stratification.  The exception is the 

western shoreline, where summer winds drive coastal upwelling, providing hypolimnetic 

nutrients and generating significant productivity.  Nearshore surface pCO2 is primarily controlled 

by the net effect from temperature on solubility while offshore pCO2 is modulated by biological 

uptake and mixing of dissolved inorganic carbon (DIC).  Lakewide, carbon is absorbed from the 

atmosphere in spring and effluxed in winter and summer. 

Invasive quagga mussels are added and nutrient concentrations are adjusted to match the 

observed change from the 1980s to the late 2000s.  Sensitivity experiments suggest that quagga 

mussel grazing is sufficient to generate the observed decline in spring primary productivity and 

summer rebound following thermal stratification.  However, the decline in total phosphorus is 

also necessary to capture cumulative observed lake productivity.  Lower nutrients and quagga 

mussel grazing act to dampen the seasonal cycle of pCO2 and CO2 flux.  Reduced spring 

productivity reduces the spring pCO2 drawdown, which is compensated by reduced carbon efflux 

during summer stratification and winter isothermal mixing. 

Global ocean carbon uptake is ultimately driven by the air-sea gradient in pCO2.  I use 

the Community Earth System Model Large Ensemble (CESM-LE) to determine the driving 

mechanisms behind trends in pCO2 on decadal to multi-decadal timeframes. Forced trends that 

are independent of internal variability are calculated using this single model ensemble.  Surface 

pCO2 trends result primarily from carbon uptake from 1985-2015, but projected (2016-2046) 
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pCO2 trends are composed of a significant, spatially varying temperature signal caused by 

surface ocean warming.  This warming signal reduces CO2 gas solubility and is indicative of a 

carbon-climate feedback that contributes to 15% of the total pCO2 increase from 1985-2046. 
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Chapter 1  

Introduction  

Since the start of the Industrial Revolution, anthropogenic activities such as the burning 

of fossil fuels, cement production, and land use change have constituted a significant 

perturbation to the global carbon cycle.  The emission of approximately 555 PgC (1 PgC = 1015 

gC) has increased the global mean atmospheric concentration of CO2 from 278 ppm in 1750 to 

400 ppm by 2015 [Ciais et al., 2013; http://www.esrl.noaa.gov/gmd/ccgg/trends/].  This net 

increase in atmospheric CO2 has been dampened by increased carbon uptake from the ocean and 

land carbon sinks.  However, when including anthropogenic land use change, the land has only 

recently become a net carbon sink, and was likely a net source of carbon up to approximately the 

2000s [Khatiwala et al., 2009].  Therefore, the global ocean is the only net carbon sink over the 

entire Industrial Era, absorbing ~30% of anthropogenic carbon emissions [Ciais et al., 2013].  

This ocean carbon uptake has helped slow the rate of atmospheric CO2 increase and thereby 

reduced surface air temperature warming due to climate change.  The evolution of this sink 

throughout the 21st Century will significantly impact the global warming potential realized, 

indicating that a robust understanding of the underlying mechanisms is critical towards achieving 

accurate model projections.   

 Ocean carbon uptake is driven by the air-sea gradient in the partial pressure of CO2 

(pCO2).  To a first order approximation, an increase in pCO2
atm should yield a similar increase in 

surface ocean pCO2 (pCO2
SW).  However, pCO2

SW is not in equilibrium with pCO2
atm on annual 

timeframes and is spatially heterogeneous due to both physical and biogeochemical mechanisms 

[Takahashi et al., 2009].  Thus, climate change impacts to sea surface temperature (SST), deep 

vertical mixing and upwelling, salinity, and biological productivity can all modulate the trend in 
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pCO2
SW.  These processes represent carbon-climate feedbacks that impact climate change 

projections by either amplifying or dampening surface temperature warming.  Although the CO2 

flux ultimately determines total carbon uptake or efflux, CO2 flux is difficult to observe and is 

also dependent on upper ocean turbulence, which can be parameterized as a function of wind 

speed [Wanninkhof, 1992].  Thus, pCO2 provides a more direct means to assess dominant 

mechanisms and determine first-order impacts (with consideration to time-lagged responses) to 

the ocean carbon cycle.  

 For the ocean to continue absorbing roughly 30% of anthropogenic CO2 emissions, the 

ocean carbon sink must increase to keep pace with increasing CO2 emissions.  Thus, trends in 

ocean ∆pCO2 (pCO2
SW – pCO2

atm) must be negative, in order to signify increasing carbon uptake 

(or conversely decreasing carbon efflux in regions where ∆pCO2 is positive).  Detection of trends 

from observations is challenging though, due to substantial spatial and temporal heterogeneity in 

the available data.  For example, some observational studies suggest a declining ocean carbon 

sink in the North Atlantic [Le Quéré et al., 2010], however these trends are highly sensitive to 

the selected timeframe and converge towards the atmosphere on multi-decadal timeframes 

[McKinley et al., 2011a].  Data in the Southern Ocean are especially sparse, with observational 

studies suggesting both a declining [Takahashi et al., 2012] and increasing [Lenton et al., 2012] 

carbon sink.  Similar to the North Atlantic, these trends are highly sensitive to the method 

utilized [Fay et al., 2013].  Modeling studies support a declining ocean carbon sink over annual 

to multi-decadal timeframes, with significant interannual variability due to large-scale climate 

oscillations [Lovenduski et al., 2007; Le Quéré et al., 2010].       

 Model projections of future ocean carbon uptake generally support a declining ocean 

carbon sink due to carbon-climate feedbacks associated with surface warming [Friedlingstein et 
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al., 2006].  This projected decline is attributed to a variety of mechanisms.  Bernardello et al., 

[2014] find that changes in buoyancy fluxes will increase carbon storage due to less upwelling, 

but decrease carbon uptake due to reduced solubility and vertical mixing, for a net reduction of 

20 Pg C from 186-2100.  Halloran et al., [2014] attribute a mid-century decline in North Atlantic 

carbon uptake to increased carbon loading of subtropical surface waters transported into the 

North Atlantic subpolar gyre.  Tjiputra et al., [2014] also project a significant decline in North 

Atlantic carbon uptake, attributed to hydrological cycle changes with only a slight decrease due 

to reduced solubility.  Roy et al., [2011] similarly project a decline in North Atlantic carbon 

uptake due to increased vertical stratification via increased freshwater fluxes, but find a 

substantial reduction attributable to reduced solubility in the subpolar Southern Ocean and 

equatorial regions.  Thus, while most studies project a decline in the ocean carbon sink with 

climate change, the mechanisms vary considerably.      

 Previous modeling studies tend to use an ensemble of multiple, different models (e.g. 

CMIP5) to increase robustness of the results [Bopp et al., 2013; Frölicher et al., 2014; Tjiputra 

et al., 2014].  This approach ideally reduces structural uncertainty, that is uncertainty due to 

mechanistic differences between the models that results from imperfect knowledge of the natural 

system and inability to simulate at high-resolution spatial and temporal scale.  The mean result 

across all ensemble members is considered most representative of the system, although this mean 

result is unlikely to be realized in the observed system since it will not follow an exact model 

solution, but rather a compilation of a model ensemble.  The multi-model ensemble approach is 

further hampered by the difficulty of assessing model accuracy or skill, due to limited 

observations to compare against and the large variance in skill scores within regions and 

simulated variables [Scherrer, 2011; Anav et al., 2013; Pilcher et al., in revision].  Thus, studies 
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often simply select models that are easily accessible and contain the desired output.  This 

approach can include models with poor skill that bias the mean result.  Although the mean result 

is often verified with an observational dataset, this is again not a direct comparison since the 

observations are a single realization whereas the ensemble average is a compilation of simulated 

results.  

An unresolved issue that further contributes to uncertainty in both observational and 

modeling studies is internal variability.  This is variability that is intrinsic to the climate system 

and is difficult to quantify in the observational record, since the observed record is only one 

realization.  However, internal variability can be quantified by running multiple ensemble 

members of the same model that are initialized with slightly different initial conditions.  The 

forced trend emerges as the mean response across all ensemble members, while the internal 

response is the residual after separating out the forced response [Deser et al., 2012].  Comparing 

the magnitude of the forced and internal response through time determines the timescale on 

which the forced trend becomes statistically significant compared to the internal noise.  

Furthermore, this approach elucidates a forced trend that is independent of structural uncertainty, 

since the ensemble utilizes the same model.  Thus, the single-model ensemble realization is more 

representative of the mean state than the multi-model ensemble realization, which conflates both 

structural uncertainty and internal variability.  The caveat is that the single-model ensemble is 

highly sensitive to the selected model; poor model skill due to imperfect process knowledge and 

representation can bias the results.  

 

Freshwater Carbon Cycling 
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Inland lakes also play an important role in the global carbon cycle, by serving as conduits 

through which terrestrial carbon is effluxed to the atmosphere [Cole et al., 2007] and by burying 

organic carbon in sediments [Dean and Gorham, 1998].  Global CO2 emissions from lakes and 

reservoirs are estimated at 0.32 – 0.53 Pg C yr-1 [Tranvik et al., 2009; Raymond et al., 2013], 

which is comparable to the amount of carbon emitted due to anthropogenic land use change (0.80 

PgC yr-1) [Le Quéré et al., 2014].   However, an individual lake can be a net source or sink of 

carbon depending on the dominant physical and biogeochemical mechanisms.  Respiration of 

allochthonous carbon is the dominant process in lakes with a large drainage basin to surface area 

ratio, while internal recycling of autochthonous carbon is more critical in lakes with smaller 

ratios [Hanson et al., 2004].  Small lakes are typically supersaturated with carbon compared to 

the atmosphere [Raymond et al., 2013], while large lakes are in approximate atmospheric 

equilibrium [McKinley et al., 2011b].  Furthermore, low-latitude, permanently stratified lakes 

that tend towards autotrophy are considered to be net sinks of carbon, while high-latitude lakes 

that are colder and tend towards heterotrophy are considered net sources [Alin and Johnson 

2007].     

The Laurentian Great Lakes sit near this transition zone with lakes that range in 

productivity from eutrophic Lake Erie to oligotrophic Lake Superior.  Carbon flux measurements 

from a tall tower near Lake Superior show that the atmospheric CO2 concentration is 

significantly different when the wind direction is from Lake Superior, as opposed to the 

underlying forest [Vasys et al., 2011].  This suggests that Lake Superior plays a significant role 

in the regional carbon budget that must be quantified for accurate estimates.  However, the lakes 

are currently set to zero [Field et al., 2007] or emitted entirely from regional carbon budgets 

[McDonald et al., 2013] due to qualitative and quantitative uncertainty surrounding their net 
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effect.  Observational data, particularly in situ measurements of carbon chemistry, are limited 

due to the lake’s large size and harsh winter conditions.  Observations of pCO2 and DIC are 

available at limited locations and on short timeframes [e.g. Atilla et al., 2011; Karim et al., 2011; 

Zigah et al., 2011].  Observations of primary productivity and respiration are more numerous, 

but still often lack the spatial or temporal resolution to generate consistent lakewide budgets.  For 

example, observational estimates of primary productivity and respiration in Lake Superior 

yielded a substantial negative carbon imbalance that external carbon inputs could not supply 

[Urban et al., 2005; Sterner, 2010].  Recent modeling work suggests that the carbon respiration 

estimates are biased high due to spatial heterogeneity and that the lakewide carbon budget can be 

closed with realistic carbon efflux rates [Bennington et al., 2012].   

 The Great Lakes are a significant component of the regional economy, supporting an 

estimated 1.5 million jobs and generating $62 billion in wages [Vaccaro and Read, 2011].  Lake 

Michigan is the second largest Great Lake with a volume of 4,920 km3, an average depth of 85 

m, and a residence time of 99 years.  It is the only Great Lake that lies entirely within the United 

States and supports major metropolitan areas such as Chicago and Milwaukee with freshwater, 

tourism, and recreation.  Despite its importance to the surrounding region, Lake Michigan 

remains largely undersampled and understudied with respect to the global oceans.  The 

Environmental Protection Agency (EPA) manages the only long-term monitoring program 

through bi-annual surveys of 11 sampling stations.  These surveys occur in the spring and 

summer, but the exact timing can vary by more than a month and is not dependent on the current 

lake conditions.  Thus, spring sampling can occur prior to, during, or following thermal 

stratification, which can greatly impact physical and biogeochemical data.  Furthermore, 

observations of dissolved inorganic carbon (DIC) and pCO2 are largely non-existent, though 



	
   7	
  

there is a recent effort to produce pCO2 transects via an underway instrument aboard a ferry ship 

[Bootsma et al., in prep].  This lack of carbon chemistry data and significant measurement 

uncertainty in the available pH data confounds efforts to elucidate anticipated long-term trends 

due to increasing atmospheric carbon loading [Phillips et al., in press].      

The ecosystem of Lake Michigan has been in a constant state of transition for at least the 

past few decades.  Excessive riverine inputs of the limiting nutrient phosphorus during the 1970s 

sparked concern of eutrophication, leading to international agreements on phosphorus loading 

limits that has generated a continuing declining trend lake total phosphorus [Barbiero et al., 

2002; Mida et al., 2010].  Non-indigenous species, introduced both accidentally and 

intentionally, have also played a major role in reshaping the Lake Michigan ecosystem.  The 

proliferation of the invasive sea lamprey (Petromyzon marinus) led to a collapse of native lake 

trout (Salvelinus namaycush) populations, which allowed invasive alewife (Alosa 

pseudoharengus) to thrive under low predation pressure before non-native salmonid species were 

intentionally introduced to reduce the alewife population and provide new fishery services 

[Cuhel and Aguilar, 2013].  This sequence of ecological successions aptly illustrates how a 

single invasive species can completely re-engineer an ecosystem via cascading effects.  There is 

growing concern that another ecological transformation is currently underway, caused by 

invasive Dreissena mussels tentatively linked to recent declines in biological productivity 

[Fahnenstiel et al., 2010a]. Emergent forcings in the form of climate change and carbon induced 

lake acidification [Phillips et al., in press] are also likely to play a role moving forward, though 

projected impacts are highly uncertain and ultimately tied to the net effect of current stressors.    

Since many of these forcings co-occur in space and time, it can be difficult to separate the 

observed lake response into different forced components to deduce a direct cause and effect 
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relationship.  Allan et al., [2013] analyzed 34 different ecosystem stressors to generate a 

cumulative stress index mapped spatially to the Great Lakes.  This cumulative stress index is 

calculated as a combination of the individual intensity of each stressor, but does not account for 

potential synergistic effects between multiple stressors.  For example, there is evidence in Lake 

Michigan that quagga mussels are trapping nearshore phosphorus in the benthos, promoting 

excessive nuisance Cladophora blooms [Hecky et al., 2004; Bootsma et al., 2012].  Thus, 

multiple stressors (i.e. phosphorus loading, quagga mussels, Cladophora) are working in-unison 

to generate a net effect that is greater than the sum of the individual components.  It is, therefore, 

important to quantify these impacts to determine appropriate mitigation or adaptation strategies 

to combat undesirable ecosystem impacts. 

 

Ocean Biogeochemical Modeling 

Ocean biogeochemical models are cost-effective tools that can develop mechanistic links, 

resolve regions of spatial heterogeneity, and generate future projections.  These models 

originated as simple atmosphere-ocean box models, used to provide tracer budgets and simulate 

exchange between the atmosphere, surface ocean, and deep ocean [Sarmiento 1983; Sarmiento 

and Toggweiler 1984].  These box models, consisting of first-order source-sink equations, 

merged with early ocean circulation models, enabling three-dimensional modeling of relevant 

biogeochemical tracers forced by atmospheric reanalysis [Maier-Reimer and Hasselmann 1987; 

Bacastow and Maier-Reimer 1990].  These early physical-biogeochemical coupled models 

provided a new research tool to the oceanographic community, and were quickly utilized to 

study the mechanisms governing oceanic uptake of atmospheric CO2 [Sarmiento and Orr 1991; 

Sarmiento and Sundquist 1992] and to make future ocean state projections due to increased 
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atmospheric CO2 and global warming [Maier-Reimer et al., 1996; Sarmiento and Le Quéré 

1996].   

Increasing computational resources allowed for finer spatial resolutions and the inclusion 

of additional processes and tracers.  Biological processes were directly implemented via 

parameterized nutrient-phytoplankton-zooplankton (NPZ) models developed decades earlier by 

phytoplankton ecologists [Franks, 2002].  A host of biogeochemical models have developed over 

the past decade, primarily in conjunction with the global climate models utilized by the IPCC 

and model intercomparison projects (e.g. CMIP5).  Many of these models share common legacy 

and are based on the NPZ or NPZD (nutrient-phytoplankton-zooplankton-detritus) formulation.  

Recent effort to improve this formulation has focused on improving phytoplankton 

representation by increasing the number of phytoplankton groups and variables [Follows et al., 

2007; Follows and Dutkiewicz 2011], or by increasing the complexity of phytoplankton 

parameterizations [Mattern et al., 2014].  Yet, increased complexity does not guarantee increased 

accuracy, particularly when the available observational data and mechanistic explanations are 

insufficient.  Thus, NPZD models of intermediate complexity remain a popular choice for ocean 

biogeochemical modelers, due to their relative simplicity, proven capability of capturing large-

scale biogeographical patterns, and lack of mechanistic links necessary for the inclusion of more 

complex processes.   
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Summary 

In Chapter 2 (published as Pilcher et al., [2015]) I use a coupled physical-

biogeochemical model to assess the mechanisms of internal carbon cycling in Lake Michigan, 

prior to invasive quagga mussels.  The results suggest that winter vertical mixing, spring 

productivity, and summer surface temperatures significantly impact offshore carbon cycling.  

The result is carbon efflux during the winter and summer months, with carbon uptake during the 

spring bloom.  Coastal upwelling also generates substantial zonal gradients in pCO2
SW due to 

enhanced productivity and cooler surface water temperatures.  

This same model is used to test the impacts of invasive quagga mussels in Chapter 3.  I 

find that quagga mussel grazing is sufficient to produce the observed decline in spring primary 

productivity, while negligibly impacting summer productivity.  However, annually integrated 

primary productivity in offshore regions does not significantly change with the inclusion of 

quagga mussels, due to enhanced productivity immediately following thermal stratification.  

Reduced total phosphorus concentrations and quagga mussel grazing are both required to 

produce the annual net decline in primary productivity.  

In Chapter 4, I use a large ensemble simulation of the NCAR Community Earth System 

Model (CESM) to project the dominant mechanisms of historical and near-future global ocean 

carbon uptake.  The dominant mechanism over both timeframes is DIC uptake, consistent with 

ocean pCO2 tracking the atmospheric pCO2.  However, a warming signal emerges from 2016-

2046, particularly in the North Pacific, that signifies a significant reduction in ocean carbon 

uptake due to decreased solubility.  This warming signal constitutes an approximate 15 % 

decline in global ocean carbon uptake from 2016-2046.          

Chapter 5 concludes my dissertation and presents avenues for future research.    
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Chapter 2 

Physical and biogeochemical mechanisms of internal carbon cycling 

in Lake Michigan  

 

This chapter appeared in full as: Pilcher, D.J., G.A. McKinley, H.A. Bootsma, and V. 

Bennington (2015), Physical and biogeochemical mechanisms of internal carbon cycling in Lake 

Michigan, J. Geophys. Res. Oceans, 120, doi:10.1002/2014JC010594.   
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Abstract  

The lakewide seasonal carbon cycle of Lake Michigan is poorly quantified and lacks the 

mechanistic links necessary to determine impacts upon it from eutrophication, invasive species, 

and climate change. A first step towards a full appreciation of Lake Michigan’s carbon cycle is 

to quantify the dominant mechanisms of its internal carbon cycle.  To achieve this, we use the 

MIT general circulation model configured to the bathymetry of Lake Michigan and coupled to an 

ecosystem model to simulate the seasonal cycle of productivity, temperature, circulation, and the 

partial pressure of CO2 in water (pCO2). This biogeochemistry is designed to be appropriate for 

the pre-quagga mussel state of the lake.  The primary mechanism behind the seasonal cycle of 

primary productivity is lake physics.  The offshore spring phytoplankton bloom begins following 

a reduction in deep vertical mixing and ends with the depletion of nutrients via thermal 

stratification.  The exception is the western shoreline, where summer winds drive coastal 

upwelling, providing hypolimnetic nutrients and generating significant productivity.  Surface 

pCO2 is controlled by the net effect from temperature on solubility, and is modulated by 

biological uptake of dissolved inorganic carbon (DIC) and isothermal mixing of DIC-rich water 

in winter.  Temperature tends to have the greatest seasonal impact in nearshore regions, while 

local DIC has the greatest impact in offshore regions.  Lakewide, the model suggests that carbon 

is absorbed from the atmosphere during the spring bloom and released to the atmosphere during 

winter mixing and when summer surface temperatures are at their maximum.  
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2.1 Introduction  

Inland waters play an important role in the global carbon cycle by serving as conduits 

through which terrestrial carbon is respired and emitted to the atmosphere [Cole et al., 2007].  

