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Abstract

The rapid increase of Earth’s atmospheric concentration of carbon dioxide drives

myriad changes to marine chemistry and ecology, yet its influence in inland

waters is relatively unknown. This research advances the understanding of in-

organic carbon cycling in Lake Superior, the largest fresh water body on Earth

by surface area, and describes how its carbon biogeochemistry responds to per-

turbations on seasonal to interannual scales. Improved instrumentation for

measuring inorganic carbon parameters in freshwater environments was de-

veloped and deployed. These tools enabled analysis of the first multi-year

underway time series describing drivers of Lake Superior’s inorganic carbon

cycle, demonstrating a sustained rise in surface water carbon dioxide partial

pressure (pCO2) at approximately the same rate as the atmospheric increase.

Machine learning modeling produced an observation-based model of Lake Su-

perior pCO2 and air-sea CO2 flux spanning the lake surface over 2019-2023,

over which period Superior demonstrated periods of sustained net CO2 influx

and efflux which nearly balanced on annual scales. This result brought Supe-

rior’s carbon budget closer to closure. Finally, aragonite saturation state was

proposed as a useful variable to synthesize inorganic carbon cycling trends

with calcifying species presence in inland waters in the face of the potential for

lake acidification. The findings of these research projects advance the under-

standing of Lake Superior’s shifting carbon cycle in light of atmospheric CO2

invasion and acidification, with ecologic outcomes dependent on humanity’s

choices in the coming decades.
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Chapter 1

Introduction

The study of chemistry in large bodies of water entails two very different per-

spectives: the micro view of molecules as the fabric of physical reality, and the

macro view of large lakes and oceans characterized by emergent phenomena

arising from and feeding back to the micro level. The field of biogeochemistry

is defined by the interdependence of chemical systems with both macro and

micro biological and geological contexts (Bianchi, 2021). Together with the dis-

ciplines of limnology (the study of inland waters) and oceanography (the study

of oceans), this work draws on the expertise and knowledge of conventionally

disparate yet closely-related fields to answer questions about carbon cycling in

large lakes. In focusing on the biogeochemistry of inorganic carbon — carbon

dioxide (CO2), carbonates, and related species — this work describes fresh-

water resources in the context of a continuing anthropogenic perturbation of

Earth’s carbon cycle.

The present climate crisis arises from a fundamental reshaping of biogeo-

chemical cycling at a scale and rate unprecedented in human history (Zeebe,

2012). No aspect of human society nor the ecosystems in which it is embedded

will remain unaffected by this perturbation; consequences such as sea level rise,

ocean acidification, vanishing ice sheets, and increased frequency of extreme

1
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weather events are already being felt (Gissi et al., 2021). From an Earth sci-

ence perspective, dramatic shifts of a biogeochemical cycle regulating Earth’s

climate represent an opportunity to understand the mechanisms connecting

element cycles to global change, which further inform climate change mitiga-

tion and adaptation efforts (Cavallaro et al., 2018). The global carbon cycle

is many-faceted, encompassing organic and inorganic carbon transfers across

reservoirs including the atmosphere, hydrosphere, biosphere, geosphere, and

cryosphere. The scope of the present work is limited mainly to inorganic car-

bon in the hydrophere, specifically surface waters in contact with the rising

atmospheric CO2 concentration.

Shifting water chemistry resulting from CO2 invasion of surface waters re-

mains most advanced in the oceanographic literature, particularly in open, off-

shore regions relatively free from riverine alkalinity delivery (Gomez et al.,

2021), sediment buffering (Archer et al., 1998), biological feedbacks, and nois-

ier coastal acidification signals (Duarte et al., 2013). Despite (and indeed be-

cause of) these obstacles, the chemical oceanography community’s ability to

detect the results of “The Other CO2 Problem” (Doney et al. (2009); denoted

in reference to the greenhouse effect as the “Primary” problem) has advanced

considerably with the development of instruments, platforms, and observation

strategies measuring these signals with increasing precision, accuracy, and spa-

tiotemporal resolution (Newton et al., 2015; Sutton et al., 2022). Detection of

perturbations to inorganic carbon cycling is a task of matching the character

of a signal (rate of change, signal-to-noise ratio, seasonality) to instrument de-

ployments with the power to detect it in a given period (Carter et al., 2019). In

the context of these marine advances in carbon biogeochemical analysis, this

work turns its attention to lakes, particularly large lakes, defined as inland wa-

ter bodies with a surface area greater than 500 km2 (Wetzel, 2001), which are in

contact with the same anthropogenic atmospheric CO2 increase as the surface

ocean.

Most lakes are net CO2 sources to the atmosphere as a result of allochthonous
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organic and inorganic carbon inputs (Cole et al., 1994) which mediate the bal-

ance of autotrophy and heterotrophy along a latitudinal gradient over which

increasing latitude favors heterotrophy and CO2 efflux (Alin & Johnson, 2007).

Low-latitude lakes would be expected to favor autotrophy and CO2 influx, yet

studies of tropical large lakes such as Lake Malawi indicated variability in CO2

flux direction over space and time (Ngochera & Bootsma, 2020).

CO2 air-water flux may vary in magnitude and direction over space and

time, but the inorganic carbon concentration of a lake still remains subject to

atmospheric CO2 changes because an increased partial pressure of atmospheric

CO2 depresses CO2 efflux, thus resulting in (at least transiently) higher lake

CO2 concentrations effected by buildup of internal CO2 (Phillips et al., 2015).

In smaller or more terrestrially-influenced systems, such a buildup (and asso-

ciated inorganic carbon equilibrium changes; Section 1.2) may be difficult to

detect against the noise of other inorganic carbon cycle drivers such as diel and

seasonal temperature and biological variability, allochthonous carbon inputs

during periods of high runoff, and other biological and geochemical feedbacks.

These sources of noise mirror those in the coastal ocean (Challener et al., 2016;

Hofmann et al., 2011; Reimer et al., 2023), so the task of discerning a signal of

atmospheric CO2 influence in lacustrine systems may be amenable to similar

strategies as in marine systems. Large lakes present a suitable testing ground

for this idea (Sterner, 2021), which motivates the methods of this dissertation.

The ideal large lake for study of atmospheric CO2-driven changes must resem-

ble oceans to facilitate transfer of the principles and technology of chemical

oceanography, yet be accessible and sufficiently well-studied to provide the

foundation for a campaign of observation and modeling of inorganic carbon

cycling.

One candidate is Lake Superior, by merit of its size, cold deep waters sub-

ject to twice-annual destratification and homogenization, long history of lim-

nology research (Elster, 1974), and accessibility to a community of researchers.