Global CO2 emissions from lakes and reservoirs are estimated at 0.32 - 0.53 Pg C yr-1 [Tranvik et 

al., 2009; Raymond et al., 2013], approximately half of the amount currently estimated to be due 

to anthropogenic land use change (0.80 Pg C yr-1) [Le Quéré et al., 2013].  However, there is 

substantial variability in the mechanisms that control carbon cycling within lakes.  Small lakes 

have a drainage basin that typically far exceeds lake surface area, which leads to carbon cycling 

being dominated by respiration of allochthonous carbon.  Conversely, internal recycling of 

autochthonous carbon is more important in lakes with a small drainage basin to lake surface area 

ratio [Hanson et al., 2004].  Small lakes are generally supersaturated with carbon compared to 

the atmosphere, with observed partial pressures of CO2 in surface water (pCO2
SW) many times 

greater than atmospheric pCO2  [Cole et al., 1994; Raymond et al., 2013].  In contrast, large lakes 

generally have lower pCO2
SW values that are comparable to atmospheric pCO2 [Alin and 

Johnson, 2007; McKinley et al., 2011].  Furthermore, the dependence on allochthonous carbon 

inputs increases with latitude as lakes tend towards autotrophy at low-latitudes but heterotrophy 

at high-latitudes [Alin and Johnson, 2007].  

The Laurentian Great Lakes cover a surface area of 244,000 km2 and contain 21% of the 

world’s freshwater.  Despite their enormous size and likely importance to the regional carbon 

budget [Vasys et al., 2011], the seasonal carbon cycle within the lakes remains largely unknown.  

CO2 emission estimates are poorly constrained and are often set to zero [Field et al., 2007] or 

omitted entirely from regional carbon budgets [McDonald et al., 2013].  Observational data are 

limited in time and space due to the lakes’ large size and harsh winter conditions.  In situ 
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observations of pCO2
SW are available at a few select locations for short time intervals [e.g. Atilla 

et al., 2011; Karim et al., 2011], while observations of dissolved inorganic carbon (DIC) are few 

[Zigah et al., 2011].  The lack of long-term carbon monitoring programs hampers efforts to 

quantify lake carbon fluxes and evaluate the existence of long-term trends, such as in pH due to 

CO2-induced freshwater acidification [J. Phillips et al., Evaluating the potential for CO2-induced 

acidification of the Laurentian Great Lakes, submitted to Oceanography, 2014].    

Despite the scarcity of observational data, recent efforts have improved knowledge of 

Great Lakes carbon cycling, particularly in Lake Superior.  Cotner et al. [2004] estimated that 

Lake Superior produces 5.3-8.2 Tg C yr-1 from photosynthesis but respires 13-39 Tg C yr-1, 

creating a significant imbalance even after accounting for river inflow and outflow, atmospheric 

deposition, and burial.  Urban et al. [2005] estimated respiration to be 13-83 Tg C yr-1 with a net 

efflux of 3 Tg C yr-1.  Despite a more accurate and larger estimate of primary productivity (9.73 

Tg C yr-1 [Sterner, 2010]), Lake Superior carbon budgets were still unable to account for the 

missing carbon needed to balance inputs and outputs. Recent modeling work by Bennington et 

al. [2012] showed that spatial heterogeneity may account for the large discrepancies in previous 

estimates of respiration, and estimated respiration at 5.5 Tg C yr-1. This allows the carbon budget 

to be closed with a flux of carbon to the atmosphere of only 0.5-0.7 Tg C yr-1. 

The seasonal carbon cycle of neighboring Lake Michigan is relatively unknown.  Similar 

to Lake Superior, Lake Michigan has a relatively small watershed to surface area ratio of 2.04 

(Great Lakes Atlas, http://www.epa.gov/glnpo/atlas/index.html), suggesting that internal rather 

than external processes may have a greater impact on the carbon cycle.  In situ observations of 

pCO2
SW in Lake Michigan are largely unavailable, though there is recent effort to collect these 

observations via an underway system on a ferry making regular crossings from May to October. 
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Observations of pCO2
SW exist for other Great Lakes. In Lake Huron, Karim et al., [2011] found 

pCO2
SW in mid-summer to be similar to the atmosphere, indicating that atmosphere exchange is 

an important control.  pCO2
 SW near to atmospheric pCO2 has also been reported in Lake Superior 

based on observational and modeling studies [Atilla et al., 2011; Bennington et al., 2012].  Lake 

Michigan’s carbon cycle is further complicated by a history of ecosystem shifts due to 

anthropogenic stressors.  Eutrophication due to excessive inputs of the limiting nutrient 

phosphorus [Mida et al., 2010] and invasive species [Cuhel and Aguilar, 2013], including the 

recent arrival of quagga (Dreissena rostriformis bugensis) mussels [Nalepa et al., 2010], have 

kept the ecosystem in a state of flux for the past few decades, and impacts on the carbon cycle of 

these major ecological perturbations have not been studied. 

Spatial heterogeneity of key anthropogenic stressors [Allan et al., 2013] and lake 

productivity [Lesht et al., 2002; Kerfoot et al., 2008] suggests the need for a lakewide, spatially-

resolved perspective in Lake Michigan.  The available data lack the spatial resolution required to 

understand fundamental processes and their connectivity, and temporal resolution is insufficient 

to assess carbon cycle change across timescales from seasonal to multi-annual [J. Phillips et al., 

Evaluating the potential for CO2-induced acidification of the Laurentian Great Lakes, submitted 

to Oceanography, 2014]. Satellite observations have begun to resolve the physical characteristics 

of previously data sparse regions [Plattner et al., 2006], and biogeochemical algorithms continue 

to evolve [Lesht et al., 2013].  There is a large colored dissolved organic matter (CDOM) signal 

in the Great Lakes that makes the OC4 SeaWiFS retrieval unreliable [Mouw et al., 2013], and 

there are limited in-situ optical data for algorithm development and validation.   

Given the lack of observations adequate to resolve temporal variability across large 

spatial scales, a computational model that is validated with the available observations can be a 
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cost-effective approach to elucidating mechanisms of the lake-wide circulation and carbon 

cycling.  Beletsky and Schwab [2008] used the Princeton Ocean Model to simulate ten years of 

Lake Michigan circulation.  They found general cyclonic large-scale circulation that results from 

a cyclonic wind stress during the winter and baroclinicity during the summer.  Bai et al. [2013] 

used a Finite Volume Coastal Ocean Model (FVCOM) to simulate a fifteen-year climatological 

circulation of all the Great Lakes.  They find a cyclonic circulation similar to Beletsky and 

Schwab [2008] during the winter, and an anticyclonic circulation in the southern basin during the 

summer that they attribute to anticyclonic summer surface winds. 

Biogeochemical modeling in Lake Michigan has been confined to short temporal and or 

spatial scales. Ji et al. [2002] and Chen et al. [2004] utilized a 3-D coupled bio-physical model to 

examine the effects of southern basin spring resuspension events on nutrients and phytoplankton.  

Chen et al. [2002] coupled the Princeton Ocean Model to an eight-component food web model to 

simulate the biogeochemistry of a single vertical column in the southern basin over a two-year 

timeframe.  Miller et al. [2010] coupled hydrodynamic model output to a lower food web 

ecosystem model to simulate the impact of invasive spiny water fleas (Bythotrephes longimanus) 

on zooplankton population from 1994-1995.  Pauer et al. [2011] calibrated a high-resolution 

eutrophication model to run a hindcast of Lake Michigan phosphorus loading from 1976-1995 to 

assess targets established by the Great Lakes Water Quality Agreement. These models have 

generally been utilized to address specific questions related to episodic events or a particular 

ecosystem response.  Quantitative assessments of the lakewide system, particularly regarding the 

lakewide internal carbon cycle, are currently missing.  

This paper addresses the following questions: What are the physical and biogeochemical 

mechanisms of internal carbon cycling in Lake Michigan?  What are the seasonal cycles and 
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spatial heterogeneity of these mechanisms? To address these questions, we have developed a 

three-dimensional coupled hydrodynamic-biogeochemical-carbon cycle model for Lake 

Michigan and performed a realistic hindcast simulation for 2007-2010.    

2.2 Methods 

2.2.1 Physical Model 

 The physical model is the 3D eddy-resolving MITgcm [Marshall et al., 1997 a,b] 

modified from Bennington et al. [2010] to the bathymetry of Lake Michigan [National 

Geophysical Data Center, 1996].  Although Lake Michigan and Lake Huron are 

hydrodynamically connected, for computational efficiency, this model is closed at the Straits of 

Mackinac.  The model has a 1-minute (approximately 2km) horizontal resolution and 28 layers 

in the vertical with a thickness of 5m for each layer in the top 50m, beyond which thickness 

gradually increases with depth to a maximum of 31m.  Subgrid-scale processes are simulated via 

the K Profile Parameterization (KPP) vertical mixing scheme [Large et al., 1994] and the 

Smagorinsky horizontal diffusivity scheme [Smagorinsky, 1963].  Further discussion of the 

physical model can be found in Bennington et al., [2010].    

 The model is forced by 3-hourly atmospheric downward shortwave and longwave 

radiation, 10m air temperature and winds, and specific humidity from the North American 

Regional Reanalysis Project (NARR) [Mesinger et al., 2006].  Daily lake ice fractions are 

imposed from the U.S. National Ice Center [2010].  There is an established warm bias in the 

physical model due to both the NARR forcing and the ice mask.  As explained in Bennington et 

al. [2010], NARR sets lake surface temperatures to a spatially heterogeneous climatology that 

begins to stratify rapidly once the lake reaches 3.98°C.  Since there is no interannual variability 

in the lake temperature in NARR, a cooler year in the atmospheric product will be biased warm 
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via interaction with the warmer lake.  This bias is greatest during colder years, and also during 

spring stratification.  Despite this known bias, NARR is selected due to its higher spatial 

resolution than other options.  Another reason for the warm bias in spring in this model is that 

lake ice is imposed from observations, and thus if the water has not cooled to 0°C when the ice 

mask has applied, then the extra heat will be maintained throughout the winter until the ice melts 

and is released in spring. 

2.2.2 Biogeochemical Model  

 We utilize a medium complexity NPZD ecosystem model adapted from Dutkiewicz et al. 

[2005] and Bennington et al. [2012].  This model has been successfully applied to the carbon 

cycle of neighboring Lake Superior [Bennington et al., 2012], giving us confidence in its 

applicability to Lake Michigan.  The model contains two phytoplankton groups (small and 

diatom), one zooplankton group, and an implicit microbial loop.  Diatoms are differentiated from 

small phytoplankton by faster growth rates, lower palatability to zooplankton, silicon nutrient 

requirements, and a sinking rate of 0.5 m/day. Phytoplankton growth is determined as a function 

of temperature, photosynthetically active radiation (PAR), and nutrient concentration.  The 

model uses a general Monod [1949] growth equation and a Michaelis-Menton type 

parameterization.  The growth rate of small phytoplankton is calculated by equation (2-1):  

µμ!!!! = µμ!!!!!"# ∗
𝑃

𝑃 +   𝑘!!
∗

𝐼
𝐼 +   𝑘!!   

∗ 𝑇!"#$   , (2− 1)  

where µmax is the maximum phytoplankton growth rate, P is the concentration of soluble reactive 

phosphorus, kp is the half saturation constant for phosphorus, I is available PAR, and kI is the half 

saturation constant for PAR.  Diatom growth rates are calculated with the additional constraint of 

silicon as: 
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µμ!!!! = µμ!!!!!"# ∗𝑚𝑖𝑛
𝑃

𝑃 +   𝑘!!
,

𝑆𝑖
𝑆𝑖 +   𝑘!"

∗
𝐼

𝐼 +   𝑘!!   
∗ 𝑇!"#$   , (2− 2) 

where Sil is the concentration of silicon and kSil is the half saturation constant for silicon.  

Equation 2 follows the Liebig’s law of the minimum method to model the impact of multiple 

limiting nutrients as opposed to the multiplicative method.  The temperature function (Tfunc) is 

from Moore et al. [2002]:   

𝑇!"#$ = exp 𝑇!"#$ ∗
1
𝑇 −

1
𝑇!"#$

     ,      (2− 3) 

where T is the temperature in Kelvin and Tbase and Tnorm are set constants.  The overall time rate 

of change of phytoplankton is:  

𝑑𝑃ℎ𝑦!
𝑑𝑡 = 𝑝ℎ𝑦! ∗ µμ!!!! − 𝑔𝑟𝑎𝑧!!!! ∗ 𝑧𝑜𝑜 ∗ 𝑇!"#$ −𝑚𝑜𝑟𝑡 ∗ 𝑝ℎ𝑦! , (2− 4) 

where phy is the phytoplankton population, µphy is the growth rate from equation (2-1 and 2-2), 

grazphy is the calculated grazing from zooplankton based on palatability, zoo is the population of 

zooplankton, and mort is the phytoplankton mortality rate.  Chlorophyll is calculated by the 

following equation:  

𝐶ℎ𝑙 = 𝐶ℎ𝑙:𝐶!"# − 𝐶ℎ𝑙:𝐶!"# − 𝐶ℎ𝑙:𝐶!"# ∗𝑚𝑖𝑛
𝑃𝐴𝑅
𝑖𝑠𝑡𝑎𝑟 , 1 ∗ 𝑝ℎ𝑦! + 𝑝ℎ𝑦! , (2− 5) 

which is a function of phytoplankton biomass and allows for photo-adaptation to light conditions 

[Dutkiewicz et al., 2005].  A complete listing of the relevant constants can be found in Table 1.   

   Carbon and phosphorus are traced based on a constant C:P of 200, which is within the 

range of 150-250 observed in phytoplankton in Lake Michigan [Klump et al., 2009; Bootsma et 

al., 2012].  A constant C:P value is a necessary simplification that is commonly used in ocean 

biogeochemistry modeling studies [Moore et al., 2002; Dutkiewicz et al., 2005] due to the lack of 

a mechanistic understanding for the observed variance.  Dissolved inorganic carbon (DIC) and 
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soluble reactive phosphorus (SRP) are assimilated by phytoplankton and transformed into 

organic matter.  Organic carbon and phosphorus are partitioned between dissolved and 

particulate forms and transferred to the detrital pool through either phytoplankton mortality or 

grazing by zooplankton and then zooplankton mortality.  The implicit microbial loop returns the 

respective pools of dissolved and particulate organic matter (DOM, POM) to DIC and SRP based 

on the remineralization rates (Table 1).  Particulate matter sinks at a rate of 5 m/day and is 

remineralized when it reaches the lake bottom.  River inputs of allochthonous nutrients and 

carbon are not included in this first version of the model as the focus is on internal carbon 

cycling. Since river inputs and sedimentation losses are not included, the model nutrient cycle is 

entirely internally driven.  Further details of the ecosystem model can be found in Bennington et 

al. [2012].  

 Carbon is exchanged with the atmosphere based on the difference between the pCO2 in 

the atmosphere and lake, and the wind speed.  Due to the short timeframe examined (2007-2010) 

and for simplicity, atmospheric pCO2 is maintained at a constant value of 385 µatm.  Lake 

pCO2
SW is calculated from the temperature, alkalinity, and DIC according to Lewis and Wallace 

[1998].  A quadratic relationship between the vertical exchange coefficient and wind speed is 

utilized [Wanninkhof, 1992].  There is no allochthonous carbon for the lake to respire, and thus 

the modeled lake is in long-term equilibrium with the atmosphere.  

To gain further insight into the processes that determine pCO2,SW we separate the pCO2
SW 

signal into a temperature (pCO2-T) and non-temperature (pCO2-nonT) component following the 

approach of Takahashi et al. [2002].  The pCO2-T component is based on changes in solubility 

of CO2 in freshwater due to temperature, while the pCO2-nonT component is based on DIC, pH, 

and alkalinity.  To calculate pCO2-T we follow Atilla et al. [2011] by estimating ∂lnpCO2/∂T 
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across a range of temperature (0-30 °C), DIC (2150-2230 µmol L-1), and alkalinity (2180-2185 

µeq L-1) indicative of the lake.  The optimal linear fit is 0.037 °C-1, which allows us to calculate 

the two components by the following equations: 

𝑝𝐶𝑂! − 𝑇 =   𝑝𝐶𝑂!  × exp[ 0.037(𝑇 −   𝑇)],        (2− 6) 

𝑝𝐶𝑂! − 𝑛𝑜𝑛𝑇 =   𝑝𝐶𝑂!  × exp 0.037 𝑇 − 𝑇 ,      (2− 7) 

where the overbars denote long-term means.   

2.2.3 Initial Conditions  

 Model initial conditions are spatially uniform (Table 2).  Initial total phosphorus is equal 

to 6.8 µg/L, which is within the range of observed total phosphorus concentrations in Lake 

Michigan during the 1980s [Mida et al., 2010; Pauer et al., 2011].  Initial total silicon is equal to 

0.7 mg/L, also observed for Lake Michigan in the 1980s [Mida et al., 2010].  The model is spun 

up with two years of 2007 forcing to achieve a repeating annual cycle in the physical and 

biogeochemical fields.   

2.2.4 Observational Data    

 In-situ observations of lake surface temperature are provided by instrumentation aboard 

the Lake Express, a ferry that completes daily crossings between Milwaukee, WI and Muskegon, 

MI.  Data for June-September of 2008 and May-October of 2009 offers spatial resolution of 

<300m during this timeframe.  The 2008 and 2009 datasets contain a total of 60,816 and 93,094 

measurements, respectively.  Days without data are interpolated using linear least squares.  

Interpolation is required for 30% of the time period and a maximum of 14 consecutive days for 

2008, and 13% of the time period and a maximum of 5 consecutive days in 2009.  In future 

studies, we will also be able to compare to data from an underway pCO2 instrument and a 

fluorometer on these transects.    
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 Two NOAA buoys located in the offshore region of the southern and northern basin 

provide daily lake surface temperature data for the ice-free months (typically May-November), 

with data available from the National Data Buoy Center (http://www.ndbc.noaa.gov).  Acoustic 

Doppler current profilers (ADCP) data from the Episodic Events Great Lakes Experiment 

(EEGLE; http://www.glerl.noaa.gov/eegle/) are used for comparison with model current speed 

and direction. These data were collected from 1998-2000 at 4-7 locations each year, primarily 

during the winter.  Since the model timeframe and EEGLE experiment timeframe are not the 

same, we compute a single winter (DJFM) average current speed and direction for each station.  

 Daily areal integrated primary production from the Great Lakes Production Model [Lang 

and Fahnenstiel 1996], which incorporates observed phytoplankton photosynthetic rates from a 

14C method, are also used [Fahnenstiel et al. 2010].  These estimates are for two offshore time 

stations near Muskegon, MI (Fig. 1) for three separate time periods: pre-Dreissena (1983-84, 

1986-87), post-zebra (1995-98), and post-quagga (2007-08). Fahnenstiel et al. [2010] found no 

significant difference in primary productivity between the pre-Dreissena and post-zebra time 

periods, and thus we use both to increase the size of the dataset. Due to the short incubation time 

(1-2 h) in their 14C incubations, Fahnenstiel et al. [2010] production is assumed to be as gross 

primary production (GPP).  To convert model net primary production (NPP) to GPP, model NPP 

is multiplied by a factor of 1.4 based on the 40% average difference in primary productivity 

between 1-2 h and 24 h incubations [Fahnenstiel and Scavia 1987].  This factor was reported to 

vary between 1.18 and 1.86 [Fahnenstiel and Scavia 1987], and so these are used to create upper 

and lower bounds for modeled GPP.    

2.2.5 Model Timeframe    
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Our goal is to understand the lake ecosystem, biogeochemistry, and internal carbon 

cycling in a pre-Dreissena state.  This requires biological observations from before the early 

2000s, which is roughly the time when quagga mussels arrived to Lake Michigan [Nalepa et al., 

2010].  However, the Lake Express ferry dataset of the late 2000s offers unprecedented spatial 

and temporal resolution for lake surface temperatures in comparison to other datasets.  Since this 

ferry dataset began well after the establishment of zebra and quagga mussels, it is not possible to 

compare model results to both these data and to temporally coincident biogeochemical 

observations.  While it is possible that Dreissena mussels have impacted surface temperatures 

due to a change in water clarity, this effect is likely small.  Thus, we make temperature 

comparisons between the pre-Dreissena model and the post-Dreissena temperature dataset from 

Lake Express, noting that the atmospheric forcing is coincident with the observations.  

To summarize, the model is forced by atmospheric data from 2007-2010.  Physical 

variables are compared to observed data from Lake Express during these same years.  

Biogeochemical variables are compared to observed data from the 1980s and early 1990s, prior 

to the arrival of quagga mussels as appropriate to our interest in understanding the pre-Dreissena 

biogeochemical state.  

2.3 Results  

2.3.1 Physical Model Results 

 The model captures surface water temperature well along the Lake Express ferry transect 

(Fig. 2).  In 2008, model surface temperatures warm steadily throughout the summer, reaching a 

maximum in August near 25°C in the offshore region.  Model temperatures cool somewhat 

throughout September, but are still near 20°C when the dataset ends in late September.  In 2009, 

model temperatures are again at a maximum in August, but are overall somewhat cooler than in 
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2008.  This warm water also persists throughout most of September, before cooling to about 

10°C by late October.  Overall, model June-August surface temperatures are 1.8°C warmer in 

2008 than 2009, while observed June-August surface temperatures are 0.2°C warmer in 2008 

than 2009.  

 Both the model and the observed data display substantial temperature gradients between 

the western and eastern nearshore regions at consistent times throughout the summer.  In July of 

2008, model surface temperatures near the western shore are at least 5°C cooler than the eastern 

shore and are nearly 10°C cooler in a few instances.  This temperature gradient is more 

pronounced in 2009, with western nearshore temperatures consistently 8°C, and at times nearly 

15°C, cooler than eastern nearshore temperatures.  The strongest east-west temperature gradients 

occur in August 2009 and in July 2008.  Gradients of similar magnitude are also apparent in the 

observed data. These gradients are due to prevailing southerly winds that result in frequent 

upwelling along the western shore.  

 The model contains a warm bias, primarily as a result of the NARR forcing product and 

the ice mask, as described in section 2.1.  This warm bias is evident during the early spring 

warm-up in 2008 and 2009, and also the late fall cool-down in 2009.  In May-June 2008, model 

temperatures are about 4°C warmer than the observations.  In 2009, model May and June 

temperatures are 1-2°C warmer than the observations, while model October temperatures are 2-

3°C cooler than the observations.  In general, the model tends to build up heat faster than the 

observations in the late spring/early summer, but retains this heat longer during the early fall.  

Further comparisons using National Data Buoy Center (NDBC) offshore buoys (45007 and 

45002; figures not shown) display a similar warm bias during the late spring and early fall 
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seasons, with a mean model root mean square error (RMSE) of 1.92°C at buoy 45007 and a 

RMSE of 2.03°C at buoy 45002 over the four year timeframe.   

 Summer (JJAS) and winter (DJFM) depth integrated circulation data are shown in Figure 

3.  These seasonal definitions were chosen for consistency with Bai et al. [2013].   Summer 

circulation (Fig. 3a) is defined by an anti-cyclonic gyre in the southern basin with northward 

current speeds on the order of 3-5 cm/s along the southwestern shore.  The northern basin is 

defined by two cyclonic small-scale gyres.  Mean summer current speed ranges from 1.5-4.1 

cm/s with a mean of 2.4 cm/s.  Winter circulation (Fig. 3b) generally displays cyclonic 

circulation in the southern basin, though the large-scale circulation appears to be comprised of 

several small-scale cyclonic gyres.  There is also persistent northward flow along the eastern 

shore that is particularly strong between 43°N-45°N.  Northern lake circulation consists of 

northward currents in the nearshore and small-scale gyres, similar to summer circulation.  Mean 

winter current speed ranges from 1.9-6.1 cm/s with a mean of 3.6 cm/s.  Model winter current 

speed and direction compare well with ADCP observations from EEGLE (Fig. 3c), though the 

model suggests faster current speeds closer to shore. Differences may be due to the different 

years of the observations (1997-2000) and the model (2007-2010). 

Previous model studies indicate long-term mean cyclonic circulation in Lake Michigan 

[Beletsky and Schwab, 2008; Bai et al., 2013] primarily due to a cyclonic wind stress curl during 

the winter and baroclinicity during the summer [Schwab and Beletsky, 2003]. This modeled 

circulation is largely comparable to these previous studies.  The summer southern basin 

anticyclonic gyre found in Bai et al. [2013] is clearly present (Fig. 3a) in addition to intense 

northward currents on the southwestern and southeastern shores during the summer and winter 

respectively. Winter circulation (Fig. 3b) displays a large-scale cyclonic gyre throughout the 
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southern and central basins.  This winter southern basin circulation pattern is consistent with the 

limited ADCP data (Fig 3c). In winter, the model average circulation to 2007-2010 has 

northward flow along the western shore, as opposed to the southward flow as found by Bai et al. 

[2013] and Beletsky and Schwab [2008] for years 1993-2008 and 1998-2007, respectively. This 

difference can be explained by differences in the dominant winter wind stress in the different 

years that have been modeled. In the previous studies, winter winds have been predominantly 

from the north.  In this model, if we select only the winter that has winds predominantly from the 

north (2010, not shown), there is also a southward flow along the western shore. In 2007-2009, 

winds were predominantly from the south and flow was to the north, and these years dominate in 

the 2007-2010 average.   

2.3.2 Biogeochemical Model Results  

2.3.2.1 Seasonal Cycle of Productivity 

 Gross primary production (GPP) is low throughout January and February at roughly 250 

mgC/m2/d before increasing rapidly from March-April to a seasonal maximum of roughly 2000 

mgC/m2/d by early May (Fig. 4a).  Diatoms are primarily responsible for the increase in GPP as 

diatom populations increase nearly fivefold during the modeled spring bloom, with only slight 

increases in small phytoplankton and zooplankton (Fig. 4b).  GPP declines steadily throughout 

May, dropping to around 500 mgC/m2/d by early June.  Along with this drop, there is a 

substantial decline in diatom and small phytoplankton populations and an increase in 

zooplankton populations.  GPP increases to around 700 mgC/m2/d by mid-June and remains at 

this level for most of the summer.  Diatom populations continue to decline during this period, 

while increases in the small phytoplankton population brings the two groups to have the same 

biomass by September.   In early September, GPP begins a gradual decline towards winter 
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productivity levels of about 250 mgC/m2/d, with intermittent increases of 100-200 mgC/m2/d.  

This period is also characterized by an increase in diatoms and a concurrent decline in 

zooplankton.  Model interannual variability is small during the winter months, and is 100-200 

mgC/m2/d during the summer and early spring months.  There is also considerable interannual 

variability on the order of 500 mgC/m2/d during the seasonal maximum of GPP in late April.  

The range associated with the NPP to GPP conversion factor leads to further uncertainty 

compared to the observations and is greatest in April-May.  Given the interannual variability and 

the uncertainty in the NPP to GPP conversion factor, the model captures the GPP estimates from 

Fahnenstiel et al. [2010] observations well.  Model GPP is indistinguishable from the 

observations throughout the entire year, though the model falls at the high end of the observed 

estimate and its uncertainty in March and April and the low end in June and July.  Taking into 

account additional evidence that the NPP:GPP ratio is likely smaller during the spring bloom and 

larger during the nutrient-limited period further improved the model-data comparison 

[Fahnenstiel and Scavia 1987].  

Looking in more detail at the modeled seasonality and its mechanisms at station FA2, it 

can first be noted that periods of winter isothermal mixing lead to uniform depth profiles of 

temperature and nutrients (Fig. 5).  Although nutrients are plentiful during this time, cold 

temperatures and vertical mixing of phytoplankton out of the euphotic layer (i.e. where PAR is 

1% of surface PAR; typically 32-38m in model) inhibit phytoplankton growth.  This “critical 

depth” mechanism [Sverdrup, 1953] is widely used to explain the timing of oceanic 

phytoplankton cycling and has previously been discussed for Lake Michigan [Ji et al., 2002].  

Water temperatures begin to warm by early April, with the development of a weak thermocline 

by May.  The thermocline shuts down isothermal mixing and allows phytoplankton to remain in 
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the nutrient replete euphotic layer and grow. Rapid growth quickly consumes nutrients and 

reduces phosphorus concentrations to <0.05 mmol/m3 by mid-May, leading to a substantial 

decline in GPP. The thermocline is now highly stratified and remineralization provides the only 

source of nutrients to phytoplankton, thereby limiting further phytoplankton growth from June to 

July.  At the same time, remineralization of sinking particulate matter elevates nutrient 

concentrations in the hypolimnion (Fig 5c).  Silicon concentrations in the euphotic layer continue 

to decline throughout summer and reach a seasonal minimum in August (Fig 5d), consistent with 

the decline in diatoms from August to September (Fig. 4) and a concurrent increase in small 

phytoplankton.  This species distribution shift occurs because the remineralization rate for silicon 

is slower than for phosphorus (Table 1). Additionally, diatoms sink out of the mixed layer 

[Dutkiewicz et al., 2005]. Diatoms become Si-limited in late summer, and small phytoplankton 

can then outcompete the diatoms (Fig 4b). At the same time, zooplankton populations have 

grown to be comparable to the combined phytoplankton population, such that zooplankton 

grazing is able to exert top-down control that limits late fall growth in spite of the moderate 

temperatures and plentiful nutrients.  Model sensitivity tests indicate that without this top-down 

control, late fall phytoplankton generate GPP that is clearly inconsistent with the observations 

(Fig 4a).   

By October, the thermocline begins to erode, bringing pulses of nutrients back into the 

euphotic layer (Fig 5c,d).  By December, the thermocline is completely gone with the return of 

isothermal mixing and the rapid replenishment of nutrients into the euphotic layer.  This model 

seasonal cycle of bottom-up control by diatoms in spring, followed by limited nutrient 

concentrations and top-down control by zooplankton during summer stratification agrees very 

well with the seasonal phytoplankton model proposed by Scavia and Fahnenstiel [1987].    
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2.3.2.2 Spatio-temporal variability  

Model DJF chlorophyll concentrations (Fig. 6a) indicate a sharp contrast between 

relatively high (>1.5 µg/L) concentration nearshore regions and substantially lower (<0.5 µg/L) 

offshore regions.  In model nearshore regions, the euphotic layer encompasses the entire vertical 

water column, despite ice coverage reducing PAR based on the fraction of the model grid cell 

covered (i.e. if 40% of the grid cell is ice covered then PAR is reduced by 40%).  Thus, in 

contrast to the open lake, mixing depths are too shallow in the nearshore to inhibit significant 

phytoplankton blooms.  This indirect constraint on lake productivity by bathymetry yields a 

significant inverse correlation between depth and DJF chlorophyll (r = -0.74).    

Offshore concentrations increase significantly in MAM (Fig. 6b) to greater than 1.0 µg/L 

everywhere, and up to 1.75µg/L in the southern basin.  Since nearshore concentrations are 

roughly equivalent to DJF, nearshore/offshore gradients are lower in MAM than DJF, though 

gradients on the order of 1.0 µg/L still persist in the northern basin.  Model chlorophyll 

concentrations are remarkably similar in JJA and SON (Fig. 6c,d).  Nearshore concentrations are 

considerably lower (0.25-1.25 µg/L) than DJF and MAM nearshore concentrations, while 

offshore concentrations remain steady near 0.5 µg/L.  JJA chlorophyll (Fig. 6c) has a wide swath 

of elevated concentrations near the western shore and north central basin.  Western nearshore 

concentrations are approximately 2-3 times greater than offshore concentrations and up to 5 

times greater than eastern nearshore concentrations.  These high concentrations result from wind 

driven coastal upwelling providing a supply of phosphorus from below the mixed layer to the 

nutrient depleted surface layer.  Elevated hypolimnetic nutrient concentrations are due to 

remineralization of sinking detritus (Fig. 5c).  These strong zonal gradients in chlorophyll persist 
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to a somewhat lesser extent in SON, when western nearshore concentrations are still 2-3 times 

greater than offshore and eastern nearshore concentrations.    

 Model pCO2
SW (Fig. 6e-h) displays spatial patterns that are similar to chlorophyll, with 

anomalies of opposite sign.  In DJF (Fig. 6e), model nearshore pCO2
SW

 is substantially lower 

than the atmosphere, while offshore pCO2
SW is substantially greater than the atmosphere.  These 

nearshore/offshore gradients are on the order of 250 µatm and are most pronounced in the 

northern and southern basins.  Nearshore pCO2
SW is relatively unchanged in MAM (Fig. 6f), 

however offshore pCO2
SW has greatly declined, with values roughly 5-80 µatm lower than the 

atmosphere.  In JJA (Fig. 6g), western nearshore pCO2
SW is approximately 50 µatm lower than 

the atmosphere, while eastern nearshore pCO2
SW is approximately 100 µatm greater than the 

atmosphere.  The resulting zonal gradient of 150 µatm has a spatial structure and timing similar 

to the zonal gradient found in model chlorophyll (Fig. 6c).  Unlike chlorophyll, the strong zonal 

gradient in pCO2
SW disappears entirely by SON (Fig. 6h), with pCO2

SW greater than atmospheric 

across most of the lake.          

2.3.2.3 Mechanisms of Internal Carbon Cycling 

 From a lakewide-averaged perspective, there are large and opposing impacts of 

temperature and biology in determining pCO2
SW, as has been illustrated throughout the global 

oceans [Bennington et al., 2009; Takahashi et al., 2009; Ullman et al., 2009]. For Lake 

Michigan, this is illustrated by decomposing the pCO2
SW signal into a temperature and non-

temperature component (Fig. 7a).  The temperature and non-temperature cycles are out of phase.  

While pCO2-T is at or near 300 µatm in DJF, pCO2-nonT is greater than 500 µatm.  The net 

effect is pCO2
SW slightly greater than the atmosphere and a net carbon flux from the lake to the 

atmosphere (Fig 7b).  In MAM, pCO2-nonT drops sharply from ≈ 525 µatm in early March to ≈ 
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350 µatm by early May, due primarily to biological productivity that removes DIC from surface 

waters.  A comparatively small increase in pCO2-T during this time yields a net decrease in 

pCO2
SW to below atmospheric levels and an overall flux of carbon into the lake.  By mid-May 

lake temperatures begin to increase rapidly, driving pCO2-T to ≈ 600 µatm by mid-August. Since 

pCO2-nonT remains near 350 µatm, the increase in pCO2-T is much stronger in magnitude, 

driving pCO2
SW to above 450 µatm by mid-August and yielding a net lake efflux of carbon.  By 

early September, pCO2-T is declining back towards wintertime levels, while pCO2-nonT 

increases.  The net effect to pCO2
SW is a decline to levels slightly above the atmosphere by 

November, followed by a positive trend through the end of the year.  This yields a net efflux of 

carbon for the remainder of the year.  

 The spatial structure of the seasonal amplitudes of pCO2-T and pCO2-nonT and their 

ratios illustrates the significant spatial variability in the carbon cycle and its underlying forcings 

(Fig. 8).  The seasonal amplitude of pCO2-T is 300-350 µatm in most of the offshore, though 

lower along the western shore. In the nearshore, the pCO2-T amplitude is 200-400 µatm due to 

larger temperature swings.  In offshore regions, the amplitude of pCO2-nonT (400-450 µatm) is 

substantially greater than pCO2-T, but the pCO2-nonT amplitude is lesser (150-200 µatm) than 

pCO2-T in nearshore regions.  Thus, pCO2-T dominates the seasonality in the nearshore, while 

pCO2-nonT dominates in the offshore.  At an offshore point in the southern basin (Location D), 

the seasonal cycle of pCO2
SW and the two components are similar to the lakewide average (Fig. 

7a), illustrating that the lake-wide scale is dominated by the offshore that is of much larger area. 

In the nearshore, cycles can differ substantially. For example, on the western shore at Location 

E, pCO2
SW is typically much lower than atmospheric pCO2; pCO2-T and pCO2-nonT are also low 

and there is decreased seasonality.  On the opposite side of the lake (Location F), the seasonal 
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cycle that is similar to the lakewide average and Location D, but with lower amplitude 

seasonality.   

2.4 Discussion and Conclusions 

Prior to quagga mussel establishment, a spring diatom bloom was frequently observed in 

Lake Michigan [Scavia and Fahnenstiel 1987; Reavie et al., 2014] and occurs in this model due 

to faster diatom growth rates compared to small phytoplankton.  Modeled GPP lies at the high 

end of the range consistent with the observations (Fig. 4a), which may be due to the model warm 

bias that cuts off isothermal mixing a few weeks early, and leads to a similarly early bloom.  At 

the same time, the variability reported by Fahnenstiel and Scavia [1987] in the conversion 

between NPP and GPP yields a substantial range in model equivalent GPP.  Fahnenstiel and 

Scavia [1987] found these ratios to be well correlated with solar insolation.  Considering the 

lower range of the conversion factor in spring and the higher range of conversion factor in 

summer does improve the overall model validation (Fig. 4a).  The model is also missing 

mechanisms such as vertical transport of nutrients by migrating zooplankton [Lehman and 

Scavia, 1982] that could support summertime productivity.  

Lake Michigan winter pCO2
SW is elevated in offshore regions due to vertical mixing of 

DIC, but lower in nearshore regions due to productivity.  Cold temperatures and high 

productivity drawdown pCO2
SW in late winter and spring, while summer temperatures and low 

productivity elevate pCO2
SW in summer and fall.  Summer pCO2

SW is further influenced by a 

significant region of coastal upwelling along the western shoreline that draws down pCO2
SW via 

enhanced productivity and colder water temperatures.  Modeled pCO2
SW values are consistent 

with those found in neighboring Lake Superior [Atilla et al., 2011; Bennington et al., 2012] and 

in other large lakes [Alin and Johnson, 2007].  A critical difference compared to the modeled 
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Lake Superior seasonal pCO2 cycle is a period of significant supersaturation and CO2 efflux from 

July-November as opposed to slight undersaturation and CO2 influx during the same timeframe 

in Lake Superior [Bennington et al., 2012].  This is due to warmer maximum surface 

temperatures in Michigan, given the dominance of pCO2-T during this timeframe.  In this regard, 

summer pCO2
SW appears similar to what is observed in the ocean subtropical gyres [Takahashi et 

al., 2009; Koch et al., 2009], which is consistent with the comparable ranges of annual 

temperature variability and low nutrient conditions.  

 The model suggests a large degree of spatial heterogeneity in Lake Michigan that has not 

been assessed in the scientific literature. This is primarily due to summer wind driven coastal 

upwelling, which brings cooler temperatures, higher productivity, and lower pCO2 to the western 

shore.  The magnitude and extent of this feature is difficult to verify due to limited observational 

data and scant references in current research.  Plattner et al., [2006] diagnosed upwelling based 

on AVHRR SST and buoy data and determined that summer nearshore upwelling occurred for 

59 days on average between 1992-2000.  The timing, location, and duration of modeled western 

nearshore upwelling is consistent with that found by Plattner et al., [2006].  While the physical 

mechanisms of upwelling are relatively straightforward and well understood, it is the interaction 

of upwelled nutrient rich water with the biology that is more complex and critical to 

understanding the effect on productivity.  In Lake Ontario, Haffner et al., [1984] concluded that 

summer upwelling transports nutrient rich hypolimnetic water into the nearshore, but that 

nearshore phytoplankton communities are also advected offshore by this upwelling, and are 

consequently unable to take advantage of the increase in nutrients.  However, Haffner et al., 

[1984] also found evidence to suggest that fast growing diatoms may be able to grow in the 

upwelled water and re-establish communities in the epilimnion.  This mechanism is consistent 
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with a diatom dominated model bloom in the upwelling region in this model.  Although not 

specifically diagnosed as upwelling, Shuchman et al., [2013] show August satellite images of 

chlorophyll concentrations that are substantially greater along the western shore.   

 The model does not contain any nutrient or allochthonous carbon riverine inputs, as the 

focus of this study is on internal nutrient and carbon mechanisms.  While it is estimated that 

terrigenous freshwater carbon and phosphorus inputs may respectively subsidize 10% of 

bacterial heterotrophy and 20% of net primary production [Biddanda and Cotner, 2002] and can 

significantly impact nearshore phytoplankton productivity [Johengen et al., 2008], the impact of 

these inputs on offshore lake productivity is relatively unclear.  Despite substantial reductions in 

phosphorus loading and total phosphorus concentrations leading up to the 1980s, no significant 

declines in chlorophyll concentrations were found in several studies [Fahnenstiel and Scavia 

1987; Johengen et al., 1994].   Evans et al. [2011], however, do infer a decline in primary 

productivity prior to the arrival of Dreissena mussels based on increases in silica concentration.  

Furthermore, the impact of riverine inputs is most likely the greatest in Green Bay, which 

receives up to one-third of the total nutrient loading to Lake Michigan, despite accounting for 

only 1.4% of total volume [Klump et al., 2009].  These substantial nutrient inputs combined with 

shallow depths and short residence times (<1 year) create a hypereutrophic system that is 

dramatically different from the rest of Lake Michigan and is not the target for this modeling 

study. With this modeling study, we do not intend to imply that external inputs are unimportant 

or that Lake Michigan is a closed system, but rather choose to focus on the dominant internal 

processes.  We further note that sensitivity studies where observed long-term changes in the 

nutrient balance (e.g. declining phosphorus loading) are incorporated do lead to substantial 
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reductions in offshore productivity.  These findings will be reported on in a forthcoming 

manuscript. 

Spatial differences in the internal mechanisms of carbon cycling have important 

implications for observational strategies.  The model suggests that certain offshore locations (e.g. 

Fig. 8, Location D) are more representative of the lakewide carbon cycle than nearshore 

locations (e.g. Fig. 8, Location E), even without the influence of river inputs.   Modeled 

nearshore pCO2
SW may be biased low, since pCO2 in river water is often extremely 

supersaturated (~3100 µatm) due to the remineralization of terrestrial carbon [Raymond et al., 

2013].  These results can assist with developing long-term carbon and pH monitoring programs 

to assess CO2 induced lake acidification [J. Phillips et al., Evaluating the potential for CO2-

induced acidification of the Laurentian Great Lakes, submitted to Oceanography, 2014].         