It is the largest lake on Earth by surface area, enabling it to experience tides
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(Mortimer et al., 1976) and coriolis-driven circulation phenomena (Benning-

ton et al., 2010). It is deep enough to exhibit euphotic and aphotic zones with a

deep chlorophyll maximum (Kovalenko et al., 2019), and internal waves prop-

agating along pycnoclines (Austin, 2013). In many other ways, Lake Superior is

unlike an ocean, resembling instead a marginal sea. Strong riverine influences

on nearshore nutrient and sediment delivery create regions of altered primary

ecosystem function (Delvaux, 2017), primary productivity (Sterner, 2010) and

organic matter remineralization (McManus et al., 2003). It has extremely soft

water chemistry due to largely igneous mineralogy within its catchment (Chapra

et al., 2012; Weiler, 1978). Without a halocline to contribute to stratification,

Lake Superior experiences full column mixing twice annually when high winds

and seasonal temperature swings deepen its seasonally-variable mixed layer

from 10-50 m to its full depth of 406 m (Austin & Allen, 2011; Bennett, 1978).

This mixing maintains high oxygen concentrations throughout the water col-

umn and penetrating up to 12 cm into sediments (Li et al., 2012). These charac-

teristics together demonstrate the utility of biogeochemical study of Lake Su-

perior as a system amenable to the techniques of marine and lacustrine science.

Indeed, oceanographic observation may be a necessity in vast lakes presenting

such spatial and temporal heterogeneity. In return, studying carbon cycling

in a large water body with a lower alkalinity and buffer capacity relative to

the world ocean may allow new insights into ocean carbon biogeochemistry by

comparison with large lakes. The motivation for this dissertation derives from

significant gaps in knowledge of Lake Superior’s carbon cycle in the context of

a perturbed global carbon cycle.

The carbon cycles of the five Laurentian Great Lakes (hereafter Great Lakes)

are understudied, leading to unbalanced carbon budgets and barring their in-

clusion in regional and global carbon budgets despite a fruitful history of bio-

geochemical research (Atilla et al., 2011; Bennington et al., 2012; Brothers &

Sibley, 2018; Cavallaro et al., 2018; Cotner et al., 2004; McKinley et al., 2011;

Urban, 2005). The reasons for these gaps in knowledge are discussed below,
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but the consequences of underconstrained carbon biogeochemical budgets for

Earth’s largest freshwater ecosystems motivate scientific work to address this

gap at three levels: local, regional, and global.

At the local level, carbon biogeochemistry interacts with all aspects of el-

ement cycling, notably with nutrient nitrogen, phosphorous, and trace metal

cycling. These in turn play controlling roles in the balance of production and

respiration characterizing a lake’s trophic state. Examples of carbon cycling

altering nutrient and trophic dynamics may be found in systems subject to or-

ganic carbon loading, which has led in the western Lake Erie basin to periodic

bottom water anoxia and internal nutrient loading (Karim et al., 2011). Simi-

larly, changes to inorganic carbon concentrations can lead to carbon limitation

in systems subject to rapid CO2 drawdown, for example after an algal bloom

(James & Lee, 1974). Excess dissolved inorganic carbon modifies the acidity of

a water body. The negative ecological effects of acidification are explored more

fully in the ocean acidification (Doney et al., 2009), acid rain (Likens & Bor-

mann, 1974) and mine drainage (McKnight & Feder, 1984) literature, as well

as in the discussion below in Section 1.4.

At the regional scale, underconstrained budgets of carbon cycling impair

science and management ability to predict the effects of shifting climate and

element cycling on populations and water quality (Cavallaro et al., 2018). The

invasion of the Great Lakes by Dreissenid mussels provides a dramatic ex-

ample of an ecosystem engineer rapidly changing whole-lake organic carbon

metabolism and inorganic carbon and nutrient cycling. These changes may

have impacts on species dynamics, trophic states, and patterns of alkalinity

regulation with significant importance to water resources and fisheries man-

agement (Cuhel & Aguilar, 2013; Hecky et al., 2004; Li et al., 2021; Lin & Guo,

2016).

The global scale of Earth climate and carbon cycling also interacts with

large lake biogeochemistry in a two-way feedback reflecting perturbations to
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each system (Williamson et al., 2009). The Great Lakes in particular are sig-

nificant players in the regional carbon cycle, but as previously discussed, the

extent to which they act as sources or sinks to the atmosphere is uncertain.

Feedback of the lakes to the global increase in atmospheric CO2, whether pos-

itive (e.g. amplified CO2 efflux) or negative (e.g. storage of carbon) is similarly

unclear, and hinders their integration into terrestrial carbon budgets and earth

system models which help define, predict, and mitigate the continuing climate

crisis. This framework of local, regional, and global-scale relationships of car-

bon cycling in the Great Lakes shapes the projects presented in this work. Each

tackles one or more of the obstacles to better understanding of carbon cycling

in these spheres of influence.

The goals of this work are shaped and informed by three strategies which

enable study of Lake Superior’s inorganic carbon system:

• Develop and deploy analytical platforms to measure Lake Superior’s inor-

ganic carbon cycle with the precision, accuracy, and resolution necessary

to describe seasonal and interannual trends.

• Combine established observational products with new measurements to

produce descriptions of Superior’s inorganic carbon system variability in

space and time.

• Integrate inorganic carbon system trends with ecological consequences

and feedbacks to enable a fuller understanding of limnology in a world

of changing carbon biogeochemistry.

To these ends, observation and modeling projects were carried out over the

course of this dissertation research. They are described more fully in the fol-

lowing chapters:

• Chapter 2 describes the development of an instrument for measuring to-

tal alkalinity in freshwater and seawater which enhances the accessibility
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of this inorganic carbon parameter. This chapter was published as Sand-

born et al. (2023) in the journal Limnology and Oceanography: Methods.

• Chapter 3 presents an analysis of Lake Superior surface pCO2 describing

seasonal and interannual trends informed by the first multiannual time

series of underway pCO2 obtained on Lake Superior. This chapter was

published as Sandborn and Minor (2024) in the Journal of Geophysical Re-

search: Biogeochemistry.

• Chapter 4 expands on the underway pCO2 analysis with a gap-filling

model of surface pCO2 and CO2 air-sea flux which creates a continuous

observation-based product predicting Lake Superior surface pCO2 span-

ning 5 years.

• Chapter 5 synthesizes observations of inorganic carbon parameters and

Dreissenia polymorphia presence to discuss aragonite saturation state as

a predictor of the relationship between chemical drivers and calcifying

bivalve habitat.

• Chapter 6 presents a final discussion of the foregoing work, and puts

forward future research directions and related projects.

The remainder of this chapter reviews the present scientific knowledge of

carbon cycling in the Great Lakes with emphasis on the inorganic carbon cycle

of Lake Superior, describes the theoretical and practical aspects of inorganic

carbon chemistry in natural waters, integrates potential shifts in carbon cycling

with ecological context and feedbacks, and lays out gaps in knowledge and

opportunities with which the rest of this work interfaces.