This model does not currently include any impacts associated with Dreissena mussels. In 

future work, quagga mussels will be incorporated into this model in order to assess impacts on 

lakewide productivity.  Current research suggests that quagga mussels have substantially lowered 

spring productivity, while negligibly impacting summer surface productivity due to stratification 

[Fahnenstiel et al., 2010]. Though, there is recent evidence that the collapse of the spring bloom 

has caused a significant decline in summer near-bottom chlorophyll concentrations [Pothoven 

and Fahnenstiel, 2013].  However, coastal upwelling reduces summer stratification and allows 

interaction with the hypolimnion, making it possible that mussels will continue to be able to filter 

this water. Filter feeding should reduce phytoplankton abundance, but nutrient cycling by 

dreissenids may result in elevated dissolved nutrient concentrations in upwelled water. The net 

effect on surface phytoplankton concentration will be a target of this future study.   
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A key step for future model development is increased observational data for model 

validation and mechanistic evaluation. At the same time, future observational campaigns can 

benefit from by using the model to determine sampling locations that are representative of the 

lakewide mean.  
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Table 1: Ecosystem Model Parameters a 

Parameter Description Value Reference 
µphy1max Maximum small phytoplankton growth 

rate  
1.4 d-1 Chen et al., [2002] 

µphy2max Maximum diatom growth rate 1.6 d-1 Chen et al., [2002]  
kI1 Phy1 light half saturation constant 25 W/m2 Similar to Dutkiewicz et al., 

[2005] 
kI2 Phy2 light half saturation constant 15 W/m2 Similar to Dutkiewicz et 

al.,[2005] 
kp1 Phy1 phosphorus half saturation 

constant 
0.05 mmol/m3 Bennington et al., [2012] 

kp2 Phy2 phosphorus half saturation 
constant 

0.10 mmol/m3 Bennington et al., [2012] 

kSi Diatom silicon half saturation constant 5 mmol/m3 Dutkiewicz et al., [2005] 
zoograze Maximum zooplankton grazing rate  1 d-1   Dutkiewicz et al., [2005] 
mort Phy1 mortality rate 1/15 d-1 Bennington et al., [2012] 
mort2 Phy2 mortality rate 1/15 d-1 Bennington et al., [2012] 
mortz Zooplankton mortality rate  1/15 d-1 Bennington et al., [2012] 
zplat Palatability of small phytoplankton to 

zooplankton 
0.9 Dutkiewicz et al., [2005] 

zplat2 Palatability of diatoms to zooplankton 0.7 Dutkiewicz et al., [2005] 
reminp Remineralization rate of DOP/POP 1/30 d-1 Bennington et al., [2012] 
reminc Remineralization rate of DOC/POC 1/30 d-1 Bennington et al., [2012] 
remins Remineralization rate of POS 1/360 d-1 Dutkiewicz et al., [2005] 
donfracmn1 Fraction of small phytoplankton 

mortality to DOP 
0.50 Tuned for GPP 

donfracmn2 Fraction of diatom mortality to DOP 0.30 Tuned for GPP 
Tbase  Temperature function base coefficient -3400 Bennington et al., [2012] 
Tnorm Temperature function normal 

coefficient  
280.15 Bennington et al., [2012] 

istar Critical light for chlorophyll 12.28 W/m2 McDonald et al., [2012] 
Chl:Cmax Maximum ratio of chlorophyll to 

carbon 
0.3173 
mg/mmol 

McDonald et al., [2012] 

Chl:Cmin Minimum ratio of chlorophyll to 
carbon 

0.0959 
mg/mmol 

McDonald et al., [2012] 

Rcp Ratio of C:P 200 Klump et al., [2009]; 
Bootsma et al., [2012] 

Rsip2 Ratio of Si:P 25 Dutkiewicz et al., [2005] 

	
  
a  Phy1 = small phytoplankton; Phy2 = diatoms; DOP = dissolved organic phosphorus; POP = 
particulate organic phosphorus; DOC = dissolved organic carbon; POC = particulate organic 
carbon; POS = particulate organic silicon.   
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Table 2: Model Initial Conditions a 

Variable Initial Condition 
Temperature  4°C  
Phosphorus 0.2 mmol/m3 

Silicon 10.0 mmol/m3 
POS 14.875 mmol/m3 
Alkalinity 2180 meq/m3 

DIC 2180 mmol/m3 

DOC 0.5 mmol/m3 

Oxygen  375 mmol/m3 

POC 0.1 mmol/m3 
Phy1 0.001 mmol P/m3 

Phy2 0.001 mmol P/m3 
Zoo 0.001 mmol P/m3 
 
a DIC = dissolved inorganic carbon 
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Figure Captions 

Figure 2-1: Lake Michigan bathymetry with observational locations.  Isobaths are contoured at 
50m intervals. The two filled circles are the NOAA buoys.  The stars labeled FA1 and FA2 are 
the two Fahnenstiel et al., (2010) stations.  The solid line is the Lake Express ferry transect. 

Figure 2-2: Hovmöller plot of modeled lake surface temperature (left) and interpolated observed 
lake surface temperature from the Lake Express ferry dataset (right). The x-axis is longitude, the 
y-axis is time (month) starting with 2008 on the bottom and 2009 on the top, and the shading 
denotes temperature with contour intervals every 5°C.   

Figure 2-3: Model depth averaged mean lake circulation for summer (Fig. 3a) and winter (Fig. 
3b). For ease of viewing, vectors are plotted at coarser resolution than the model native grid. 
Model winter circulation compared to 1997-2000 winter average ADCP data from EEGLE in the 
boxed region denoted in Fig. 3b.   

Figure 2-4: (a) Model gross primary production (solid line) at FA1 and FA2 locations plotted 
with Fahnenstiel et al. [2010] gross primary production at these same stations, for pre-quagga 
years (1983-84, 1986-87, 1995-98).  Observational uncertainty is the standard deviation.  Dark 
shading represents the range of model interannual variability across 2007-2010, calculated as the 
standard deviation; light shading represents the additional uncertainty due to the conversion 
factor between NPP and GPP (1.18 to 1.84).  (b) Model depth integrated small phytoplankton 
(dashed line), large phytoplankton (thick line), and zooplankton (thin line) concentrations.   

Figure 2-5: Depth-time section for the mean seasonal cycle of (a) GPP, (b) temperature, (c) 
phosphate, and (d) silica shown for station FA2 for year 2008.  

Figure 2-6: (a-d) Spatial plots of 2007-2010 mean model chlorophyll averaged over top 25m for 
three month periods.  Contour shading is at 0.25 µg/L intervals.  (e-h) Spatial plots of 2007-2010 
mean model surface pCO2

SW for three month periods.  Contour shading is at 25 µatm intervals.  
Color shading representing atmospheric pCO2 is denoted on the colorbar.      

Figure 2-7: (a) Seasonal cycle of lakewide averaged pCO2 (thick, solid line), the temperature 
component pCO2-T (dashed line), the non-temperature component pCO2-nonT (thin, solid line), 
and the pCO2 of the atmosphere (dotted line). (b) Lakewide averaged CO2 flux (solid line). A 
positive flux indicates a flux of carbon to the atmosphere.  Seasonal cycle shown is the mean 
over 2007-2010.      

Figure 2-8: Maximum seasonal amplitude of four-year (2007-2010) averaged  (a) pCO2-T,  (b) 
pCO2-nonT, and (c) ratio of pCO2-T : pCO2-nonT.  Seasonal cycle of pCO2-T (black line), 
pCO2-nonT (green line), pCO2

SW (blue line), and atmospheric pCO2 (red line) shown at locations 
D,E,F denoted in the top panel figures.  pCO2 in µatm.      
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Figure 2-1 
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Figure 2-2 
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Figure 2-3 
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Figure 2-4 
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Figure 2-5 
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Figure 2-6 
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Figure 2-7 
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Figure 2-8 
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Chapter 3 

Modeled sensitivity of Lake Michigan biogeochemistry to changing 

nutrient concentrations and quagga mussels 

 

 Invasive quagga mussels are added to MITgcm.Michigan based on observed population 

densities and filtration rates.  Lakewide total nutrient concentrations are also adjusted to match 

the observed change from the 1980s to the late 2000s.  Sensitivity experiments are utilized to 

determine the net effect of each change separately, and in unison.  The results suggest that 

quagga mussel grazing is sufficient to generate the observed decline in spring primary 

productivity.  Moreover, primary productivity rebounds following thermal stratification, to levels 

consistent with summer productivity prior to the establishment of quagga mussels.  Model 

sensitivity experiments show that the observed decline in lake total phosphorus concentrations is 

also necessary to capture cumulative observed lake productivity.  Without the decline in 

nutrients, the model simulates a spring bloom with greater GPP than the pre-quagga state, due to 

the excess of available nutrients following low winter productivity.  Therefore, both quagga 

mussels and lower lakewide total phosphorus are necessary to accurately simulate recent changes 

in the observed seasonal cycle of GPP.  Lower nutrients and quagga mussel grazing act to 

dampen the seasonal cycle of pCO2
SW and CO2 flux.  Reduced spring productivity reduces the 

spring pCO2
SW drawdown, which is compensated by reduced carbon efflux during summer 

stratification and winter isothermal mixing.  Quagga mussels thereby alter the seasonal cycle of 

lakewide internal carbon cycling.        
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3.1 Introduction   

 Lake Michigan has an extensive history of ecological transformations due to 

anthropogenic activities.  Increased river inputs of phosphorus from agricultural runoff and 

detergents promote eutrophication and nearshore harmful algal blooms.  Invasive species, often 

transported incidentally via ships from the Great Lakes canal system, have displaced many native 

species and re-engineered the food web [Cuhel and Aguilar, 2013].  Other stressors such as 

mercury contamination and hypoxia contribute to a total of 34 anthropogenic stressors with 

varying lakewide impacts [Allan et al., 2013].  Emerging stressors due to climate change and 

CO2 induced lake acidification are expected to impact lakewide physical and chemical 

properties, with unknown biological impacts [Phillips et al., in press].       

Excessive riverine inputs of phosphorus into Lake Michigan, due primarily to agricultural 

runoff, led to the first Great Lakes Water Quality Agreement in 1972.  The goal of this 

agreement was to reduce nuisance nearshore algae blooms associated with lake eutrophication by 

establishing strict phosphorus loading limits.  Since phosphorus is the limiting nutrient in Lake 

Michigan, this bottom-up strategy was viewed as the most direct avenue for reducing nearshore 

productivity.  The imposed limits led to an observable decrease in total phosphorus 

concentrations by the mid-1990s [Barbiero et al., 2002], along with a decline in the seasonal 

drawdown of silica, suggested as indirect evidence of a decline in productivity [Evans et al., 

2011].  However, several studies were unable to determine a significant decline in offshore 

chlorophyll concentrations, despite the decrease in phosphorus loading [Fahnenstiel and Scavia 

1987; Johengen et al., 1994].  Thus, the impact of these inputs on offshore phytoplankton is 

relatively unclear.    
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While phosphorus loading and the effect on primary productivity continues to be an area 

of active research [e.g. Mida et al., 2010; Pauer et al., 2011], there has also been considerable 

effort to determine the ecological impacts associated with invasive species. The most recent Lake 

Michigan ecosystem transition occurred following the arrival of invasive Dreissena mussels. 

Zebra mussels (Dreissena polymorpha) first arrived in 1989 and established significant 

nearshore populations by the late 1990s [Nalepa et al., 1998].  A decline in primary productivity 

and increase in water transparency were observed immediately following the arrival of zebra 

mussels [Fahnenstiel et al., 1995; Nicholls and Hopkins 1993], yet similar impacts were never 

fully realized in Lake Michigan.  This may attributable to the spatial extent of the zebra mussel 

expansion, since the mussels were confined to nearshore regions, while most long-term 

ecosystem monitoring programs measured at primarily offshore locations. Furthermore, 

concurrent declines in phosphorus loading were anticipated to produce the same effects as the 

zebra mussels (e.g. decline in primary productivity and increase in water clarity), making 

attribution difficult.  Ultimately, the transient response may have never been fully realized due to 

the short timeframe of zebra mussel establishment prior to elimination by competing quagga 

mussels (Dreissena rostriformis bugensis).     

 Quagga mussels first arrived in the early 2000s and have subsequently expanded 

throughout most of both nearshore and offshore Lake Michigan [Nalepa et al., 2010].  Quagga 

mussels out-compete zebra mussels due to their ability to settle on both hard and soft substrate, 

ability to devote less energy to respiration and more energy to assimilation and growth, and 

capacity to graze at colder water temperatures [Baldwin 2002].  These advantages enabled 

quagga mussels to effectively eliminate zebra mussels from Lake Michigan.  Quagga mussel 

densities are substantially greater than previous maximum zebra mussel densities, and are 
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established at depths that were unattainable by zebra mussels [Nalepa et al., 2010].  Recent 

samplings show that populations at nearshore depths appear to have leveled off, though densities 

at the deepest locations (>90m) continue to increase [Nalepa et al., 2014].    

This shift in mussel population composition and density correlates with a significant drop 

in spring primary productivity [Fahnenstiel et al., 2010] and a disappearance in the late-winter 

[Kerfoot et al., 2010] phytoplankton bloom.  This change has transformed the historically 

mesotrophic southern basin into an oligotrophic system, similar to Lake Superior [Mida et al., 

2010].  There is also evidence that Dreissena mussels have re-engineered nearshore-offshore 

phosphorus dynamics by sequestering phosphorus in the nearshore benthos; a process referred to 

as the “nearshore phosphorus shunt” [Hecky et al., 2004].  This buildup of nearshore benthic 

phosphorus is likely responsible for a substantial increase in nearshore Cladophora blooms as 

well as a contributing factor of the observed decline in offshore total phosphorus concentrations 

[Bootsma et al., 2012].  

 The evidence tying the decline in primary productivity to quagga mussels is based on (1) 

the timing of the decline occurring immediately following establishment of quagga mussels, (2) 

the seasonal nature of the decline (i.e. most significant drop in productivity occurs during 

isothermal mixing when surface waters interact with benthos), and (3) the lack of a sufficient 

alternate explanation.  Points (1) and (3) are supported by the abrupt timing of the decline in 

spring productivity, since it has been argued that other potential causes such as phosphorus 

loading or climate change cannot produce the observed magnitude of change within just a couple 

years [Fahnenstiel et al., 2010].  Point (2) provides a mechanistic explanation for the response as 

well as a useful fingerprint to attribute the decline in productivity to the mussels (i.e. decline in 

spring productivity but no net change in summer productivity).  MITgcm.Michigan provides a 
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useful tool to test this mechanistic explanation and the hypothesis that the quagga mussels are 

primarily responsible for the drop in lake productivity.  

 

3.2 Methods  

3.2.1 The Model  

 The physical circulation model is the same version of the MITgcm used for Pilcher et al., 

[2015].  This eddy-resolving 3D model has an approximate 2km horizontal resolution with 28 

layers in the vertical.  The model is forced by 3-hourly atmospheric downward shortwave and 

longwave radiation, 10m winds and air temperature, and specific humidity from the North 

American Regional Reanalysis Project (NARR) [Mesinger et al., 2006].  Daily lake ice fraction 

is imposed from the U.S. National Ice Center [2010].  There is an established warm bias within 

the NARR forcing product that is greatest during colder years and also during spring 

stratification [Bennington et al., 2010; Pilcher et al., 2015]. The lake ice fraction can also 

generate a warm bias if the ice fraction is applied before the lake has cooled to 0°C, since this 

heat will be trapped over winter and released when the ice melts in early spring.  Both of these 

factors contribute to a model warm bias that is greatest in the early spring, causing early thermal 

stratification.  For a complete description of the physical model, I refer the reader to Pilcher et 

al., [2015].   

 The ecosystem model is the intermediate complexity NPZD model used in Pilcher et al., 

[2015], adapted from Dutkiewicz et al., [2005] and Bennington et al., [2012].  The model 

contains two phytoplankton groups (small and diatom), one zooplankton group, and an implicit 

microbial loop.  Phytoplankton growth rates are based on Michaelis-Menton type 

parameterizations for light and nutrient limitation, along with a temperature dependent growth 
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rate.  Diatoms are distinguished from small phytoplankton by an additional nutrient dependence 

(silica) and a sinking rate of 0.5 m/day.  Chlorophyll is calculated as a function of phytoplankton 

biomass and allows for photo-adaptation to photosynthetically active radiation (PAR).  Carbon 

and phosphorus are traced based on a constant C:P ratio of 200.  The model contains carbon 

chemistry modified for freshwater.  Atmospheric pCO2 is kept at a constant value of 385 µatm, 

which is a mean value for the 2007-2010 model timeframe.  For a complete description of the 

ecosystem model, please refer to Pilcher et al., [2015].    

      

3.2.2 Quagga Mussel Forcing  

 Quagga mussels (Dreissena rostriformis bugensis) are added to the model as a second 

grazer class that are only active in the model vertical layer that is the lake bottom.  With the 

inclusion of quagga mussel grazing, the time rate of change of phytoplankton becomes:  

𝑑𝑃ℎ𝑦!
𝑑𝑡 = 𝑝ℎ𝑦! ∗ µμ!!!! − 𝑔𝑟𝑎𝑧!!!! ∗ 𝑧𝑜𝑜 ∗ 𝑇!"#$ −𝑚𝑜𝑟𝑡 ∗ 𝑝ℎ𝑦! − 𝑔𝑟𝑎𝑧!"#$$# ∗   𝑝ℎ𝑦! ,      (3− 1) 

where the first term represents phytoplankton growth, the second term is grazing of 

phytoplankton by zooplankton, the third term is phytoplankton mortality, and the fourth term is 

grazing of phytoplankton by quagga mussels.  The quagga mussel grazing term is calculated as a 

per second mortality rate by the following equation:  

𝑔𝑟𝑎𝑧!"#$$# = 𝑞𝑢𝑎𝑔𝑔𝑎  𝑑𝑒𝑛𝑠𝑖𝑡𝑦 ∗ 𝑓𝑖𝑙𝑡𝑟𝑎𝑡𝑖𝑜𝑛  𝑟𝑎𝑡𝑒 ∗ 𝑧_𝑡ℎ𝑖𝑐𝑘𝑛𝑒𝑠𝑠,                                                          (3− 2) 

where quagga density is the population density of quagga mussels (# of mussel/m2), filtration 

rate is the mussel filtration rate (L/mussel/day), and z_thickness is the thickness of the model 

vertical layer (m).  We use a constant filtration rate of 225 ml/mussel/hr (5.4 L/mussel/day), 

which is comparable to average rates for larger mussels reported by Diggins [2001] and Baldwin 
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et al., [2002].  Although Diggins [2001] report filtration rates that vary with temperature, for 

simplicity no temperature dependency is incorporated.    

To calculate the density of quagga mussels, I utilize data from Nalepa et al., [2010] and 

Nalepa et al., [2014], both of which provide observed quagga mussel densities at the following 

four depth intervals: < 30m, 31-50m, 51-90m, and > 90m. Nalepa et al., [2010] reports mean 

values from 40 stations located in the southern basin of Lake Michigan taken during the 

summer/fall from 1992-2008.  Nalepa et al., [2014] reports mean values from up to 160 stations 

distributed lake-wide in 1994-95, 2000, 2005, and 2010.  Since the two datasets contain two 

different spatial and temporal resolutions, I combine them into a single product using the 2006-

2008 data from Nalepa et al., [2010] and the 2010 data from Nalepa et al., [2014].  The resulting 

values are shown in Table 3-1.  For consistency with the 2006-2008 values, I only utilize the 

same 40 stations from the 2010 dataset to generate the 2010 values shown in Table 3-1.  The 

difference between using all stations and the 40 southern basin stations is negligible between two 

of the depth intervals, but yields 30% less mussels in the 31-50m range and 225% more mussels 

in the > 90m depth range.  While the difference in the latter is substantial, note that the reported 

uncertainty for that depth interval in 2010 is nearly 50% of the mean value.  Furthermore, the 

difference between replicate samples in the raw data reported by Nalepa et al., [2014] can be 

greater than an order of magnitude, illustrating the considerable uncertainty associated with 

sampling. 

 Using the values from Table 3-1, I create a forcing product by adding a mussel 

population density to each grid cell based on the lake bathymetric depth and the corresponding 

depth interval value (Figure 3-1).  I then linearly interpolate from 2007-2010 to get the daily 

resolution for the model.  Although this is a substantial period of time to interpolate over, the 
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uncertainty associated with this interpolation is likely not as great as the uncertainty associated 

with the mussel density data Mussel populations increase throughout the entire timeframe at all 

depths greater than 51m, consistent with the expansion of mussels offshore following nearshore 

establishment [Nalepa et al., 2010].  Populations between 31-50m reach an upper limit from 

2006-2007, before declining ~33% by 2010.  This population pattern is consistent with an 

introduced species initially overshooting its stable population level due to rapid population 

growth, before declining towards a quasi-equilibrium based on resource constraints.  The 

mussels may have also matured from a relatively smaller size, juvenile population to a larger 

sized adult population.  This hypothesis is supported by the observation that although population 

density declined between 2005-2010, the mean biomass stayed the same [Nalepa et al., 2014].  

Population densities in the less than 30m depth range increase and decrease on a year-by-year 

basis, indicating no clear pattern.  This depth range contains the most significant uncertainty in 

observed estimates [Nalepa et al., 2010] and is likely impacted by substantial spatial 

heterogeneity.   

 

3.2.3 Initial Conditions  

 The model initial conditions are uniform in all three spatial dimensions, and are identical 

to the initial values in Pilcher et al., [2015], with the exception of the initial phosphorus and 

silicon concentrations, which are dependent on the model experiment (Table 3-2).  The model is 

spun up with two consecutive years of 2007 forcing to achieve a repeating seasonal cycle in 

physical and biogeochemical fields, before running the full 2007-2010 timeframe.   

 

3.2.4 Observational Data  
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 I utilize daily areal integrated primary production data from two offshore stations located 

in the southern basin of Lake Michigan.  These data are reported in Fahnenstiel et al., [2010] and 

are derived from observed photosynthetic rates obtained via the 14C incubation method and 

incorporated into the Great Lakes Production Model [Lang and Fahnenstiel 1996]. These data 

are treated as gross primary production (GPP) due to the short (1-2 h) incubation time.  Here I 

utilize only the 2007, 2008 data that was collected following the arrival of invasive quagga 

mussels. A factor of 1.4 is used to convert model net primary production (NPP) to GPP, based on 

the 40% average difference between GPP and NPP reported in Fahnenstiel and Scavia [1987].  

However, since this conversion factor was found to vary between 1.18 and 1.86, I generate upper 

and lower bounds for modeled GPP based on this range.  For a complete description of model 

validation please refer to Pilcher et al. [2015].       

 

3.2.5 Experimental Setup  

 A total of 4 model experimental runs are presented here (Table 3-2), though the 

“Control” experiment is the same model simulation from Chapter 2. The goal of these 

experiments is to fully separate the lakewide biogeochemical impacts due to quagga mussels and 

to lower total phosphorus concentrations.  The former has a direct, top-down grazing impact on 

phytoplankton, while the later represents a bottom-up control on phytoplankton growth.  The two 

effects generate a similar result (i.e. reduction of primary productivity) but through two different 

mechanisms.  Thus, I run separate simulations testing each mechanism individual as well as the 

combined effect, to fully elucidate the seasonal lakewide response.  The “Present Nutrients” 

setup exclusively models the impacts due to changing lakewide nutrient concentrations between 

the 1980s and the late 2000s.  The “Quagga Past Nutrients” setup exclusively models the impact 
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of quagga mussel grazing. The “Quagga Present Nutrients” setup includes both effects and is 

most representative of the current lake system.  Aside from these differences, all model 

simulations are identical.      

 

3.3 Results 

3.3.1 Primary Productivity   

 Figure 3-2 compares model GPP from the Control simulation to Fahnenstiel et al., [2010] 

observed GPP from 2007-2008.  The control simulation clearly falls outside of the observations 

from March-May, with substantially greater GPP.  After accounting for the variability in the NPP 

to GPP conversion factor (see discussion in Chapter 2, Pilcher et al., [2015]), the control 

simulation still falls well above the observations.  For the remainder of the year, model GPP falls 

within the observed range, though is somewhat greater than observed in June and somewhat 

lower in July.  As described in Chapter 2, seasonal phytoplankton composition consists of 

primarily diatoms in winter and spring, but a shift to small phytoplankton in summer due to silica 

limitation. 

 In the present nutrients simulation (Figure 3-3), lower phosphorus concentrations 

substantially reduce the GPP throughout the year. Maximum spring GPP is now roughly half the 

maximum spring GPP in the Control.  Summer GPP is also reduced, though to a lesser extent.   

The shape of the seasonal cycle remains largely the same compared to the control simulation.  

GPP increases steady from March to a maximum in May, before rapidly declining to a relatively 

constant value from May to early November.  GPP now falls closer to the observations in April 

and May, but still falls outside the upper bounds.  GPP falls within the lower bound of June 

observed GPP, but is approximately 50% lower than observed in July.  Model GPP falls within 
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the observations for the remaining months.  Phytoplankton size composition and zooplankton 

remain largely the same as the control simulation, though the spring diatom concentrations are 

substantially lower.  With the increased silica concentration, diatoms are no longer silica limited 

in summer.  Thus, the late summer phytoplankton composition switch from diatoms to small 

phytoplankton does not occur in the present nutrients simulation.  Rather, diatoms are the 

dominant phytoplankton species throughout the year, while small phytoplankton generally 

comprise less than one-third of the total population.    

 The Quagga Past Nutrients simulation (Figure 3-4) illustrates the effect of including 

quagga mussels while using the same nutrient concentrations as the Control simulation.  GPP is 

now substantially lower from January through mid-April, falling within the observations for 

March and April.  However, GPP increases rapidly to a maximum of nearly 3000 mgC/m2/day 

by early May, before declining to ~750 mgC/m2/day by mid-May.  This maximum in early May 

GPP is approximately 1000 mgC/m2/day greater than the maximum in the control simulation and 

roughly 1500 mgC/m2/day greater than the present nutrients simulation.  From mid-May through 

early December, GPP is nearly identical to the control simulation.  Phytoplankton composition 

during these months is also nearly identical to the Control simulation, though small 

phytoplankton do not reach the same population as diatoms during late summer.  However, late 

summer silica limitation still occurs, consistent with a concurrent decrease in diatoms but 

increase in small phytoplankton population from August to October.  Modeled GPP falls within 

the observed range for most months, except May when simulated GPP is approximately twice as 

great as observed GPP.  In this simulation, I find that quaggas reduce productivity during spring, 

but once their grazing pressure is removed, a substantially greater May bloom allows 

productivity to recover to the pre-quagga Control level on an annual integrated basis.    
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 The last simulation combines the effects of quagga mussel grazing and present nutrient 

concentrations (Figure 3-5).  The seasonal cycle of GPP for this Quagga Present Nutrient 

simulation is similar to the Quagga Past Nutrient simulation, except with a much lower 

magnitude.  May maximum GPP is nearly 2000 mgC/m2/day, approximately 1000 mgC/m2/day 

less than the Quagga Past Nutrient maximum GPP, but comparable to the Control simulation 

maximum GPP.  However, the Control and the Quagga Present Nutrient simulation differ from 

January to mid-April, with the latter simulating substantially less GPP.  Simulated GPP falls 

within the observed range for all months except May when simulated GPP is approximately 200 

mgC/m2/day greater than observed, and July when observed is approximately 300 mgC/m2/day 

lower than observed.  Seasonal phytoplankton composition is similar to the Quagga Past 

Nutrients model, though with a significantly smaller peak in May diatom population.  The 

distribution between diatoms and small phytoplankton is also nearly even for most of the 

summer and fall, though there is no late summer diatom decline indicative of silica limitation.   

 A summary of all 4 simulations and the observations, averaged for each month, are 

shown in Figure 3-6.  For all simulations, modeled maximum GPP tends to occur earlier than the 

observations suggest.  Observed GPP reaches a maximum in July, whereas modeled GPP tends 

to peak from mid-April to early-May.  Thus, modeled GPP is biased high in April and May, but 

biased low in July.  The maximum magnitude of modeled GPP also appears more comparable to 

the maximum magnitude of observed GPP, due to monthly averaging and the mid-month timing 

of modeled maximum GPP.  Since this peak occurs from April-May, lower GPP in early April 

and late May balance out the much greater GPP in late April and early May.  January-April GPP 

is much lower and May GPP is much higher in the quagga simulations.  
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 Figures 3-2 through 3-6 suggest that the main impact of the quagga mussels is to reduce 

January-April GPP and to increase May GPP.  The decline in phosphorus from the past to 

present lowers GPP with no seasonal preference.  Figure 3-7a further emphasizes these points by 

plotting each model simulation as a function of cumulative observed GPP.  January and February 

are not included since there are no observations for these months.   “Annual” (i.e. Mar-Dec) 

integrated GPP is more sensitive to the total nutrient concentrations than the presence of quagga 

mussels, with the present nutrient model simulations comparing closer to the observations.  

Cumulative annual GPP for the past nutrient models is approximately 50% greater than the 

observations, while the present nutrient models are 10% greater (Table 3-3).  The presence of 

quagga mussels generates only a slight decline in cumulative annual GPP.  Thus, I conclude that 

cumulative annual GPP is controlled to a greater extent by macronutrient conditions than by the 

presence of quagga mussels.  Figure 3-7b illustrates that this relationship generally also holds for 

the lakewide average.  From June-October, model GPP is predominately affected by the nutrient 

concentrations and not quagga mussels.  One difference between the station comparison and the 

lakewide is that October-December lakewide GPP is substantially lowered by quagga mussels, 

whereas model GPP at the two Fahnenstiel et al., [2010] stations is not changed by quaggas and 

instead is largely controlled by nutrients.   

From March-May, the quagga mussel simulations are more comparable to the observed 

GPP estimates, though still substantially greater (Table 3-3).  GPP from the past nutrients models 

are 300-400% greater than the observations, while the present nutrient simulations are 200-250% 

greater.  Including quagga mussels lowers model GPP by 10-20 gC/m2, compared to a 20-30 

gC/m2 decline between the past and present nutrient models.  The Quagga Present Nutrient 

model compares the closest to the observations, though it is still 200% greater.  Figure 3-7a 
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illustrates how cumulative GPP for the quagga mussel simulations from March to mid-May is 

below the observations, but then quickly overshoots cumulative GPP into mid-May, before 

converging towards observed cumulative GPP.  Conversely, the model simulations without 

quagga mussels never fall below the cumulative observed GPP.  The dependence of model 

primary productivity on nutrients and quagga mussels from March-May also holds for the 

lakewide average (Figure 3-7b).  Although transitioning from past (i.e. Control) to present 

nutrients lowers GPP from January-May, it is clear that the quagga mussels have a much greater 

effect.  The presence of quagga mussels actually negates the effect of nutrients from January 

through mid-April, as evidenced by the nearly identical rates of GPP between the Quagga Past 

Nutrients and Quagga Present Nutrients models.   

 

3.3.2 Chlorophyll and pCO2
SW   

Spatial plots of seasonally averaged chlorophyll and pCO2
SW for the Quagga Present 

Nutrient model are shown in Figure 3-8.  Chlorophyll is markedly low from December-February, 

with offshore maximum concentrations of 0.25 µg/L.  The spring bloom elevates offshore 

chlorophyll to 0.75-1.0 µg/L from March-May, before declining to 0.50 µg/L for the remaining 

year.  An exception is the western shoreline, where summer chlorophyll is markedly greater at 

1.0-1.75 µg/L.  Nearshore chlorophyll never exceeds 0.25 µg/L.  Offshore pCO2
SW is slightly 

supersaturated compared to the atmosphere for DJF, with values that range from 400 µatm to 

425 µatm in the deeper and northern basins.  The increase in offshore chlorophyll in MAM 

drives a concurrent decline in pCO2
SW, to levels near or slightly below the atmosphere.  

Substantial zonal gradients are present in JJA, which are closely connected to concurrent zonal 

gradients in chlorophyll.  pCO2
SW for western Lake Michigan is slightly undersaturated 
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compared to the atmosphere, while pCO2
SW for eastern and southern Lake Michigan is slightly 

supersaturated or approximately equal to atmospheric pCO2.  The zonal gradients disappear by 

SON, when most of the offshore lake returns to pCO2
SW values of 375-400 µatm. Nearshore 

pCO2
SW ranges from a minimum of 475 µatm in winter, to a maximum of 450-500 µatm in 

summer.  

 The addition of quagga mussels and present nutrient concentrations generates substantial 

changes in chlorophyll and pCO2
SW compared to the Control simulation (Figure 3-9).  Winter and 

spring chlorophyll is reduced by 0.50-2.0 µg/L, consistent with the decline in January-May GPP 

(Figure 3-5).  This generates slightly lower offshore pCO2
SW in DJF, but generally greater 

pCO2
SW in MAM.  In summer and fall there is little change in offshore chlorophyll, though 

nearshore chlorophyll is still substantially reduced.  Conversely, offshore pCO2
SW offshore 

pCO2
SW is reduced by ~50 µatm in summer and 50-75 µatm in fall.  Nearshore pCO2

SW is 

generally greater throughout most of the year, with net differences between 25-75 µatm. 

 Changing nutrient concentrations have a greater effect on chlorophyll than on pCO2
SW 

(Figure 3-10).  The Present Nutrient model simulates offshore and nearshore chlorophyll 

between 0.50 and 0.75 µg/L lower in winter and spring than the Control model.  Summer and fall 

chlorophyll is somewhat less affected, though chlorophyll is 0.25-0.50 µg/L lower in western 

nearshore regions.  Offshore pCO2
SW is generally only affected in fall and winter, with values 

approximately 25 µatm and 50 µatm lower respectively, compared to the Control simulation.  A 

slight increase of ~25 µatm occurs in some nearshore regions in spring, with a slight summer 

decrease of ~25 µatm in isolated nearshore regions. 

 The addition of quagga mussels has a substantial effect on seasonal chlorophyll and 

pCO2
SW (Figure 3-11).  Winter and spring nearshore chlorophyll is reduced by up to 2.0 µg/L, 
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while offshore chlorophyll is reduced by 0.50-1.0 µg/L.  Nearshore pCO2
SW is increased by 50-

100 µatm in winter and spring, while offshore pCO2
SW is approximately 50 µatm greater in 

winter.  The net effect on spring pCO2
SW varies between a net increase of ~50 µatm, to a net 

decrease of ~50 µatm.  Summer offshore chlorophyll is approximately the same with the addition 

of quagga mussels, while fall offshore chlorophyll is slightly reduced.  Nearshore chlorophyll is 

substantially reduced in summer and fall, though not to the extent of winter and spring since 

chlorophyll concentrations in the Control simulation were initially much greater in winter and 

spring compared to summer and fall (Supplementary Figure 3-1).  Offshore pCO2
SW is reduced 

by 50-150 µatm in summer, with a slightly lower fall reduction of ~50 µatm. 

 Figure 3-9 illustrates that seasonal pCO2
SW is markedly different in the Quagga Present 

Nutrient model compared to the Control model.  Figure 3-12 illustrates the impact of this change 

on the lakewide averaged seasonal pCO2
SW cycle and the CO2 flux.  The spring pCO2

SW 

drawdown that begins in late February to early March in the Control model is delayed until late 

April to early May in the Quagga Present Nutrient model.  Thus, the period of pCO2
SW 

undersaturation in the Quagga Present Nutrient model is reduced by ~ 2 months compared to the 

Control model.  This reduction shortens the temporal extent and magnitude of net carbon influx 

(i.e. from the atmosphere into the lake).  Conversely, the period of pCO2
SW supersaturation in 

summer and fall is slightly lower in the Quagga Present Nutrient model because of lower DIC 

concentrations.  The corresponding CO2 flux is then less positive for the summer and fall.  This 

lower CO2 efflux in summer and fall balances the lower spring CO2 influx since this cycle is 

dominated by the export of organic matter to the deep lake during the stratified period, and re-

mergence of the inorganic carbon remineralized in the deep lake once stratification breaks down.  
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The net effect is a dampening of the seasonal cycle of pCO2
SW and CO2 flux, consistent with the 

lower GPP for the Quagga Present Nutrients model.      

                       

3.4 Discussion 

  Modeled spring gross primary productivity is substantially reduced by the addition of 

quagga mussels.  This reduction results from isothermal mixing of phytoplankton to the bottom 

layer, where quagga mussels efficiently consume them.  Lake mixing is sufficient to support this 

mechanism, even at offshore locations with depths greater than 90 m.  Late spring thermal 

stratification eliminates this process, enabling summer productivity to rebound to pre-quagga 

levels.  Summer modeled phytoplankton populations remain in the epilimnion during 

stratification, which protects them from grazing pressure from the benthic quagga mussels.  

Summer productivity is limited by depleted nutrient concentrations and late-summer zooplankton 

grazing, similar to the pre-quagga model [Pilcher et al., 2015].  This seasonal dependence of 

quagga mussel grazing is consistent with studies citing quagga mussels as the primary 

mechanism for the observed change [Fahnenstiel et al., 2010a; Fahnenstiel et al., 2010b; Kerfoot 

et al., 2010; Vanderploeg et al., 2010], though recent evidence suggests that quagga mussel 

grazing may also reduce summer near-bottom chlorophyll concentrations [Pothoven and 

Fahnenstiel, 2013].      

 Adding quagga mussels to the pre-quagga (i.e. Control) model produces the observed 

decline in early spring productivity, however the model quickly recovers this reduced 

productivity by producing a late spring bloom following initial stratification that is substantially 

greater.  Thus, annual integrated GPP remains relatively unaffected by the addition of quagga 

mussels.  Including the observed decline in total phosphorus (and increase in total silica) 
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produces annual integrated GPP that closely matches the observed estimates.  The combined 

effects of lower total productivity and higher silica concentrations eliminate the late-summer 

silica limitation of diatoms that is produced in the Control simulation.  Diatoms remain the 

dominant phytoplankton group year-round in the Quagga Present Nutrients simulation, though 

the total population is reduced.  This dynamic is consistent with observations of reduced spring 

diatom populations following quagga mussel establishment [Reavie et al., 2014], though the 

magnitude of the modeled decline is greater.  

 Although Quagga Present Nutrients model annual integrated GPP closely matches the 

observed estimates, the model overestimates May GPP and underestimates July GPP.  

Comparing the shape of the model and observed seasonal cycles of GPP and the month of 

maximum GPP indicates that the model spring bloom occurs earlier than observed.  This is 

connected to the model warm bias, which created a similar issue in the Control simulation 

[Pilcher et al., 2015].  Since the modeled spring bloom is directly correlated with thermal 

stratification and the cessation of isothermal mixing, a warm bias in the atmospheric forcing that 

stratifies the lake too quickly will also produce an earlier spring bloom.  Furthermore, the model 

spring bloom is quite short in duration.  Model GPP rapidly increases from less than 250 

mgC/m2/day to nearly 2000 mgC/m2/day in only a few weeks.  Model GPP increases to this 

maximum before declining back to approximately 500 mgC/m2/day within a single month.  Since 

this bloom is predominately diatom driven, lowering the diatom growth rate parameter in future 

studies may increase the duration and delay the timing of the spring bloom.  However, this would 

also impact summer productivity, which currently compares well with the observations.  The 

NPP to GPP conversion factor adds uncertainty to the comparison, especially considering that a 

lower spring factor but a higher summer factor may be more applicable [Fahnenstiel and Scavia 
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1987; Pilcher et al., 2015].  Thus, it is difficult to state that the observations invalidate the model 

during any month, though the timing of the model spring bloom is likely too early.    

 Modeled primary productivity is sensitive to both changing nutrient concentrations and 

the presence of quagga mussels, but this sensitivity varies seasonally and between nearshore and 

offshore regions.  At an offshore location (Figure 3-7a), GPP from March to late-April is largely 

determined by the presence of quagga mussels.  Model GPP declines with reduced nutrients, 

however the quagga mussels produce a much greater decline that is largely independent of the 

change in nutrients.  With the development of thermal stratification, GPP transitions to greater 

nutrient sensitivity and is not sensitive to quagga mussels from summer through the remaining 

year.  Thus, quagga mussels dominate offshore GPP sensitivity in later winter and early spring, 

but nutrient concentrations dominate for the remaining year.  The lakewide average cycle is 

similar (Figure 3-7b), with quagga mussels impacting January through late-April productivity, 

but a transition to nutrient sensitivity following stratification.  The transition back to quagga 

sensitivity occurs earlier in the lakewide average cycle (October compared to January at the 

offshore station), due to earlier isothermal mixing.  

 Lakewide averaged primary productivity is highly sensitive to quagga mussels during 

isothermal mixing, but nutrient concentrations during thermal stratification.  This is consistent 

with earlier modeling work, showing that phytoplankton are light-limited during isothermal 

mixing, but nutrient limited during stratification [Pilcher et al., 2015].  Quagga mussels have 

now replaced light-limitation, and are substantially more efficient at suppressing phytoplankton 

growth.  Moreover, the model suggests that quagga grazing pressure on winter/spring 

phytoplankton growth may be at saturation for all but the deepest locations.  This statement is 

supported by (1) the low sensitivity of lakewide GPP rates to the change in nutrients, (2) a 
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negligible change in GPP from 2007-2010, despite varying mussel population densities (Table 3-

1; figure not shown), and (3) modeled mussels are capable of clearing the layer of water they 

reside in multiple times per day.  This last point is sensitive to the exact population numbers and 

filtration rates utilized, however the values used here are reasonable compared to other estimates 

e.g. Diggins [2001], Baldwin et al., [2002]).  Vanderploeg et al., [2010] estimate mussel grazing 

rates up to a factor of 5 greater than phytoplankton growth rates.  Future model work can test 

lower mussel population densities and varying filtration rates to develop a better estimate of this 

saturation point.  These results can then be applied within a management framework to provide 

an estimate of what percentage of mussels would need to be removed in order to restore the 

spring bloom.     