1.1 Great Lakes carbon cycling

The Great Lakes make up the largest contiguous mass of surface fresh water

on Earth. Lakes Superior, Michigan, Huron, Erie, and Ontario (Figure 1.1)
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Table 1.1: Laurentian Great Lakes listed with volumes (Fuller & Shear, 1995),
mean DIC concentrations (McKinley et al., 2011), and dissolved inorganic car-
bon reservoir masses. Of note are the Lakes Michigan and Superior with nearly-
equal masses each representing approximately a third of the inorganic carbon
reservoir of the Great Lakes.

Lake Volume DIC Concentration DIC Reservoir
(km3) (µmol C kg=1) (Tg C)

Superior 12,100 860 125
Huron 3540 1569 66.7

Michigan 4920 2165 128
Erie 484 1782 10.4

Ontario 1640 1817 35.8

Total 22,684 366

together contain approximately 23,000 km3 of water, or about 20% of Earth’s

available supply. Nearly 40 million humans reside within the lakes’ 521,830 km2

watershed, comprising two countries, and historic and contemporary lands

of indigenous and first nations (Fergen et al., 2022). They range in maxi-

mum depth from 406 m (Superior) to 64 m (Erie), and in surface area from

82,100 km2 (Superior) to 18,960 km2 (Ontario) (Fuller & Shear, 1995). Their

waters act as reservoirs for approximately 366 Tg C inorganic carbon, domi-

nated by Lakes Michigan and Superior (Table 1.1).

In addition to their geographic superlatives, the Great Lakes are the set-

ting for a diversity of ecologic communities interacting along gradients of cli-

mate (subarctic to humid continental, Beck et al. (2018)), geology (Precambrian

shield to Quaternary glacial deposits, Kesler (2019)), trophic status and nutri-

ent availability (Sterner, 2021). These factors together demonstrate an inter-

connected web of interactions which contributes to abiding scientific interest

in the Great Lakes region. The overarching narrative produced by this interest

has been one of change: of climate change and glaciation before and during

human settlement (Saarnisto, 1974), of response to the pressures of human

presence stretching back at least 15,000 yr (Becerra-Valdivia & Higham, 2020),
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of water quality declines and improvements (Hartig et al., 2020), of challenges

to fisheries and other natural resources (Regier et al., 1999), and of broad scale

ecosystem shifts associated with invasive species (Escobar et al., 2018). In a re-

ductive sense, all of these changes connect with shifts in the global carbon cy-

cle: the industrial revolution which enabled exponentiation of human impact

was itself enabled by utilization of energy from fossil fuels which increased

atmospheric CO2 concentrations.

Such reasoning, however, ignores the intermediate connections between

changes in the Great Lakes’ ecology, physical characteristics, and biogeochem-

ical element cycling underlying, responding to, and feeding back to external

forcing. It is the goal of this dissertation to illuminate these connections and

describe a more mechanistic connection between the external forcing of atmo-

spheric carbon dioxide, lacustrine carbon cycling, and the character of large

lake ecology and physicochemical characteristics. To do so necessitates begin-

ning at the micro level of the inorganic carbon complex, which will set the stage

for an interface with the macro scale of global change and the Great Lakes.

1.2 The inorganic carbon complex

Inorgnic carbon plays a pivotal role in determining the chemical composition

of natural waters by responding to and regulating biological and geochemical

processes. It exists as aqueous CO2/carbonic acid (hereafter CO2* as the two

species are functionally indistinguishable), bicarbonate ion (HCO3
2 – ), carbon-

ate ion (CO3
2 – ), carbonate minerals in contact with natural waters (e.g. calcite,

aragonite, ikaite, dolomite, vaterite), and various ion pairs in solution, collec-

tively termed the “inorganic carbon complex” (Wetzel, 2001). These species

participate in a series of chemical equilibria described by thermodynamic equi-

librium coefficients K , the values of which depend on environmental condi-

tions including temperature, pressure, and ionic strength. For most practical

purposes, K which is a function of species’ activities (denoted with braces)
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at equilibrium is replaced by K ′, the apparent equilibrium constant which is

a function of species’ concentrations (denoted with brackets) at equilibrium.

Given an aqueous system at equilibrium with atmospheric pCO2 and sediment

CaCO3, and neglecting all other species present in natural waters, the inorganic

carbon complex can be summarized at a surface level by the reactions:

CO2(g)
K0
′

−−−⇀↽−−− CO2
∗ K0

′
=

[CO2
∗]

[CO2(g)]
(1.1)

CO2
∗ K1

′

−−−⇀↽−−−HCO3
− + H+ K1

′
=

[HCO3
−][H+]

[CO2
∗]

(1.2)

HCO3
− K2

′

−−−⇀↽−−− CO3
2− + H+ K2

′
=

[CO3
2−][H+]

[HCO3
−]

(1.3)

CaCO3

Ksp
′

−−−−⇀↽−−−− CO3
2− + Ca2+ Ksp

′
= [CO3

2−][Ca2+] (1.4)

H2O
Kw
′

−−−⇀↽−−−H+ + OH− Kw
′
= [H+][OH−] (1.5)

Here, [H+] encompasses the complex of acidic species (hydronium ions,

bisulfate, hydrofluoric acid) described in Section 1.3.3. In natural waters con-

taining many species interacting with the inorganic carbon complex (e.g. bo-

rate, fluoride, sulfate, sulfide, organic acids, etc.), this scheme represents a sim-

plified view of the inorganic carbonate system and its primary chemical species

and reactions. The accurate determination of inorganic carbon speciation and

associated biogeochemical cycling necessitates accounting for these additional

species’ concentrations and equilibrium reactions; see Section 1.3.5. The inclu-

sion of equilibrium with CaCO3 here is significant; Lake Superior lacks carbon-

ate minerals in its surface sediments in contrast to the remaining Great Lakes

(Thomas & Dell, 1978), which carries implications for its reaction to acidifi-

cation (Section 1.4) as well as for its suitability for invasive calcifying species
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(Chapter 5). It should be emphasized that the carbon cycle comprises both the

inorganic carbon complex as well as organic carbon cycling. A brief overview

of their interactions is necessary to establish the context for the inorganic car-

bon complex in natural waters, and motivate further discussion of analytical

approaches (Section 1.3) and applications 1.4 of inorganic carbon cycling sci-

ence.

1.2.1 Interaction of inorganic and organic carbon

Organic carbon interacts with inorganic carbon cycling at many points in a wa-

ter body’s carbon cycle. Although the inorganic and organic pools are separate,

they become closely associated by direct exchanges between their pools as well

as by co-association with other biogeochemical processes. These two categories

neatly (if somewhat arbitrarily) divide the present treatment of interactions

between organic and inorganic carbon cycles, which are discussed in greater

depth in the cited references.

Organic carbon, in both dissolved (DOC) and particulate (POC) forms, may

represent a relatively major or minor portion of a lake’s carbon pool, depend-

ing on the dynamic balance of organic carbon production, loading, and rem-

ineralization. Production of organic carbon occurs via autotrophy, in which

inorganic carbon is reduced and organic carbon is synthesized. Organic carbon

is remineralized biotically (e.g. respiration) and abiotically (e.g. photochemi-

cal degradation) to produce dissolved inorganic carbon. The changes to inor-

ganic carbon concentration and speciation resulting from organic matter pro-

duction and degradation may alter pH, affect carbon availability for primary

producers, alter CO2 gas flux, and shift the balance of particulate inorganic

carbon and dissolved inorganic carbon in sediments and the water column.

The give-and-take of coupled organic and inorganic carbon cycles results in

carbon recycling or turnover, which is measured as an indicator of biological

activity varying across lake systems in correlation with environmental factors



13

such as climate and water retention time. Lake Superior’s organic carbon pool

of approximately 16.2 – 21.5 Tg C (Cotner et al., 2004) is dwarfed by its inor-

ganic carbon pool of approximately 125 Tg C (Table 1.1) yet the short span of

its organic carbon turnover time (8 – 60 yr) relative to its hydrologic residence

time c. 172 yr implies rapid and repeated internal carbon recycling (Minor &

Oyler, 2021). These exchanges between inorganic and organic pools are com-

bined with other carbon inputs and outputs in Lake Superior’s carbon budget,

in which respiration and production constitute the largest terms and propa-

gate the most uncertainty to implied air-sea CO2 flux (Urban, 2005). Chapter

4 provides an updated look at Lake Superior’s carbon budget with a discussion

of the imprint of organic carbon processing on implied and observed CO2 flux.

Indirect interactions between lake organic and inorganic carbon cycles oc-

cur as a result of other biogeochemical element cycles. Representative exam-

ples may be found in nutrient cycling, particularly nitrogen and trace metal

cycles. Conversion among the various species of nitrogen in natural waters

(nitrate, nitrite, ammonia, organic nitrogen, dinitrogen) facilitates growth and

energy transfer as organisms use these species as substrates for respiration, ter-

minal electron acceptors, and essential building blocks of organic matter. The

chemical reactions changing the oxidation state of nitrogen (e.g. nitrification,

anammox) produce or consume dissolved inorganic carbon and alkalinity in

characteristic ratios proportional to the amount of organic matter produced

or consumed, shifting the equilibrium of the inorganic carbon complex (Wolf-

Gladrow et al., 2007; L. Xue & Cai, 2020). Similarly, changes to a water body’s

pH alter trace metal speciation, which has been observed to lead to altered

iron-mediated photochemical oxidation of DOC (Sulzberger, 2015) as well as

changes in organic carbon solubility as a function of trace metal complexation

(Winterdahl et al., 2014).

These examples of interplay between organic and inorganic carbon cycles

suffice to illustrate their coupling in both direct and indirect means. The projects

in the following chapters continue to engage with this subject, for example in
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the discussion of organic alkalinity as a player in the inorganic carbon com-

plex in Chaapter 2, and the inference of productivity and respiration as direct

drivers of pCO2 variability in Chapters 3 and 4.

1.3 Analytical approaches to inorganic carbon cycling

Several chemical parameters are defined and directly measured in water to de-

termine the state of the inorganic carbon complex: dissolved inorganic carbon

(DIC), total alkalinity (AT), the partial pressure of CO2 (pCO2), and pH. While

others (e.g. CO3
2 – ; Byrne and Yao (2008)) are occasionally directly measured,

their theoretical and analytical details are not described here.

1.3.1 Dissolved inorganic carbon

Dissolved inorganic carbon is the total amount of carbon dioxide dissolved in

sample of water, given as the sum of its dissolution products’ concentrations

(Equation 1.6). The units of DIC throughout this work are µmol C kg-1.

DIC = [CO2
∗] + [HCO3

−] + [CO3
2−] (1.6)

DIC is perhaps the most intuitive inorganic carbon parameter, as it repre-

sents a tangible quantity of matter dissolved in water. DIC has long been one of

the most well-defined chemical quantities used by inorganic carbon chemists.

It is most commonly measured by sparging CO2 from a solution of known

mass by addition of a strong acid, followed by quantification of the evolved

gas by coulometry or non-dispersive infrared light absorption. The imprint

of the increasing atmospheric CO2 burden in the surface ocean is captured

by increasing DIC, but seldom measured or represented as such due to diffi-

culty in discriminating the anthropogenic CO2 signal from background pre-

industrial DIC, productivity, and remineralization (Gruber et al., 1996; Sabine

et al., 2004). Subsequent chapters include the results of DIC analyses of Lake
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Superior water samples collected, preserved, and analyzed via oceanographic

best practices (Dickson et al., 2007) and used mainly for the purposes of con-

straining equilibrium calculation of other inorganic carbon parameters.

1.3.2 Total alkalinity

Total alkalinity is defined as “a measure of the proton deficit of the solution

relative to an arbitrarily defined zero level of protons” (Dickson, 1981) which

can then be calculated at the chemical species level as the sum of the concentra-

tions of the proton acceptors minus the sum of the concentrations of the proton

donors. The oceanographic zero proton level (established with reference to ex-

isting titration methods as well as convenient gaps among major species’ pKa

values) is pH = 4.5, which for the most common inorganic species in natural

waters implies (Wolf-Gladrow et al., 2007):

AT = [HCO3
−] + 2[CO3

2−] + [B(OH)4−] + [OH−] + [HPO4
2−]

+ 2[PO4
3−] + [SiO(OH)3

−] + [HS−] + 2[S2−] + [NH3]

− [H+]− [HSO4
−]− [HF]− [H3PO4] (1.7)

In practice, AT is determined via acidimetric titration in which the addi-

tion of a known amount of hydrochloric acid (sulfuric acid introduces error

by slightly modifying AT; see Appendix B) decreases the pH of a sample mon-

itored potentiometrically (Dyrssen & Sillén, 1967) or spectrophotometrically

(Yao & Byrne, 1998). The calculation of alkalinity from these titration data is

typically accomplished by single-endpoint (though this is not recommended;

Rounds and Wilde (2012)) or multi-point linear interpolation of a Gran func-

tion (Gran et al., 1950) in inland waters, but non-linear interpolation of a mod-

ified Gran function better accounts for multiple chemical equilibria and elec-

trode response function variability and uncertainty close to the zero proton
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level, and so has become standard in marine work (Dickson, 1992). A closely-

related concept in freshwater work is “acid neutralizing capacity”, which de-

notes the alkalinity of an unfiltered water sample (Rounds & Wilde, 2012).