Chlorophyll concentrations are substantially reduced when both changed nutrient 

concentrations and quagga mussels are included, consistent with the decline in GPP.  The most 

consistent reduction occurs in nearshore regions, where chlorophyll concentrations are never 

greater than 0.25 µg/L.  Here, quagga mussels are able to graze year-round on phytoplankton, 

since the lake depth is shallow and the entire vertical column lies within the mixed layer.  In 

offshore regions, chlorophyll is reduced to similarly low concentrations in DJF when the lake is 

isothermal and mixing the entire vertical column.  However, offshore chlorophyll is able to 

rebound following thermal stratification.  Observational studies have reported a 50-75% decline 

in late winter and spring chlorophyll a concentrations following quagga mussel establishment at 

both the offshore timeseries station and the southern basin [Fahnenstiel et al., 2010; Kerfoot et 

al., 2010; Vanderploeg et al., 2010].  The modeled chlorophyll decline due to reduced 

phosphorus concentrations and quagga mussels falls close to this range for most of the offshore 

lake (Figure 3-9).  Modeled nearshore regions simulate a greater chlorophyll decline, which may 
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be due to the lack of riverine inputs or highly uncertain nearshore Dreissena populations (Table 

3-1).  Lastly, the region of elevated chlorophyll near the western shore in summer is relatively 

unaffected by the addition of quagga mussels and lower phosphorus concentrations.  This region 

of elevated chlorophyll is produced by summer westerly winds that upwell hypolimnetic 

nutrients into the epilimnion (Pilcher et al., [2015]; Chapter 2).  This offshore region appears to 

be protected from quagga grazing by thermal stratification and upward vertical velocities.   

 Internal carbon cycling is more sensitive to the presence of quagga mussels than the 

change in nutrients (Figures 3-10, 3-11).  In fact, the change in nutrients generates only a slight 

decline in DJF and SON pCO2
SW.  This is caused by reduced concentrations of dissolved 

inorganic carbon (DIC) during isothermal mixing.  This DIC originates from remineralized 

dissolved organic carbon (DOC) that sunk below the mixed layer following earlier 

spring/summer productivity.  Thus, reduced spring productivity leads to reduced DIC upwelling 

in late fall and winter, and a slightly reduced CO2 efflux.  This explains why winter offshore 

pCO2
SW is lower with the addition of quagga mussels, despite the reduction in chlorophyll 

(Figure 3-11).  

Conversely, quagga mussels alter the seasonal carbon cycle by significantly delaying the 

spring bloom.  The period of carbon uptake from March to early May in the control simulation 

transitions to a period of approximately neutral CO2 flux with the inclusion of quagga mussels 

(Fig 3-12).  Spatial plots reveal that the neutral lakewide CO2 flux is composed of a balance 

between pCO2
SW supersaturation in nearshore regions and pCO2

SW undersaturation in offshore 

regions (Figure 3-8).  Net changes in chlorophyll concentrations tend to yield an inverse change 

in pCO2
SW due to DIC fixation by biology.  However this relationship appears to diverge in 

summer for quagga model simulations, when approximately no change in offshore chlorophyll 
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corresponds to a significant decline in offshore pCO2
SW (Figure 3-9 c,g and Figure 3-11 c,g).  

This apparent discrepancy results from the delayed timing of the spring bloom by quagga 

mussels.  Without quagga mussels, the late winter/early spring productivity produces a gradual 

drawdown of pCO2
SW that is countered by continual CO2 influx from March until mid-July.  

Quagga mussels generate a rapid, short-duration bloom that generates a period of CO2 influx of 

approximately only 1 month.  Air-sea gas exchange is not sufficient to overcome this DIC deficit 

prior to reduced gas solubility due to warming surface temperature.  Thus, offshore DIC 

concentrations in the quagga simulations are lower than in the control (figure not shown), 

producing lower pCO2
SW.  This is an additional mechanism by which quagga mussels can alter 

lakewide carbon cycling.  However, these model results are difficult to confirm due to the lack of 

carbon chemistry observations.  Recent observations from an underway pCO2 instrument aboard 

a ferry ship should provide critical data for further comparison [Bootsma et al., in prep].   

 The model results suggest that both quagga mussels and changing nutrient concentrations 

are necessary to reproduce the observed decline in GPP.  A recent food-web model study in 

Saginaw Bay, Lake Huron found a similar sensitivity to both phosphorus inputs and Dreissena 

grazing, with the most significant Dreissena impacts occurring at much lower phosphorus 

concentrations [Yu-Chun et al., 2014].  The authors suggest that because of Dreissena mussels, 

target nutrient limits may need to be reconsidered and potentially relaxed in order to avoid 

deleterious impacts to upper-trophic organisms.  However, mechanisms that couple phosphorus 

cycling and quagga mussels may further complicate the response.  For example, quagga mussels 

can sequester riverine inputs of phosphorus in the nearshore [Hecky et al., 2004].   This 

“nearshore phosphorus shunt” promotes the growth of nearshore nuisance Cladophora while 

decreasing offshore phosphorus concentrations [Bootsma et al., 2012].  This coupled interaction 
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between phosphorus loading, quagga mussels, and Cladophora is currently not represented in 

MITgcm.Michigan, but is likely necessary to gain a complete understanding of 

nearshore/offshore dynamics and the effect of phosphorus loading limits.           
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Table 3-1: Quagga Mussel Densities  
Depth Interval 2006a 2007a 2008a 2010b 

≤ 30 m  12500 5000 20000 8679 
31-50 m  13000 13000 12000 8867 
51-90 m  4000 11000 15000 15122 
> 90 m  400 800 2000 4223 
a Values estimated from Figure 2 of Nalepa et al., [2010].  
b Values calculated from Nalepa et al., [2014].  
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Table 3-2: Experimental Setup  
 Model Experiment Name 
Variable Controla Present 

Nutrients 
Quagga Past 
Nutrients 

Quagga Present 
Nutrients 

Quagga 
Mussels 

No No Yes Yes 

Total 
Phosphorus 
(µg/L) 

6.8b 3.0b 6.8b 3.0b 

Total Silicon 
(mg/L) 

0.70b 0.80b 0.70b 0.80b 

a This model version and results are described fully in Pilcher et al., [2015].  
b Nutrient initial conditions from Mida et al., [2010].  
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Table 3-3: Cumulative Gross Primary Productivity  
 Mar-May  Jun-Dec  Annual (Mar-

Dec) 
Observed GPPa (gC/m2) 27.8 101.0 128.8 
    
Control    
GPP (gC/m2) 84.6 111.2 195.8 
% Observed 388.9 % 110.1 % 159.5 % 
    
Present Nutrients     
GPP (gC/m2) 53.4 86.5 139.9 
% Observed 245.6 % 85.7 % 114.0 % 
    
Quagga Past Nutrients    
GPP (gC/m2) 66.3 115.6 181.9 
% Observed 304.5 % 114.4 % 148.1 % 
    
Quagga Present Nutrients    
GPP (gC/m2) 43.4 88.9 132.3 
% Observed 199.3 % 88.0 % 107.8 % 
a Interpolated from Fahnenstiel et al., [2010] 2007-2008 GPP data   
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Figure Captions 
 
Figure 3-1: Annual average mussel population density (from interpolated values in Table 3-1) 
for each year, mapped to depth.  
 
Figure 3-2: (a) Control simulation gross primary production (solid black line) at FA1 and FA2 
locations plotted with Fahnenstiel et al. [2010] gross primary production at these same stations, 
for 2007-2008.  Observational uncertainty is the standard deviation.  Dark shading represents the 
range of model interannual variability across 2007-2008, calculated as the standard deviation; 
light shading represents the additional uncertainty due to the conversion factor between NPP and 
GPP (1.18 to 1.84).  (b) Model depth integrated small phytoplankton (blue line), diatoms (green 
line), and zooplankton (black line) concentrations.   

Figure 3-3: Same as Figure 3-2, except for the Present Nutrient simulation.   
 
Figure 3-4: Same as Figure 3-2, except for the Quagga Past Nutrient simulation.   
 
Figure 3-5: Same as Figure 3-2, except for the Quagga Present Nutrient simulation.  
 
Figure 3-6: Monthly averaged GPP for the observations from Fahnenstiel et al., [2010] (black 
bar), Quagga Present Nutrients (blue bar), Quagga Past Nutrients (cyan bar), Present Nutrients 
(red bar), and Control (grey bar).  Model NPP is converted to GPP using a 1.4 conversion factor.  
All data are averaged over 2007-2008.  Observations are not available for the months of January 
and February.   
 
Figure 3-7: (top) Annual integrated GPP for each simulation as a function of the interpolated 
observed annual integrated GPP. (bottom)  Lakewide annual integrated GPP for each simulation 
 
Figure 3-8: Quagga Present Nutrient spatial plots of 2007-2010 mean model chlorophyll 
averaged over top 25m for three month periods (a-d).  Contour shading is at 0.25 µg/L intervals.  
(e-h) Spatial plots of 2007-2010 mean model surface pCO2

SW for three month periods.  Contour 
shading is at 25 µatm intervals.  Color shading representing atmospheric pCO2 is denoted on the 
colorbar.      
 
Figure 3-9: Difference between the Quagga Present Nutrient simulation and the Control 
simulation in 25m averaged Chl (a-d) and pCO2

SW (e-h).  Chlorophyll contour shading at 0.50 
µg/L intervals.  pCO2

SW shading at 50 µatm intervals.  Negative values denote regions where the 
Quagga Present Nutrient simulation is less than the Control simulation.     
 
Figure 3-10: Same as Figure 3-9, except for the difference between the Present Nutrient 
Simulation and the Control simulation.   
 
Figure 3-11: Same as Figure 3-9, except for the difference between the Quagga Past Nutrient 
Simulation and the Control simulation.   
 
Figure 3-12: (a) Seasonal cycle of lakewide averaged pCO2 for the Control (black line) and 
Quagga Present Nutrient (blue line) simulations.  Also shown is the pCO2 of the atmosphere 
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(black dotted line). (b) Lakewide averaged CO2 flux for the Control (black line) and the Quagga 
Present Nutrient (blue line) simulations.  A positive flux indicates a flux of carbon to the 
atmosphere.  Seasonal cycles shown are the mean over 2007-2010.      
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Figure 3-1 
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Figure 3-2 
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Figure 3-3 
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Figure 3-4 
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Figure 3-5 
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Figure 3-6 
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Figure 3-7 
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Figure 3-8 
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Figure 3-9 
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Figure 3-10 
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Figure 3-11 
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Figure 3-12 
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Supplementary Figure Captions  
 
Supplementary Figure 3-1: Control simulation spatial plots of 2007-2010 mean model 
chlorophyll averaged over top 25m for three month periods (a-d).  Contour shading is at 0.25 
µg/L intervals.  (e-h) Spatial plots of 2007-2010 mean model surface pCO2

SW for three month 
periods.  Contour shading is at 25 µatm intervals.  Color shading representing atmospheric pCO2 
is denoted on the colorbar.      
 
Supplementary Figure 3-2: Same as Supplementary Figure 3-1, except for the Present 
Nutrients simulation.  
 
Supplementary Figure 3-3: Same as Supplementary Figure 3-1, except for the Quagga Past 
Nutrients simulation.  
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Supplementary Figure 3-1 
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Supplementary Figure 3-2 
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Supplementary Figure 3-3 
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Chapter 4 

Mechanisms of the forced trend in surface ocean pCO2 

 

 

Ocean carbon uptake is ultimately driven by the air-sea gradient in the partial pressure of CO2 

(pCO2).  Physical and biological processes modify surface ocean pCO2 and generate regions of 

carbon uptake and efflux, with substantial interannual variability.  I use the Community Earth 

System Model Large Ensemble (CESM-LE) to determine the driving mechanisms behind surface 

ocean pCO2 on decadal to multi-decadal timeframes. Forced trends that are independent of 

internal variability are calculated using this ensemble of a single Earth System Model.  Surface 

pCO2 trends result primarily from carbon uptake during the historical period (1985-2015), but 

projected (2016-2046) pCO2 trends are composed of a significant, spatially varying temperature 

signal caused by surface ocean warming.  This warming signal reduces CO2 gas solubility and is 

indicative of a carbon-climate feedback that contributes to 15% of the total pCO2 increase from 

1985-2046.   
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4.1 Introduction 

 Recent observational studies have used in situ data to infer changes in the ocean carbon 

sink.  These studies have focused primarily on the Southern Ocean and North Atlantic Ocean, 

which are historically the regions of greatest anthropogenic carbon uptake [Khatiwala et al., 

2009]. However, there is substantial uncertainty regarding the spatial and temporal structure of 

the long-term response to rising atmospheric CO2 and patterns associated with changes in 

physical climate, making detection of trends a challenge.  For instance, some studies indicate a 

declining CO2 sink in the Southern Ocean [Takahashi et al., 2012] and the North Atlantic Ocean 

[Le Quéré et al., 2010] during the past 30 years.  Other studies conclude that the trends are 

indistinguishable from the atmosphere and are highly sensitive to the selected timeframe [Fay 

and McKinley 2013].  Modeling studies support a reduction in global ocean carbon uptake over 

the historical period [Le Quéré et al., 2009; Sarmiento et al., 2010] and project a declining rate 

of carbon uptake in the Southern Ocean [Lovenduski and Ito 2009]. 

 Natural variability can significantly impact the physical and biogeochemical state of the 

surface ocean, thereby influencing pCO2
SW and impacting trends on interannual to decadal 

timescales.  This natural variability is largely linked to large-scale climate oscillations, which can 

be assessed using hindcast model simulations [McKinley et al., 2004].  Modeling studies in the 

North Atlantic Ocean suggest that the North Atlantic Oscillation has played a significant role in 

influencing pCO2
SW trends over the recent historical period [Ullman et al., 2009; Tjiputra et al., 

2012].  In the Southern Ocean, increased wind speeds associated with a positive phase in the 

Southern Annular Mode have been linked to an increase in CO2 outgassing [Lovenduski et al., 

2007; Lovenduski et al., 2008].  
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 Modeling studies project a net decline in future ocean carbon uptake due to carbon-

climate feedbacks associated with surface temperature warming and resulting changes in 

solubility, circulation, vertical mixing, and buoyancy [Friedlingstein et al., 2006; Roy et al., 

2011; Bernardello et al., 2014 Halloran et al., 2014; Tjiputra et al., 2014].  These projections 

often utilize ensembles of multiple models to reduce uncertainty in projections and compare 

differences between models.  However, each model represents only a single realization.  This 

method can, therefore, conflate model structural differences and the influence of internal 

variability.  The former represents mechanistic or parameterized differences that result from 

imperfect knowledge or modeling capability of the natural system, while the later represents the 

natural variability inherent in the climate system.  This variability can confound projections, 

since the observed natural system will represent only a single realization.   

Across climate science, a recent effort has been made to utilize ensembles consisting of 

multiple iterations of the same model in order to quantify and reduce uncertainty associated 

entirely with internal variability [Deser et al., 2012].  This information can be used to calculate 

signal-to-noise ratios and time of emergence for a particular historical or projected trend.  For 

example, Lombardozzi et al., [2014] recently used a six-member ensemble of the Community 

Climate System Model version 4 (CCSM4) to quantify the timeframe required to observe a 

forced trend in land carbon uptake.  By using an ensemble consisting of the same model, these 

results are specific to internal variability and are not influenced by structural model differences.  

In this chapter, I use a large ensemble of a single Earth System Model to determine the 

mechanisms of forced trends in pCO2
SW over a recent historical period (1985-2015) and near-

future projected period (2016-2046).   
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4.2 Methods  

4.2.1 The CESM-LE 

 The Community Earth System Model (CESM) is an Earth System Model developed at 

the National Center for Atmospheric Research (NCAR) as an extension of the previous 

Community Climate System Model version 4 (CCSM4).  The CESM-LE simulations used 

version 1 of the CESM with the Community Atmosphere Model version 5 [(CAM5); Hurrell et 

al., 2013].  This model version is similar to the version submitted as part of the Coupled Model 

Intercomparison Project version 5 (CMIP5) archive, except for the update from CAM4 to 

CAM5.  The CESM is a fully coupled global climate model that features land, atmosphere, 

ocean, and sea ice components, in addition to a global carbon cycle and ocean biogeochemistry 

[Moore et al., 2013; Long et al., 2013; Lindsay et al., 2014].  The land model component is the 

Community Land Model, version 4 [CLM4; Lawrence et al., 2011] and the ocean model is based 

on the Parallel Ocean Program, version 2 [(POP2); Smith et al., 2010].  For a complete 

description of the CESM ocean biogeochemical component, see Moore et al., [2013] 

 The Large Ensemble simulation of the CESM (CESM-LE) was developed to assess the 

role of internal variability within the climate system, based on previous findings from the 40-

member ensemble of the CCSM3 [Deser et al., 2012].  The CESM-LE is started with a multi-

century 1850 control simulation with the ocean model initialized from observations and the 

atmosphere, land, and sea ice models initialized from previous CESM1 (CAM5) simulations 

[Kay et al., 2014].  After this, the first ensemble member is started using initial conditions from a 

randomly selected day from the 1850 control run.  This first ensemble is simulated from 1850 to 

2100.  The subsequent ensemble members (2-30) are then started on January 1, 1920 using 

slightly different initial atmospheric conditions generated by round-off difference (on the order 
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of 10-14).  Ocean biogeochemistry output is only available for 24 ensemble simulations, due to 

data corruption in the ocean biogeochemical module for ensemble members 3-8.   Each ensemble 

member uses identical historical forcing for the 1920-2005 period [Lamarque et al., 2010] and 

Representative Concentration Pathway 8.5 (RCP8.5) forcing for 2006-2100 [Meinshausen et al., 

2011].  For a comprehensive description of the CESM-LE setup, see Kay et al., [2014].         

 

4.2.2 Model Analysis  

The two analysis timeframes are 1985-2015 and 2016-2046.  These are chosen to 

compare model-projected trends from the previous 31 years, which can be compared to the 

observations, and for the next 31 years.  The 1985-2015 timeframe incorporates output from both 

the historical and RCP8.5 simulations, while the 2016-2046 timeframe only uses RCP8.5 output.  

However, there is no apparent discontinuity in atmospheric CO2 concentration following the 

transition.  The RCP8.5 prescribed CO2 concentration from 2006-2014 compares similarly to the 

observed increase in atmospheric CO2, indicating that at present the RCP8.5 is an appropriate 

emissions scenario [Le Quéré et al., 2014]. 

Model output from each ensemble is regrided to a standard 1°x1° horizontal grid using a 

mass conserving interpolation scheme.  All trend values are computed as linear least squares 

regressions of annual average values.  We convert model output pCO2
SW from units of ppmv to 

µatm by calculating the water vapor pressure assuming 100% humidity via the following 

empirical equation from Weiss and Price [1980] 

ln𝑝!" = 24.4543− 67.4509 ∙ !""
!

− 4.8489 ∙ ln !
!""

− 0.000544 ∙ 𝑆 ,                          (4− 1) 

where psw is the water vapor pressure (µatm), T is the model sea surface temperature (K), and S 
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is the surface salinity (psu).  The water vapor pressure is then converted to the partial pressure 

using the atmosphere surface level pressure.   

Using a single-model ensemble enables calculating the forced trend by averaging across 

all ensemble members.  The resulting forced trend is the best estimate of the model transient 

response to the forcing (i.e. increasing atmospheric CO2) and not internal variability.  The forced 

trend is less sensitive to the start and end year, due to reduced internal variability.  Figure 4-1 

illustrates this trend separation for 1 of the 24 ensemble members.  The total trend is the 

individual ensemble’s response, the forced trend is the ensemble average response, and the 

internal trend is the residual between the forced trend and the total trend.  On 31-year 

timeframes, the forced response is substantially greater than the internal response, except in 

localized regions such as the Arctic.  The magnitude of internal variability is similar for other 

ensemble members, though with very different spatial patterns (Supplementary Figure 4-1).  For 

Ensemble 14 (Figure 4-1) the patterns of ∆pCO2 and CO2 flux trends are consistent with those 

for pCO2
SW, which is expected since pCO2

SW is the dominant control on ∆pCO2 and CO2 flux 

(Supplementary Figures 4-2 to 4-3).   