In most natural waters, HCO3
– is the main source of AT, with CO3

2 – in-

creasing in importance with pH (Eq. 1.3). Each body of water has a distinct

set of non-carbonate proton acceptors and donors; in estuarine and marine wa-

ters, such species as borate, fluoride, (bi)sulfate, and others play increasingly

large roles in determining AT (and thus the state of the entire inorganic carbon

complex) with increasing concentrations frequently estimated from salinity. A

recent development is the recognition of organic acid-base systems which ex-

ert considerable influence on the inorganic carbon complex in waters across

the salinity spectrum (S. Liu et al., 2020). These have been termed organic

(or excess) alkalinity, but details on their occurrence, structure, and chemical

properties are difficult to define in the same way as the other AT species, be-

cause the dissolved organic matter (DOM) in a given parcel of water is a unique

and complex ensemble of organic molecules with variable dissociation and ion

pairing properties. Taking these issues into account requires an extended dis-

cussion of alkalinity measurement in freshwater systems, found in Chapter 2,

which develops a custom instrument advancing high-quality and accessible AT

measurement across the salinity spectrum.

Alkalinity is perhaps the least-intuitive of the inorganic carbon parameters

presented here by merit of its functional definition, multiple interpretations,

and computational complications. Despite these barriers, alkalinity remains

one of the most commonly-measured water chemistry parameters in inland

and marine waters alike. The multiple methods by which it is measured (and

thus defined) present serious difficulties to its incorporation into inorganic car-

bon system equilibrium calculations in inland waters (S. Liu et al., 2020), espe-

cially compounded with uncertainties and errors associated with pH analysis.
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1.3.3 pH

pH is a measurement of the chemical activity of hydrogen ions in solution.

It is frequently depicted as a measurement of acidity (actually a separate wa-

ter chemistry parameter defined as negative alkalinity; Stumm and Morgan

(1996)). This parameter is the focus of sustained attention in the context of

increasing atmospheric pCO2, as atmospheric CO2 invasion of surface waters

shifts carbonic acid dissociation equilibria (Equations 1.1-1.3), decreasing pH.

The definition of a thermodynamically-valid and computationally-useful pH

in terms of chemical concentrations carries a host of problems that have led to

the creation of multiple pH scales. The differences among these scales are not

always recognized across disciplines, creating barriers to accurate computation

with reported pH values.

The concept of pH as a logarithmic transform of hydrogen ion concentration

is taught in introductory science courses:

pH = −log10[H+] (1.8)

This definition suffers from the fact that hydrogen ions are bound to wa-

ter molecules to form hydronium ions, and interacting with all other ions in

solution to modify the true activity of H+. The NBS (National Bureau of Stan-

dards) scale was created in 1957 in an attempt to approach a pH defined by

the activity of the hydronium ion (R. Bates & Wichers, 1957) using standard

buffer solutions with assigned pH values. The NBS scale only approaches the

true activity scale in dilute media, in which unpredictable glass electrode liq-

uid junction potentials introduce uncertainty on the order of 0.02 units (French

et al., 2002; S. Liu et al., 2020). In media with higher ionic strengths (such as

seawater) and lower ionic strengths (such as Lake Superior) even larger drift,

bias, and uncertainty can arise (Stauffer, 1990; Young et al., 2022). To solve the

scale dilemma in marine work, several pH scales were proposed which defined

pH in standard buffer solutions with ionic strengths around that of seawater
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(c. 0.7). The Free scale (Eq. 1.9), Seawater scale (Eq. 1.10), and Total scale

(Eq. 1.11) differ in their inclusion or exclusion of bisulfate or hydrofluoric acid

species.

pHfree = −log10[H+] (1.9)

pHseawater = −log10([H+] + [HSO4
−] + [HF]) (1.10)

pHtotal = −log10([H+] + [HSO4
−]) (1.11)

For media with known (or estimated) concentrations of total sulfate and

fluoride, these values are readily inter-converted, but this depends on pH val-

ues being denoted with their scales, which isn’t always the case. At low ionic

strength (i.e. fresh water), the differences among free, seawater, and total scales

disappear, but the offset associated with the NBS scale does not because the

reference states of the NBS and oceanic pH scales assume that the activity

coefficient of H+ approaches unity when [H+] approaches zero in pure water

or seawater, respectively (Millero, 1986; Zeebe & Wolf-Gladrow, 2001). Two

methods are commonly employed for measurement of pH in natural waters:

potentiometry and spectrophotometry. The latter has come to be preferred by

investigators seeking discrete pH measurements with sufficient accuracy for

equilibrium calculations and detection of ocean acidification and other modes

of variability for which measurement uncertainty associated with glass elec-

trode potentiometry (in all but the best-controlled experiments; Easley and

Byrne (2012)) bars the latter’s use. Recent development of instruments based

on ion-sensitive field effect transistors (ISFET; Bagshaw et al. (2021) and Martz

et al. (2010)) have expanded the possibilities for deployed and autonomous pH

measurement, but their drift and need for calibration contribute to spectropho-

tometric methods’ continuing use in point measurements.

pH is measured spectrophotometrically in succeeding chapters, aligning
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with current best practices including correction for dye perturbation of sam-

ples, use of purified indicator dye, and flow-through cuvettes minimizing gas

exchange (Carter et al., 2013; X. Liu et al., 2011). Discrete measurements of

pH, AT and DIC produced in this work complement the continuous and au-

tonomous underway measurements of pCO2 employed in Chapters 2, 3, and

4.

1.3.4 pCO2 and CO2 air-sea flux

The partial pressure of CO2 of a given atmosphere in equilibrium with a parcel

of water is denoted as pCO2, given in this work in µatm. This parameter is mea-

sured with high accuracy in the headspace of a discrete water sample or in an

autonomous flow-through system connected to a vessel or mooring. Chapters

2, 3, and 4 include pCO2 measured using a SuperCO2 instrument equipped

with dual showerhead equilibrator connected to the underway system of the

RV Blue Heron, and Chapter 4 includes pCO2 measured using a CO2-Pro in-

stument deployed on a mooring and equipped with a membrane-based equi-

libration system; these two types of equilibrators represent the most common

methods in use. pCO2 is frequently discussed with fugacity (f CO2), which is

the activity of CO2 and nearly equal (within a few parts per thousand) to pCO2

under standard conditions, at which the CO2 fugacity coefficient a approaches

unity and

f CO2 = a× pCO2 (1.12)

Along with its advantages as a time series variable, pCO2 boasts a direct

mechanistic connection to CO2 flux across the air-water interface, the rate of

which has been experimentally shown to be proportional to the difference in

surface water CO2 concentration relative to the overlying atmosphere, scaled

by a gas flux velocity k (an empirical function of temperature, salinity, and/or

wind speed approximating complex boundary layer processes) and converted
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from partial pressures to concentrations by Henry’s constant Ko, resulting in a

bulk gas flux parameterization:

CO2 Flux = k ×∆[CO2]water−air = kKo × (pCO2water − pCO2air) (1.13)

The choice of k is by no means trivial (Ho et al., 2011; Wanninkhof, 1992). A

condensed discussion of various air-sea gas flux parameterizations is presented

in Chapter 3, which attempts to convey the uncertainty attached to application

of a gas flux model to large lakes. Applications of pCO2 underway time series

measurements are developed further in Chapter 3 and incorporated into the

training and validation of a machine learning predictive model in Chapter 4.

1.3.5 Equilibrium calculations with inorganic carbon parameters

Implicit in the definitions and choice of measurable inorganic carbon parame-

ters is the assumption that one may calculate the value of any measurable in-

organic carbon parameter (and many more unmeasurable) from any two oth-

ers, given the additional context of temperature, depth, salinity, and reason-

able assumptions of the relevant equilibrium coefficients and non-carbonate

species’ concentrations. A suite of software packages have been developed for

this task, most of which are essentially equivalent in ability and result (Orr

et al., 2015); this work uses PyCO2SYS (Humphreys et al., 2020). These tools,

however, were designed for marine and estuarine settings. Adaptation to in-

land waters necessitates consideration of other pertinent differences, such as

the definition of parameters (AT, pH), choice of carbonic acid equilibrium co-

efficients, and matrix differences. While software designed for inland water

equilibria (i.e. PHREEQC; Pötter et al. (2021)) has a long history of use, it was

not found suitable for this work given its lack of uncertainty propagation and

other shortcomings.

Differences in inorganic carbon parameter definitions have been discussed
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in previous sections, and are best exemplified by the competing definitions of

pH and alkalinity. When a reported value is known or justifiably-assumed to

conform to the definitions of one of the four pH scales (NBS, free, etc.) or the

rigourous definition of AT, the appropriate choices can be made in the soft-

ware; otherwise, additional error is propagated to output values. This and

other sources of measurement uncertainty have contributed to longstanding

systematic and unsystematic errors associated with freshwater inorganic car-

bon equilibrium calculations (Golub et al., 2017).

The choice of carbonic acid apparent equilibrium coefficients best-suited

for inland waters falls largely to comparison of the salinity range across which

they were constrained against that of a study system. Of the coefficient sets in

common use, only three are considered valid for salinities less than 1: those

of Millero (1979), Cai and Wang (1998), and Waters et al. (2014). Millero’s

work was a linear extrapolation of marine equilibrium coefficients to infinite

dilution, while Cai and Wang constrained their coefficients by observations

along estuarine salinity gradients, and Waters et al. modeled equilibria us-

ing a Pitzer ion-association model constrained by buffers along a wide salinity

gradient. Previous work indicated that the coefficients of Cai and Wang led to

less error in pCO2 measured and calculated from pH and AT (Minor & Brink-

ley, 2022). This work found greatest consistency in the coefficients of Waters et

al. (which weren’t available to Minor & Brinkley) when well-defined pH and

AT measurements were combined with adjustment for the chemical matrix of

Lake Superior by specifying major ionic concentrations (Chapter 2). These as-

sumptions inevitably contribute uncertainty to the calculated inorganic carbon

parameters, which must be combined with that generated from measurement

uncertainty in a repeatable and rigorous fashion.
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Propagation of Uncertainty

Efforts to observe inorganic C cycling in aquatic systems can be helped or ham-

pered by the choice of observable parameters, specifically by how their mea-

surement uncertainties propagate to a desired calculated parameter (Orr et al.,

2018). Uncertainty in an analytical sense is defined as a function of both pre-

cision and accuracy, representing an interval within which a true value may

be found. For calculated parameters, the uncertainties of variables within its

function must be combined and propagated. The uncertainty uy of an output

variable y which is a function of input variables x1,x2, ...xn can be found via

Taylor series expansion (neglecting covariance; cf. Dickson and Riley, 1978;

Orr et al., 2018) as

uy =

√√
n∑
i=0

( ∂y∂xi
)2

u2
xi

 (1.14)

Application of this formula to calculation of uncertainty propagated from

measured inorganic carbon parameters to calculated parameters often neces-

sitates many terms and complicated partial derivatives. As a simple example,

DIC can be explicitly calculated from AT and pH (Appendix B in Zeebe and

Wolf-Gladrow (2001), neglecting borate and other minor equilibria):

DIC =

(
AT −

K∗W
[H+]

)(
1 + K∗1

[H+] + K∗1K
∗
2

[H+]2

)
K∗1

[H+] + 2K∗1K
∗
2

[H+]

(1.15)

Applying Equation 1.14 to Equation 1.15 results in a lengthy series of par-

tial differential equations containing the uncertainties of AT, [H+], and the var-

ious equilibrium constants. This analytical process is unwieldy in manual ap-

plication, so numerical methods are employed to produce propagated uncer-

tainties more efficiently. This work makes use of propagation routines built

into inorganic carbon equilibrium calculation software PyCO2SYS to illustrate

the value of improved measurement accuracy and precision (Chapter 2, Fig. 1)
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and careful choice of measured parameters propagating with minimal relative

error (Chapter 4, Section 1.3).

The analytical tools described in the preceding sections are key elements

in research observing and modeling the inorganic carbon complex of natural

waters. The following sections present the motivation and strategies for their

use in this work.

1.4 Shifts in inorganic carbon cycling

With the mechanisms and theoretical aspects of the inorganic carbon complex

summarized, their roles in hypothesized carbon cycle shifts in the Great Lakes

are considered, along with strategies for detecting shifts which underlie the

succeeding chapters. The role of atmospheric CO2 in shifting surface water

carbon cycling has been described, along with attendant acidification, atmo-

spheric CO2 invasion, modification by feedbacks such as temperature and al-

kalinity changes, and ecological consequences of these and other interacting

stressors of aquatic communities. Observing and predicting these effects in in-

land waters, specifically in the Great Lakes, motivates consideration of their

connections to this dissertation.