 

4.2.3 pCO2 Trend Decomposition 

A first approximation of the interplay between the physical and biogeochemical 

mechanisms of pCO2
SW trends and variability can be obtained by separating the temperature and 

non-temperature components via the following empirical equations of Takahashi et al., [2002]:  

  𝑝𝐶𝑂! − 𝑇 =   𝑝𝐶𝑂!  × exp[ 0.0423(𝑇 −   𝑇)],                                                                              (4− 2) 

  𝑝𝐶𝑂! − 𝑛𝑜𝑛𝑇 =   𝑝𝐶𝑂!  × exp 0.0423 𝑇 − 𝑇 ,                                                                (4− 3) 
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where the overbars denote the long-term means.  Here, pCO2-T is the direct effect of solubility 

on pCO2, while pCO2-nonT is the remaining chemical effect due to changes in dissolved 

inorganic carbon (DIC), alkalinity, salinity, and freshwater.   To obtain a more complete 

description of the non-temperature component, I apply a Taylor series linear expansion to the 

change in pCO2
SW (∆pCO2):  

Δ𝑝𝐶𝑂! =
𝜕𝑝𝐶𝑂!
𝜕𝑆 Δ𝑆 +

𝜕𝑝𝐶𝑂!
𝜕𝑇 Δ𝑇 +

𝜕𝑝𝐶𝑂!
𝜕𝑓𝑤 Δ𝑓𝑤 +

𝜕𝑝𝐶𝑂!
𝜕𝐷𝐼𝐶 ∆𝑠𝐷𝐼𝐶 +

𝜕𝑝𝐶𝑂!
𝜕𝐴𝑙𝑘 ∆𝑠𝐴𝑙𝑘

+
𝜕𝑝𝐶𝑂!
𝜕𝑃𝑂!

∆𝑃𝑂! +
𝜕𝑝𝐶𝑂!
𝜕𝑆𝑖𝑂!

∆𝑆𝑖𝑂!,                                                                                                                                                      (4− 4) 

where the terms on the right-hand side of the equation represent, respectively, the effect of 

salinity, temperature, freshwater effects [Lovenduski et al., 2007], salinity-normalized DIC 

(sDIC), salinity-normalized alkalinity (sALK), phosphate, and silicate.  This method follows 

from similar decompositions [e.g. Lovenduski et al., 2007; Doney et al., 2009; Long et al., 2013], 

with the additional effects of phosphate and silicate included here.  The pCO2
SW used for the 

Taylor series expansion is calculated using annual average model output and the carbon 

chemistry equations, rather than the model output pCO2
SW.  The summation is not perfect 

between the two methods, due to these calculations being based on annual model output and the 

nonlinearity of pCO2 (Supplementary Figure 4-4).  The difference arises due to re-calculating 

pCO2
SW on an annual timescale, as opposed to the model calculation of pCO2

SW based on the 

model timestep.  Since each partial derivative in equation 4-3 is calculated as the change in pCO2 

due to a perturbation in the given field while holding all other fields constant, using model output 

pCO2 at annual resolution can generate changes in pCO2 that are due to the effect of time 

averaging on all input variables.  As in Lovenduski et al., [2007], this can lead to some 

discrepancy between the sum of the individual partial derivatives and the total change.  Despite 
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some quantitative discrepancies, the relative magnitudes of the trends and their dominant 

forcings remain instructive.  Although the difference between pCO2
SW and ∆pCO2/dt is 

substantial in particular regions, this difference does not significantly change over time. 

 The Revelle factor (RF) quantifies the increase in pCO2
SW generated by an increase in 

DIC.  For example, a RF of 10 indicates that pCO2
SW will increase by 10 units for every 1-unit 

increase in DIC.  The following approximation from Sarmiento and Gruber [2006] is used to 

calculate RF: 

𝑅𝐹 ≈
3 ∙ 𝐴𝑙𝑘   ∙ 𝐷𝐼𝐶 − 2 ∙ 𝐷𝐼𝐶!

2 ∙ 𝐷𝐼𝐶 − 𝐴𝑙𝑘 𝐴𝑙𝑘 − 𝐷𝐼𝐶                                                                                                               (4− 5) 

where Alk and DIC are the local alkalinity and DIC.   

  

4.3 Results 

4.3.1 Forced Trends  

 Model ensemble averaged pCO2
SW compares well with observed climatological pCO2

SW 

from Landschützer et al., [2014], over a similar timeframe (Figure 4-2).  Large-scale patterns 

such as elevated pCO2
SW in the equatorial Pacific, near atmospheric values in the subtropics, and 

lower pCO2
SW in the subpolar gyres are captured by the CESM-LE.  The model is biased high in 

the equatorial Pacific.  This bias is discussed in Long et al., [2013] and results from stronger 

upwelling of subsurface waters elevated in DIC.  The CESM-LE also diverges from the 

observations in the polar Southern Ocean, with pCO2
SW values substantially lower than observed.  

This bias was also noted in Long et al., [2013] and may result from an overestimation of summer 

primary productivity and shallower summer mixed layer depths.  However, the observations are 

poorly constrained and particularly sparse in space and time, making it difficult to fully assess 
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the model bias.  Similar undersaturated pCO2
SW values are also displayed in the modeled Artic, 

however, there are insufficient observations for comparison.  The CESM-LE CO2 flux also 

compares well with the observations, with similar biases as pCO2
SW.  These biases result in a 

stronger equatorial Pacific carbon efflux, but also stronger polar Southern Ocean carbon uptake.  

Overall, the CESM-LE replicates the observed pattern of carbon uptake in the subtropical and 

subpolar gyres and carbon efflux in the equatorial regions.  In comparison to the average of 10 

CMIP5 models, CESM-LE is very successful at capturing the observed climatology [McKinley et 

al., in prep].      

 Forced trends in pCO2
SW, calculated as the linear least squares regression of ensemble 

averaged annual values, increase substantially between the near-historical (1985-2015) and near-

future (2016-2046) timeframes (Figure 4-3a-b).  Trends in pCO2
SW approximately double over 

most of the globe, with a particularly strong increase in the Arctic and a relatively weaker 

increase in the Equatorial Pacific and polar Southern Ocean.  Trends in ∆pCO2 (pCO2
SW – 

pCO2
atmosphere) illustrate regions where the ocean carbon sink is changing (Figure 4-3c-d).  

Regions where ∆pCO2 trends are approximately 0 indicate where pCO2
SW is approximately 

tracking the atmosphere.  These areas are primarily confined to the subtropical gyres.  Negative 

trends in ∆pCO2 indicate regions where the ocean carbon sink efficiency is increasing.  These 

regions include the subpolar and polar regions, where climatological ∆pCO2 is less than 0, but 

also the equatorial Pacific.  Climatological ∆pCO2 in the latter is greater than 0, thus a negative 

∆pCO2 trend indicates decreased carbon efflux rather than increased carbon influx, though the 

net result is the same.  Trends in CO2 flux are nearly identical to ∆pCO2, which is expected given 

that ∆pCO2 determines the direction of flux.  A notable exception is in the Arctic Ocean, where 

∆pCO2 trends are greater than 0, but CO2 flux trends are less than 0.  Here, model climatological 
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∆pCO2 is less than 0 due to persistent sea ice coverage that inhibits sea-air gas exchange 

(Supplementary Figure 4-5).   

  

4.3.2 Mechanisms of the Forced Trend  

 Trends in pCO2
SW over the two timeframes are decomposed into a temperature (pCO2-T) 

and non-temperature (pCO2-nonT) component following equations 4-2 and 4-3 (Figure 4-4).  

The non-temperature component comprises the majority of the forced pCO2 trend, consistent 

with ocean uptake of atmospheric carbon.  pCO2-nonT is substantial in the Arctic and a localized 

region of the North Atlantic.  These regions contain approximately neutral or slightly negative 

trends respectively in pCO2-T, illustrating that the non-temperature trend is the dominant 

component (Figure 4-4g-h).  From 1985-2015, pCO2-T trends are typically less than 0.5 µatm/yr, 

except for the equatorial Pacific where pCO2-T approaches 0.75 µatm/yr.  Due to a relatively low 

pCO2-nonT and a relatively high pCO2-T, the ratio of the temperature component to the total 

trend is ~ 0.4, indicating that the temperature component accounts for 40% of the total pCO2
SW 

trend in the Equatorial Pacific.  On the 2016-2046 timeframe, a substantial pCO2-T trend 

emerges in the North Pacific that increases the pCO2-T/pCO2
SW ratio here to 0.3-0.4.  This pCO2-

T trend is virtually non-existent from 1985-2015 and is the only region where the pCO2-

T/pCO2
SW ratio differs substantially between the two timeframes.  The latter observation 

suggests that globally, the relative influence of the two mechanisms does not substantially 

change, although the magnitudes of both trends do increase.  

 The Revelle factor approximates the change in DIC due to a change in pCO2
SW.  A high 

Revelle factor indicates surface waters that yield a small change in DIC compared to a change in 

pCO2
SW.  Thus, high RF values are indicative of reduced anthropogenic CO2 uptake (less DIC 
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uptake) for the same increase in pCO2
SW.   In the mean state, RF values are low in the equatorial 

and subtropical regions and high in the subpolar and Arctic regions (Figure 4-5a).  As 

atmospheric CO2 increases from 1985-2015, RF values remain relatively unchanged in the 

equatorial and subtropical regions, but increase in subpolar and polar regions (Figure 4-5c,e).  

The increase is especially large in the Arctic regions that correlate with the strongest trends in 

pCO2
SW (Figure 4-3a,b).  This pattern amplifies from 2016-2046, with pronounced increases in 

the Southern Ocean, North Pacific, and North Atlantic.  

 Figure 4-4 illustrates that the trend in pCO2
SW results primarily from the non-temperature 

component.  This non-temperature component is further decomposed into contributions from 

DIC, alkalinity, freshwater, and salinity using a Taylor series expansion (Figures 4-6, 4-7).  The 

DIC contribution is the dominant term over both timeframes.  Similar to the non-temperature 

component, the DIC contribution is the greatest in the Arctic and relatively lower in the 

equatorial Pacific.  All other contributions over the 1985-2015 timeframe are relatively small, 

except for the SST contribution in the equatorial Pacific.  Here, the SST contribution ratio to the 

total trend is approximately 0.4, indicating that warming accounts for 40% of the total pCO2
SW 

trend (Figure 4-8a,c).  From 2016-2046, the DIC contribution remains the most significant 

contribution, however, the SST contribution increases in relative magnitude.  Again, the North 

Pacific emerges with a relatively greater SST contribution (≈ 0.75 µatm/yr) that contributes to 

30-40% of the total trend (Figures 4-7 and 4-8).  Many coastal and subtropical regions also 

emerge with SST contributions of 0.5-0.6 µatm/yr, though this contribution to the total trend 

remains relatively unchanged compared to 1985-2015.  The North Pacific is unique because 

between 1985-2015 and 2016-2046, the SST/pCO2
SW ratio transitions from roughly 0% to 30-

40%, while this ratio remains relatively unchanged elsewhere.  Overall, the results of the Taylor 
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Series expansion are quite similar to the Takahashi et al., [2002] pCO2-T/pCO2-nonT 

decomposition, increasing confidence in the results.  

 The freshwater and alkalinity effects from 1985-2015 are a relatively small component of 

the forced pCO2
SW trend, with contributions close to 0 over most of the global ocean.  Alkalinity 

and freshwater both have slight negative effects in the Arctic, corresponding to increasing 

alkalinity. However, these contributions are significantly lower in magnitude compared to the 

DIC contribution.  From 2016-2046, the freshwater contribution has a spatially similar pattern as 

for 1985-2015, though the magnitude has increased.  The alkalinity contribution also switches in 

much of the Arctic from positive to negative, which reinforces the pCO2 trend rather than 

dampening it.  

 

4.3.3 Solubility Impact on pCO2
SW  

 The positive SST contribution to increasing pCO2
SW represents a solubility effect that 

brings the ocean toward equilibrium with pCO2
atm without net atmospheric carbon uptake.  To 

quantify this effect, annual average pCO2
SW from 1985-2046 is recalculated using the 

thermodynamic equations and a constant 1985 annual average SST field.  Model output values 

from 1985-2046 are used for all other variables, thereby isolating the impact on pCO2
SW due to 

increasing SST.  These recalculated pCO2
SW values are then compared to pCO2

SW calculated 

offline using the full set of model output variables (i.e. non-constant SST).  This method is 

necessary to ensure a direct comparison due to the difference between offline and online values 

associated with model time-averaging and the non-linearity of pCO2 (Supplementary Figure 4-4).   

Figure 4-9 illustrates the direct effect that increasing SST has on pCO2
SW.  The constant 

SST calculations generate lower pCO2
SW, indicative of an increased potential for ocean carbon 
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uptake.  The difference in pCO2
SW is generally 10-15 µatm in 2015, but grows substantially to 

40-50 µatm by 2046.  The greatest differences are in the Equatorial Pacific and North Pacific, 

consistent with the relatively greater SST contributions to pCO2
SW shown in the decompositions 

(Figure 4-4, 4-6, 4-7).  Although most regions show a negative difference (i.e. constant SST 

derived pCO2
SW lower than pCO2

SW with model output SST) there is an exception in a localized 

region in the North Atlantic that contains a positive difference in pCO2
SW.  This is the only 

region where ensemble mean SST decreases from 1985-2046, thereby consistent with a positive 

difference in pCO2
SW.  A timeseries comparison of global, area-weighted, annual average 

pCO2
SW recalculated by the two methods illustrates the net effect of decreased solubility on 

pCO2
SW (Figure 4-10).  Both methods start at the same value in 1985 and increase at an 

increasing rate through 2045, consistent with increasing atmospheric CO2.  The “no-warming” 

values however, begin to separate from the warming values by 1995.  This difference continues 

to grow, with the “no warming” global average pCO2
SW value ending at 504 µatm by 2045. The 

“warming” global average pCO2
SW is at 477 µatm by 2045, thus the solubility effect accounts for 

15 % of the total pCO2
SW increase from 1985-2046.    

   

4.4 Discussion  

 Forced trends in pCO2
SW over both timeframes are weakest in the polar Southern Ocean 

and the Equatorial Pacific, yielding negative trends in ∆pCO2 and CO2 flux indicative of an 

increasing carbon sink [McKinley et al., in prep].  In the Equatorial Pacific, weak pCO2
SW trends 

result from a combination of relatively strong SST trends, compared to the globe, but weak DIC 

trends.  The weaker DIC contribution is due to the upwelling of subsurface water.  This relatively 

old water last ventilated with the atmosphere prior to the Industrial Revolution, when 
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atmospheric CO2 was significantly lower.  These waters have high natural pCO2
SW (Figure 4-2) 

due to their formation at high latitude cold water regions and long residence time in the deep 

ocean, during which time sinking organic carbon remineralizes and accumulates.  The age of this 

water is much older than the timeframe of atmospheric CO2 increase, thus the positive ∆pCO2 

(pCO2
SW > pCO2

atm) is reduced over time.  The net effect is a declining trend in CO2 efflux, 

thereby reducing a natural source of atmospheric CO2 (Figure 4-2).    

In the polar Southern Ocean, negative CO2 flux trends indicate that CO2 uptake is 

increasing with time, since the mean-state CO2 flux is negative.  The strengthening of these 

trends from 1985-2015 to 2016-2046 further indicates that the flux is increasing as atmospheric 

CO2 increases.  Thus, the ocean CO2 sink is increasing in the polar Southern Ocean.  The trend in 

pCO2
SW is almost exclusively associated with DIC uptake, with approximately no contribution 

from SST.  This differs from a previous model study that found a significant reduction in 

Southern Ocean carbon uptake due to decreased solubility [Roy et al., 2011], though the 

timeframes differ substantially.  If this signal is also present in the CESM-LE, then it should 

rapidly emerge over the 2050-2100 timeframe.  Alternatively, the different structures of the 

models used by Roy et al., [2011] may lead to a different response.   

Forced ∆pCO2 trends in the subtropical regions are approximately 0 over both 

timeframes, consistent with rapid atmospheric equilibration via Henry’s Law.  These trends are 

also consistent with observational evidence of pCO2
SW trends closely following atmospheric CO2 

[Bates et al., 2014].  The mean-state CO2 flux is negative, thus a CO2 flux trend of 

approximately 0 indicates that the subtropical gyres will continue to absorb atmospheric CO2 at a 

constant rate.  This indicates a declining efficiency in subtropical CO2 absorption, since a 

constant sink is equivalent to the subtropical gyres absorbing a lower percentage of  the 
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anthropogenic CO2 emissions that are continuing to grow [Le Quéré et al., 2014].  Slight 

negative trends in ∆pCO2 and CO2 flux emerge on the 2016-2046 timeframe in regions of the 

subtropical North and South Pacific, and Indian Ocean.  These regions generally coincide with 

regions of declining solubility due to warming ocean surface temperatures, and represent a slight 

negative feedback of climate on the ocean carbon sin.       

Both the Takahashi and Taylor series components illustrate that warming surface 

temperatures are contributing to the model projected increase in pCO2
SW, particularly in the 

Equatorial and North Pacific.  Furthermore, this solubility effect is projected to amplify over the 

next 31-year timeframe.  How does the model SST trend compare to the observed trend SST 

over the recent historical period?  Figure 4-11 shows the ensemble mean SST trend and the 

HadSST [Kennedy et al., 2011a,b] observed trend from 1985-2012.  This is not an ideal 

comparison since the model trend is the mean ensemble forced trend, which is categorically 

different from the single realization of the observed trend.  The forced trend is the transient 

response to increasing atmospheric CO2, while the observed trend is the realized response 

impacted by internal variability.  For example, from 1985-2012 the El Niño Southern Oscillation 

(ENSO) favored the La Niña state, consistent with lower observed SST trends compared to the 

ensemble mean.  However, Figure 4-11 does illustrate how the historical realization has differed 

from the forced transient response.  Significant warming in the Equatorial and North Pacific is 

also projected in the CMIP5 ensemble, suggesting that these results are not specific to the CESM 

[Bopp et al., 2013].           

Over both timeframes, the most rapid increase in pCO2
SW occurs in the Arctic Ocean.  

Decomposing this signal indicates that the positive trend is mostly due to increasing DIC, with a 

small, additional effect due to declining alkalinity.  pCO2
SW trends are generally 1µatm/yr greater 
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than the trend in atmospheric CO2, generating substantial, positive trends in ∆pCO2
SW, but 

negative trends in CO2 flux.  Why do the ∆pCO2 and CO2 flux trends have opposite signs, while 

most other regions have trends of the same sign?  In 1985, modeled pCO2
SW is substantially 

undersaturated with respect to the atmosphere, due to persistent sea-ice coverage inhibiting sea-

air equilibration (Supplementary Figure 4-5).  However, global warming leads to substantial sea-

ice decline, allowing for greater sea-air gas exchange.  This ventilation drives a positive trend in 

pCO2
SW and a negative trend in CO2 flux.  The relatively high Revelle factor generates a much 

smaller increase in DIC per unit increase of pCO2.  Therefore, the Arctic can rapidly equilibrate, 

generating a positive trend in pCO2
SW much greater than the trend in atmospheric CO2, and 

thereby a negative ∆pCO2 trend.  The polar Southern Ocean also has a relatively high Revelle 

factor and declining sea-ice coverage, but negative trends in both ∆pCO2 and CO2 flux.  

However, the change in the Revelle factor and sea-ice coverage is not as great as in the Arctic 

Ocean, and there is no alkalinity contribution.  Furthermore, polar Southern Ocean sea-ice 

coverage in 1985 is less than in the Arctic, suggesting greater sea-air gas exchange.   

Although the Arctic Ocean pCO2
SW trend is particularly strong, it is also relatively the 

most uncertain.  Though the forced trend is positive, there is substantial internal variability on 

the 31-year timeframe that impacts the trend values (Figure 4-1).  Furthermore, this variability is 

not always consistent between timeframes: substantial negative internal trend values from 1985-

2015 transition to substantial positive internal trend values from 2016-2046 in a single ensemble 

member (Figure 4-1 e,f).  This variability is likely tied to sea-ice coverage, which contains 

significant interannual variability [Stroeve et al., 2012].  Earth System Models also struggle to 

simulate the extreme Polar latitudes.  For instance, maximum surface westerly winds over the 
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Southern Ocean are consistently biased equatorward, generating significant biases in carbon and 

heat uptake [Bracegirdle et al., 2013; Frölicher et al., 2014].   

 Positive ∆pCO2 trends also occur in a localized region of the North Atlantic, near the 

boundary of the subtropical and subpolar gyres.  DIC uptake is the dominant mechanism, which 

overcomes a slight, negative temperature contribution due to decreasing SST.  This is the only 

region with a negative SST trend, and is a common signal across Earth System Models attributed 

to a declining Atlantic Meridional Overturning Circulation (AMOC) [Cheng et al., 2013].  The 

declining AMOC signal is attributed to decreased North Atlantic convection via freshwater 

inputs from Arctic sea ice decline [Jahn and Holland, 2013].  The decrease in North Atlantic 

convection generates a decrease in northward heat transport, and a regional decrease in SST.            

 By considering only the direct effect of temperature, surface warming is found to account 

for 15% of the total increase in pCO2
SW by 2046.  However, surface ocean warming also impacts 

variables that have direct and indirect effects on pCO2
SW such as biological productivity, 

circulation, stratification, and air-sea heat exchange.  Thus, re-calculating pCO2
SW with constant 

temperature will still include the effect of warming on other processes.   

Re-calculation of CO2 flux based on the recalculated pCO2 is complicated by 

nonlinearities in the wind speed parameterization and the use of time-averaged winds.  In future 

work, using a climatological reanalysis product for wind stress, which includes the effect of 

nonlinearities, may help the calculation to some extent, though this will add further uncertainty 

due to the use of non-model derived winds.  Another method could be to setup model 

simulations that include increasing CO2 but no net radiative effects, thereby producing a more 

direct estimate of the reduced solubility on pCO2
SW [Arora et al., 2013; Schwinger et al., 2014].  