1.4.1 CO2 invasion

CO2 invasion of surface water is a rise in DIC driven by a parallel rise in at-

mospheric concentrations over a defined period which may be sub-seasonal

to multiannual. This phenomenon leads to the surface ocean acting as a sink

for approximately 30% of anthropogenic CO2 emissions (Friedlingstein et al.,

2023). As previously argued, any surface water body must negotiate this same

equilibrium and potentially undergo atmospheric CO2 invasion. Detecting

CO2 invasion in Lake Superior, specifically over interannual periods, involves

several assumptions and observational requirements.
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First, it is assumed that Lake Superior approaches chemical equilibrium

with respect to atmospheric CO2 repeatedly. This is implied by biogeochem-

ical modeling by Bennington et al. (2012) which illustrated repeated achieve-

ment of surface water atmospheric equilibrium. Second, it is assumed that

no other internal or external source of CO2 exists with an interannual trend

large enough to overwhelm the atmospheric signal. Despite research indicat-

ing that metabolic components of Lake Superior’s carbon budget exhibit sig-

nificant interannual variability (Brothers & Sibley, 2018), no sustained source

or sink is evident. Third, it is assumed that capturing seasonal variability in

observations of inorganic carbon parameters will allow deconvolution of an in-

terannual trend from smaller-period variability, which has been a persistent

obstacle to previous research pioneering this inquiry (Minor & Brinkley, 2022;

Minor et al., 2019). Lastly, it is assumed that decreasing measurement uncer-

tainty through the use of sampling and analytical techniques with improved

accuracy and precision will increase signal-to-noise ratios.

These assumptions inform the work in Chapter 2, which describes improved

instrumentation for AT analysis paired with DIC and pH analyses of Lake Su-

perior water. They also come into play in Chapter 3, which isolates an interan-

nual trend in observed Lake Superior surface water pCO2 relative to previous

modeling work which parallels the atmospheric trend. The inorganic carbon

parameter measurement techniques and trends are once again used in Chapter

4 to produce and validate a spatially-comprehensive multi-annual description

of surface water pCO2 seasonal cycling and CO2 flux, which together support

continuing, repeated, and rapid atmospheric equilibrium of Lake Superior sur-

face waters with rising atmospheric CO2. This work interfaces further with

hypothesized lake acidification as a symptom of atmospheric CO2 acidifica-

tion.
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1.4.2 Acidification

It has been hypothesized that the Great Lakes will experience acidification mir-

roring Ocean Acidification (Phillips et al., 2015), but the equilibrium of atmo-

spheric and lake CO2 and interactions with other variables (warming waters,

decreasing ice cover, river alkalinity delivery, and variable lake levels) remains

relatively poorly-understood. Discussion of the Great Lakes acidification hy-

pothesis would benefit from reinterpretation of the forecast of Phillips et al.

using updated atmospheric CO2 forcing and integration of a novel feedback in

the form of CaCO3 compensation.

The years since publication of Phillips et al. have seen updates to the In-

tergovernmental Panel on Climate Change (IPCC) CO2 forecasts (IPCC, 2022)

and better-constrained lake warming trends (P. Xue et al., 2022). For the sake

of brevity and focus on the best-understood systems, acidification forecasts

are presented for lakes Superior and Michigan using the core assumptions

of Phillips et al: no seasonality and equilibrium with atmospheric CO2 in

addition to a further simplifying factor of constant 4 °C water temperature.

These assumptions have a physical basis during and after spring destratifica-

tion, when surface waters warm to the temperature of maximum density and

cause whole-column mixing. The most important difference between lakes Su-

perior and Michigan in terms of acidification regulation is the total absence

of particulate inorganic carbon in the water and sediments of Lake Superior

and its prevalence in Michigan (evidenced by whiting events, the frequency

of which has decreased in recent years in lakes Michigan and Ontario in part

due to Dreissenid sequestration of CaCO3; Barbiero et al., 2006). Particulate

inorganic carbon as CaCO3 represents a potent buffer to decreasing pH, well-

studied in the oceans as the primary millennial-scale sink of anthropogenic

CO2 (Archer et al., 1998). A buffering process that will take millennia in the

ocean (characterized by millennial-scale overturning) may take only months

or years in a dimictic lake characterized by twice-annual full-column water
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mixing which exposes carbonate sediment to recently-ventillated waters. An

extended description or model of the kinetics and thermodynamics of this sed-

iment buffer is beyond the present work, which presents a simplified acidifi-

cation model for the purpose of motivating and contextualizing the following

chapters.

Mirroring the work of Phillips et al., constant AT was assumed for both

lakes in the scenario without CaCO3 compensation, which was used together

with an assumption of equilibrium with overlying atmospheric CO2 concentra-

tions from IPCC scenarios to calculate pH at a constant 4 °C using PyCO2SYS

software, using the coefficients and constants discussed in Section 1.3.5. For

the case of CaCO3 compensation in Lake Michigan, constant CaCO3 (calcite)

saturation state was assumed, implying neutralization of the atmospheric CO2

signal to maintain present saturation state conditions (mirroring the simplified

buffering model presented by Sarmiento and Gruber (2006), their Chapter 10).

The resulting pH forecast, extending to 2120, is presented in Figure 1.2.

The most striking aspects of this simplified acidification forecast are the

wide spread of acidification results over the next century as well as the sub-

stantial negative feedback of CaCO3 compensation at work in Lake Michigan.

The spread in acidification is driven by the diverging scenarios formulated in

the most recent IPCC report, implying that incremental climate change mitiga-

tion efforts may bring about significant gains in preventing lake acidification.

The rates and magnitudes of projected acidification essentially match those of

surface ocean acidification over the same time span (Jiang et al., 2023). CaCO3

compensation approximately halves acidification in Lake Michigan, but does

not eliminate it completely. This forecast lacking seasonality likely ignores

important effects, such as CaCO3 dissolution in undersaturated hypolimnia

during stratified periods (which was responsible for varved CaCO3-containing

sediments in Lake Superior during the last glaciation; Thomas and Dell, 1978).

This acidification forecast remains a decidedly tentative hypothesis, subject

to confirmation of atmospheric CO2 invasion, pH trends, and feedbacks such
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Figure 1.2: Simplified acidification forecast for Great Lakes Superior and
Michigan, after Phillips et al. (2015). IPCC predictions of atmospheric CO2
concentrations for 5 pathways were used to force calculations of inorganic
carbon equilibria at a constant 4 °C which assumed constant total alkalinity
(solid lines) or constant CaCO3 saturation state (dotted lines, Michigan only).
PyCO2SYS software was used to perform equilibrium calculations.
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as CaCO3 compensation. Elements of this dissertation include development

of tools and strategies for observing any alkalinity feedback to acidification in

Chapter 2, illustrating large seasonal variability of calculated pH in Chapter

3 which may obscure present and future trends, discussing and quantifying

spatial heterogeneity of inorganic carbon parameters in Chapter 4 which com-

plicate presentation of mean lake conditions, and engaging with ecological out-

comes of acidification in Chapter 5. This last subject deserves further context

in a brief discussion of Great Lakes ecosystems and a shifting inorganic carbon

cycle.