However, large ensemble simulations require considerable computational resources.  Therefore, 
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conducting this experiment would have to be considered in the context of a collaborative effort 

to develop new large ensemble experiments. 

 A number of previous modeling studies utilize an ensemble of different models to 

determine the underlying mechanisms of projected ocean carbon uptake [Freidlingstein et al., 

2006; Roy et al., 2011; Arora et al., 2013; Schwinger et al., 2014; Tjiputra et al., 2014].  

Although this approach reduces the sensitivity and potential bias of a single model within the 

ensemble, it can also dilute the underlying mechanisms since structural differences between the 

models can impact the ensemble mean trend.  Furthermore, internal variability can impact the 

trends and proposed mechanisms, since each model represents a single realization that may be 

significantly different from the forced transient response.  The analysis presented here uses an 

ensemble of a single ESM to produce ocean carbon trends that are directly attributable to the 

increase in atmospheric CO2 and independent of intrinsic climate variability.  Therefore, the 

reported mechanisms are irrespective of internal variability and are representative of the ocean 

response to increasing atmospheric CO2.  The caveat is that the results are specific to the CESM 

and will be biased by model deficiencies.  However, NOAA GFDL is currently the only other 

modeling group to undertake a large ensemble experiment similar to the CESM-LE [Rodgers et 

al., 2014].  Thus, large ensemble experiments that include comparison to large ensembles from 

other ESMs are needed to provide a better estimate of robustness and effectively identify critical 

mechanistic differences.  
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Figure Captions  
 
Figure 4-1: Trends in pCO2

SW for an individual ensemble member from 1985-2015 and 2016-
2046.  The total trend (a,b) is the annual linear trend specific to ensemble member 14.  The 
forced trend (c,d) is the mean trend of all 24 ensemble members.  The internal trend (e,f) is the 
difference between the total and forced trends.  All trend values are in units of µatm/year.       
 
Figure 4-2: Observed climatological pCO2

SW and CO2 flux referenced to the year 2000 from 
Landschützer et al., [2014] (a,c) compared to model mean ensemble values averaged from 1995-
2005 (b,d).   
 
Figure 4-3: Forced trends (i.e. mean ensemble) in pCO2

SW (a,b), ∆pCO2 (c,d), and CO2 flux (e,f) 
from 1985-2015 and 2016-2046.  A negative ∆pCO2 and CO2 flux represent pCO2

SW < pCO2
atm 

and a carbon flux into the ocean, respectively.    
 
Figure 4-4: Forced trends in pCO2

SW over both timeframes (a,b), decomposed into the non-
temperature (c,d), and temperature components (e,f) following Takahashi et al., [2002].  The 
ratio of the temperature component to the total forced trend (g,h) illustrates the contribution 
attributable to changing ocean temperature.     
 
Figure 4-5: The Revelle factor calculated using the approximation following Sarmiento and 
Gruber [2006].  Ensemble mean values are shown for 1985 and 2046 (a,b) along with the trend 
in the RF for the two timeframes (c,d).    
 
Figure 4-6: Taylor series expansion of the greatest magnitude, first order terms for 1985-2015.  
Shown here is the SST contribution (a), the salinity normalized DIC contribution (b), the 
freshwater contribution (c), and the salinity normalized alkalinity contribution (d).  
 
Figure 4-7: Taylor series expansion of the greatest magnitude, first order terms for 2016-2046.  
Shown here is the SST contribution (a), the salinity normalized DIC contribution (b), the 
freshwater contribution (c), and the salinity normalized alkalinity contribution (d).  
 
Figure 4-8: Magnitude of the contribution of sDIC (a,b) and SST (c,d) compared to the 
magnitude of the net trend in pCO2

SW from 1985-2015 and 2016-2046.   
 
Figure 4-9: Difference between pCO2

SW recalculated using a constant SST field and SST 
recalculated from model output SST for 2015 (left) and 2046 (right).  Here, a negative difference 
indicates where the constant SST derived pCO2

SW is less than the model output SST derived 
pCO2

SW.   
 
Figure 4-10: Timeseries of global average, area-weighted pCO2

SW recalculated from the model 
output SST (“warming”) and the constant SST field (“no warming”).  
 
Figure 4-11: Trends in SST (units of °C/yr) from 1985-2012 for the observed HadSST dataset 
(top) and the CESM-LE ensemble average (middle).  The spatial difference between the HadSST 
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trend and the CESM-LE SST trend (bottom), where a positive difference indicates where the 
CESM-LE trend is greater than the HadSST trend.  
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Figure 4-1  
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Figure 4-2  
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Figure 4-3 
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Figure 4-4 
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Figure 4-5  
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Figure 4-6  
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Figure 4-7  
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Figure 4-8  
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Figure 4-9 
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Figure 4-10  
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Figure 4-11 

  

a)

b)



	
   135	
  

Supplementary Figures  
 
Supplementary Figure 4-1: Trends in pCO2

SW for an individual ensemble member from 1985-
2015 and 2016-2046.  The total trend (a,b) is the annual linear trend specific to ensemble 
member 29.  The forced trend (c,d) is the mean trend of all 24 ensemble members.  The internal 
trend (e,f) is the difference between the total and forced trends.  All trend values are in units of 
µatm/year.       
 
Supplementary Figure 4-2: Total (a,b), forced (c,d), and internal (e,f) trends in ∆pCO2 for 
ensemble member 14. Negative ∆pCO2 indicates pCO2

SW < pCO2
atm.  

 
Supplementary Figure 4-3: Total (a,b), forced (c,d), and internal (e,f) trends in CO2 flux for 
ensemble member 14.  Negative values indicate a flux from the atmosphere to the ocean.   
 
Supplementary Figure 4-4: Difference between offline calculated pCO2

SW and online model 
output pCO2

SW in 1985 (a) and 2046 (b).  Here, a positive difference indicates where the offline, 
recalculated pCO2

SW is greater than the model output pCO2
SW.  The change in this difference 

from 1985 to 2015 (c) and 2016 to 2046 (d) is shown in the bottom.  Here, a positive difference 
indicates where the difference between offline calculated and online model output pCO2

SW is 
becoming more positive with time.        
 
Supplementary Figure 4-5: 1985 (a) and 2046 (b) annual average sea ice fraction, along with 
the change in ice fraction from 1985-2015 (c) and 2016-2046 (d).  A negative change in c,d 
indicates declining sea-ice coverage.   
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Supplementary Figure 4-1  
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Supplementary Figure 4-2 
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Supplementary Figure 4-3 
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Supplementary Figure 4-4 
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Supplementary Figure 4-5 
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Chapter 5  

 

Conclusions and Future Work  

 

5.1 Lake Michigan Internal Carbon Cycling  

I use the MITgcm coupled to an intermediate complexity ecosystem model to determine 

the physical and biogeochemical mechanisms of internal carbon cycling in Lake Michigan.  The 

model compares reasonably well with observations of lake surface temperature, circulation, and 

gross primary productivity.  Model results suggest that physical processes are critical in shaping 

the lakewide internal carbon cycle.  Winter vertical mixing and summer maximum surface water 

temperatures elevate offshore pCO2 leading to a substantial carbon efflux to the atmosphere. The 

spring phytoplankton bloom lowers pCO2, leading to a significant carbon influx into the lake.  

The transition from undersaturated pCO2 in spring to supersaturated pCO2 in summer occurs 

immediately following the terminus of the spring bloom due to the onset of stratification.  

Decomposing pCO2 into a thermal, temperature component and a chemical, non-temperature 

component elucidated the mechanisms driving this seasonal cycle.  This technique had 

previously not been applied to the Lake Michigan carbon cycle and differs from the traditional 

method of examining freshwater carbon cycling as a balance between autotrophy and 

heterotrophy, with less emphasis on the physical processes.  During summer, the model 

simulates a region of elevated chlorophyll along the western shoreline that results from coastal 

upwelling of nutrient rich water into the epilimnion.  This process is not resolved in the current 
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literature, and generates substantial zonal gradients in pCO2
SW due to the relatively colder water 

and increased primary productivity.     

 

5.1.2 Key Uncertainties and Future Work    

 Riverine inputs of nutrients and carbon and are not included due to the focus on internal 

cycling, but should be added to simulate the complete carbon cycle.  Burial or sedimentation 

processes would then be required to provide a sink for these additional inputs.  These additional 

processes can help quantify the annual lakewide CO2 flux, thereby providing an estimate of 

carbon efflux that can be incorporated into regional carbon budgets.  Inclusion of riverine inputs 

can also improve simulation of primary productivity and pCO2 in nearshore regions and in Green 

Bay, which receives an estimated 33% of the total nutrient loading to Lake Michigan [Klump et 

al., 2009].     

 Observations of biological activity at additional spatial locations can enhance our 

understanding of lakewide productivity and spatial heterogeneity, particularly during the current, 

rapid ecological changes associated with invasive Dreissena mussels.  Most long-term biological 

monitoring stations are located in the Southern Basin, with little attention paid to the Northern 

Basin.  Furthermore, the model simulates a region of enhanced productivity due to summer 

coastal upwelling along the western shoreline that is not referenced in the current literature.  

Decreased surface temperatures observed by satellites support this mechanism [Plattner et al., 

2006], however the connection to enhanced biological productivity is unresolved.  The continued 

evolution of satellite algorithms will greatly improve spatial and temporal coverage and 

hopefully elucidate this mechanism.  Recent work has corrected for the interference of colored 

dissolved organic matter (CDOM) in Lake Superior, with a plan for future development in 
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additional Great Lakes [Mouw et al., 2013].  However, in-situ observations will still be required 

to provide ground-truth verification.   

 Carbon chemistry data are scarce, hampering efforts to resolve carbon cycle dynamics or 

long-term trends.  Observational data of dissolved inorganic carbon are virtually non-existent, 

while pCO2 data are available only for short time intervals.  The current protocol for measuring 

pH does not contain the level of precision required to observe projected long-term trends due to 

CO2-induced lake acidification [Phillips et al., in press].  However, there are recent efforts to 

provide these sorely needed carbon chemistry data.  Harvey Bootsma at the University of 

Wisconsin-Milwaukee has an underway pCO2 instrument and a fluorometer installed on a ferry 

ship that completes multiple daily transects from Milwaukee, WI to Muskegon, MI.  Surface 

temperature data from this transect were extremely helpful for model verification (Chapter 2), 

and when available, the pCO2 data will provide a much needed benchmark for model 

verification.  I assisted David Butman, now at the University of Washington, with collecting 

discrete samples of DIC and in-situ observations of pCO2 during a recent summer research cruise 

on Lake Michigan.  When available, these data will also provide critical information for regions 

outside the southern basin.     

        

5.2 Invasive Quagga Mussels 

 I add benthic quagga mussels to MITgcm.Michigan and modify nutrient concentrations to 

simulate the transition from the pre-quagga to the post-quagga lake state.  The lake response to 

adding quagga mussels and changing nutrients are tested separately and in-unison to determine 

model sensitivity.  The results suggest that quagga mussels are capable of eliminating the late 

winter/early spring bloom, based on current estimates of mussel population densities and 
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filtration rates.  This grazing pressure on phytoplankton ceases during the summer in offshore 

regions since thermal stratification protects phytoplankton from the deeper benthic quagga 

mussels.  The model results are consistent with observational evidence of significantly reduced 

productivity following quagga mussel establishment [Fahnenstiel et al., 2010a,b].  However, I 

find that the reduction in nutrients is also necessary to simulate a decline in cumulative annual 

productivity.  This is because the total available nutrient pool is a constraint on model annual 

integrated primary productivity.  Thus, quagga grazing pressure can limit productivity during 

isothermal mixing, but the excess available nutrients are still available for rapid phytoplankton 

growth following thermal stratification.  

 The presence of quagga mussels has a greater impact on the seasonal cycle of pCO2
SW 

and CO2 flux than the change in nutrients.  Quagga mussel grazing reduces the duration of 

pCO2
SW drawdown and CO2 uptake by approximately 2 months compared to the pre-quagga 

lake.  This effect is balanced by lower pCO2
SW supersaturation and a reduced CO2 efflux during 

thermal stratification.  The net result is a decreased amplitude in the seasonal cycle of pCO2
SW.   

    

5.2.2 Key Uncertainties and Future Work   

  The quagga mussel population densities utilized are poorly constrained in both time and 

space.  The current method bins mussel densities into depth intervals, which does not account for 

spatial heterogeneity unrelated to bathymetry.  Current modeling work by researchers at the 

NOAA Great Lakes Environmental Research Laboratory may provide a better estimate of mussel 

distributions in space.  The size and age distribution of the mussel populations are also poorly 

constrained.  There is evidence that the nearshore populations that first became established are 

increasing in size as the population matures [Nalepa et al., 2010].  However, it is relatively 
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unclear what effect this will have on quagga mussel grazing pressure.  Current estimates of 

mussel filtration rates are highly variable [Diggins 2001, Baldwin et al., 2002; Vanderploeg et 

al., 2010], making it difficult to discern clear relationships between size and filtration rate.  

 There is growing evidence that quagga mussels are re-engineering lakewide nutrient 

cycles by trapping riverine nutrient subsidies in nearshore regions [Hecky et al., 2004; Dayton et 

al., 2014].  This process promotes nearshore Cladophora blooms and reduces nutrient transport 

to offshore regions [Bootsma et al., 2012].  Thus, coupled quagga-phosphorus interactions may 

be necessary to accurately simulate nearshore/offshore interactions and dynamics.   

 Analysis in Chapter 3 suggested that mussel grazing pressure might be at saturation for 

all but the deepest portions of Lake Michigan.  However, it is unclear how sensitive these results 

are to the mussel population density estimates and selected filtration rate.  Future work will 

resolve this sensitivity by running model experiments with varying filtration rates.  Simulations 

testing reduced mussel populations can provide a modeled estimate for the saturation point of 

mussel grazing pressure.  These results can be incorporated into a management framework, to 

provide a model based estimate of the percentage of quagga mussels that would have to be 

reduced in order to restore spring productivity.   

 

5.3 Mechanisms of Carbon Uptake in the CESM-LE  

 I use the CESM-LE to assess the mechanistic drivers of forced trends in surface ocean 

pCO2
 from 1985-2015 and 2016-2046.  Over both timeframes, pCO2

SW increases substantially, 

with relatively greater trends in the Arctic but relatively lower trends in regions of upwelling or 

deep vertical mixing such as the Equatorial Pacific and Southern Ocean.  Trends in ∆pCO2 and 

CO2 flux in these latter regions are strongly negative, suggesting an increase in ocean carbon 
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uptake.  From 1985-2015, increasing DIC is the dominant driver of increasing pCO2
SW, 

consistent with ocean uptake of atmospheric CO2.  Contributions from sea surface temperature 

are comparatively small throughout most of the global ocean.  An exception is the Equatorial 

Pacific, where reduced upwelling generates a relatively greater SST contribution and a relatively 

smaller DIC contribution.  From 2016-2046, DIC uptake remains the dominant driver, however, 

positive trends in SST also become apparent.  The North Pacific emerges as a region where 

increasing SST generates up to 40% of the total trend in pCO2
SW.  Globally, the trend in SST 

accounts for approximately 15% of the total trend in pCO2
SW, representing a significant carbon-

climate feedback to future projected ocean carbon uptake.   

 

5.3.2 Key Uncertainties and Future Work  

 The large ensemble ensures that the reported results are forced trends, irrespective of 

internal climate variability, however these trends are also specific to the CESM.  Thus, further 

analysis using large ensembles of additional Earth System Models would increase confidence in 

the results.  The NOAA GFDL is currently the only other ESM that has conducted a similar large 

ensemble experiment.  A pseudo-large ensemble experiment was conducted with the HadCM3, 

but this experiment utilized varied parameters rather than initial conditions [Lambert et al., 2013; 

Halloran et al., 2014] and is therefore not representative of internal variability.  Furthermore, 

large ensemble experiments with additional ESMs can separate model differences that are 

specifically caused by structural differences, rather than internal variability.  Recent comparisons 

between CESM-LE variability and variability between CMIP5 models illustrates that on multi-

decadal timeframes, CMIP5 variability is substantially greater than CESM-LE variability, 

suggesting that structural differences are the dominant cause of CMIP5 model spread [McKinley 
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et al., in prep; Pilcher et al., in revision].  However, these results are dependent on the internal 

variability generated by CESM.  It is currently unknown how CESM internal variability 

compares to internal variability in other CMIP5 models. 

 The solubility contribution to the total pCO2
SW trend is calculated by re-calculating 

annual pCO2
SW using a constant 1985 SST field.  Thus, this method still includes the effects on 

pCO2
SW of changes in ocean biological productivity, circulation, and stratification that result 

from increasing SST.  An alternative method is to conduct a model simulation under a scenario 

of increasing atmospheric CO2 but no net radiative effects [Arora et al., 2013; Schwinger et al., 

2014].  The results can then be compared to the pCO2
SW trend from the fully coupled model, to 

provide a more direct estimate of the impact due to reduced solubility.  Large ensemble 

experiments require tremendous computational resources, thus this experiment would have to be 

considered in the context of a collaborative effort.  

 The impact on forced trends of increasing SST is re-calculated for pCO2
SW, but not for 

CO2 flux due to difficulties caused by the nonlinearity of wind speeds and the use of time-

averaged winds.  A possible solution is to re-calculate CO2 flux using climatological wind stress 

from an atmospheric reanalysis product.  This method may help the calculation to some extent, 

though this wind stress field will likely be different from the CESM wind stress and may, 

therefore produce further uncertainty.  

 Forced trends are calculated for a recent historical (1985-2015) and a near-future (2016-

2046) timeframe.  Additional analysis will calculate forced trends for an end of century (2070-

2100) timeframe.  Comparison to the dominant mechanisms of 2016-2046 pCO2
SW forced trends 

will illustrate whether the underlying spatial patterns and relative magnitudes substantially 

change.  For example, does the SST contribution increase in relative magnitude by 2100, or is 
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atmospheric CO2 still the dominant driver?  Are there regions outside of the North Pacific that 

emerge with relatively larger SST contributions?  What is the net effect of increasing SST on 

pCO2
SW and CO2 flux by 2100?  Does the Artic remain a sink of CO2 or has the high Revelle 

factor and positive trend in ∆pCO2 substantially reduced the capacity for CO2 uptake?  These are 

all questions to be addressed in future work.       
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Appendix A  

 In the following appendix, I address committee member comments that were directed at 

Chapter 2.  Since this chapter was already published as Pilcher et al., [2015], I kept the 

published version as chapter 2, but have addressed the committee member comments below, 

where the italicized statements are the paraphrased committee member comments, and the bold 

statements are my response and clarification:   

 

Karim et al. [2011] found pCO2
SW in mid-summer similar to atmosphere, indicating that 

atmosphere exchange is an important contribution.  Explain argument 

Since the pCO2
SW remains in near-equilibrium with the atmosphere despite the significant 

seasonality associated with temperature, mixing, and biological productivity, it is likely that 

the atmosphere is a dominant control on lakewide pCO2
SW, which was also concluded by 

Karim et al., [2011].  Conversely, external inputs of carbon generate pCO2
SW many times 

greater than the atmosphere, suggesting that atmospheric exchange is not a primary 

control; otherwise carbon efflux would sufficiently lower the pCO2.   

 

Potential impact on model results due to having a closed boundary near the Straights of 

Mackinaw (pg. 25) 

Will likely have some impact in the immediate vicinity of the straight where the 

inflow/outflow is between Lake Michigan and Lake Huron, however the impacts are likely 

confined to this region and are relatively unimportant to the lakewide results presented.  

Previous Lake Michigan modeling studies [Beletsky and Schwab, 2008; Luo et al., 2012] also 

use a similar closed boundary approach.  
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Support for higher palatability of small phytoplankton compared to large phytoplankton  

Higher palatability of small phytoplankton compared to diatoms is commonly used in 

ecosystem models in the global oceans [Dutkiewicz et al., 2005] and the Great Lakes 

[Bennington et al., 2012] and results from the silica shells offering some protection from 

grazing.  However, this is a model-defined proportion that will not have a direct analog in 

the natural Lake Michigan system.  Previous sensitivity tests found that total primary 

productivity is largely unaltered by changing the palatability, though the distribution of 

this productivity between the two phytoplankton groups is altered.  

 
Qualifying statement that Fahnenstiel et al. [2010] found no significant decline in primary 

productivity following arrival of zebra mussels  

A likely explanation is that the Fahnenstiel et al., [2010] stations are located in offshore 

regions that zebra mussels were unable to colonize.  Decreases in phytoplankton abundance 

where observed in other Great Lakes and particularly localized regions, such as Saginaw 

Bay in Lake Huron [Fahnenstiel et al., 1995].  

 

On Model pCO2
SW lower than atmosphere in nearshore but greater than atmosphere in offshore 

implying slow horizontal mixing:  

This is one possible explanation, but another is that the dominant processes are continually 

maintaining the gradient, despite atmospheric exchange and horizontal mixing.   
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