1.4.3 Ecological interactions

With global drivers and chemical mechanisms of the changing CO2 cycle es-

tablished, a brief overview of ecological outcomes is necessary to reconnect the

micro scale of the succeeding studies to the macro context of lacustrine ecosys-

tems. Just as gaps exist in the scientific knowledge of inland water CO2 cycling

in the face of the anthropogenic perturbation, so too does ecological knowl-

edge of effects of this phenomenon suffer from insufficient study. Once again

reference is taken from the marine world, in which higher pCO2, lower pH,

changes to oxygen availability, warming waters, and related co-stressors have

spurred intensive study of their effects at all levels of ecological organization.

In brief, oceans which are “warming up, turning sour, losing breath” (Gru-

ber, 2011) stand to harm ecosystem structure and function by degrading the

survival and reproduction of organisms, shifting or diminishing their popula-

tions, and fracturing stressed communities, which contributes to the picture of

ecosystems threatened by intersecting stressors (Breitberg et al., 2015).

These findings have been developed by observational and experimental stud-

ies informed by well-constrained models of marine chemistry and climate change.

In general, the analogous changes in inland water carbon cycling are more
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poorly-constrained for reasons that have already been discussed, which con-

tributes to a dearth of limnological studies of aquatic ecosystems undergo-

ing similar stresses. Recent studies have made headway towards alleviating

this gap in knowledge, postulating or observing ecological responses to rising

pCO2 (L. C. Weiss et al., 2018) and acidification (Johannesson et al., 2023).

Higher water pCO2 may cause metabolic challenges (Jeffrey et al., 2018) and

zooplankton behavioral changes (L. C. Weiss et al., 2018). Decreasing pH may

affect organisms via acidosis, changes to mineral and trace metal solubility, and

homeostasis challenges (Hasler et al., 2018).

The postulated and observed ecological effects of shifting inland water inor-

ganic carbon chemistry represent challenges as well as opportunities for lim-

nologists and biogeochemists seeking to understand how aquatic systems re-

spond to perturbation. The diversity of inland water ecosystem structures and

their varying sensitivities to atmospheric CO2 invasion would seem to imply

myriad possible outcomes of this threat, in seeming contrast to the mono-

lithic treatment of the ocean acidification trend superimposed upon the world’s

oceans. Closer reading of the marine literature indicates a diversity of sensitiv-

ities and feedbacks to anthropogenic CO2 invasion at chemical and ecological

levels (Doney et al., 2020). Further study of the manifold inland water en-

vironments in the context of the CO2 signal may contribute meaningfully to

the understanding of all Earth surface waters in a period of shifting inorganic

carbon cycling.

1.5 Summary

In this introductory chapter, context for the following work was introduced by

outlining the increasing atmospheric CO2 signal as a potential driver of large

lake carbon cycling shifts. Several hypotheses were enumerated and technical

approaches designed to address them, introducing and motivating a series of

observation and modeling projects described in the next four chapters, which
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seek to advance knowledge of inorganic carbon biogeochemistry in important

surface water resources.

One important point remains to be made: the social context and ethical

import of work to address the continuing climate crisis. This work is not moti-

vated solely by academic interest in chemical limnology and oceanography. Its

genesis is the pressing need for understanding given a clear and present danger

of ignorance and inaction. The climate crisis is a symptom of a planetary-scale

experiment with element cycling which has rapidly (on geological timescales)

effected a departure from the stable Holocene climate which allowed human-

ity to develop and thrive (Broecker, 1985). Much has been written and much

remains to be discovered about the drivers, mechanisms, and outcomes of this

perturbation to Earth’s carbon cycle, but the reason it must be uncovered and

shared is one of ethical imperatives. The widely-acknowledged ethical impera-

tive to mitigate and adapt to climate change is predicated on altruism informed

by the best empirical evidence of Earth’s future in a changing climate (Hoegh-

Guldberg et al., 2019). This implies a corollary imperative to perform work

informing and underlying these efforts. It is hoped that the succeeding chap-

ters incrementally yet meaningfully advance this goal.
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Abstract

Total alkalinity is a pivotal water quality parameter dictating the response of

natural waters to acid-base system perturbations such as ocean acidification
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and acid mine drainage. Its value as a biogeochemical and ecological variable

is enhanced not just by high measurement quality, but also by measurement

accessibility. This research demonstrates an instrument that advances the ac-

cessibility of high-precision, high-accuracy total alkalinity measurement using

open-source and low-cost instrumentation. Repeated testing of water samples

from Lake Superior demonstrated a measurement precision (standard devia-

tion or s.d.) of 3.0 µmol kg-1. Analysis of standards and reference materials

demonstrated an uncertainty of 5.3 µmol kg-1 (s.d.) as well as robustness to

fresh- and saltwater matrices. This instrument adds to the wealth of inorganic

carbon measurement technologies in marine and lacustrine settings and stands

to enhance the ability of both communities to generate accurate and accessible

measurements of total alkalinity.

Introduction

Alkalinity in natural waters plays a central role in determining pH and CO2

flux, as well as biogeochemical responses to perturbations including acidifica-

tion (Lerman & Stumm, 1989), whiting events (Morse et al., 2003; Müller et

al., 2016), and phytoplankton blooms (Verspagen et al., 2014). As a concentra-

tion of buffering species, alkalinity moderates acidification, such that aquatic

systems with relatively low alkalinity have been found to be more vulnerable

to anthropogenic acidification (Shadwick et al., 2013). Total alkalinity (AT) or

its closely related analogues and proxies (acid neutralizing capacity, phenolph-

thalein alkalinity, carbonate alkalinity, and others) are frequently measured in

scientific studies of lacustrine and marine systems and as water quality param-

eters by regulatory bodies. This study considers only total alkalinity, which

was defined at a zero level of protons of pH = 4.5 by Dickson (1981) as:
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AT = [HCO3
−] + 2[CO3

2−] + [B(OH)4−] + [OH−] + [HPO4
2−]

+ 2[PO4
3−] + [SiO(OH)3

−] + [HS−] + 2[S2−] + [NH3]

− [H+]− [HSO4
−]− [HF]− [H3PO4] (2.1)

where concentration is in units of moles kg-1 to ensure independence from

temperature and pressure. The zero proton level separates proton acceptors

(with pKa values above 4.5) from proton donors (with pKa values below 4.5),

and is an arbitrary but careful choice designed to enable use of AT as a parame-

ter of equilibrium calculations. In most fresh, oxic waters, this value is close to,

but not identical to that of carbonate alkalinity (AC), which excludes all terms

except the inorganic carbon, proton, and hydroxide concentrations:

AC = [HCO3
−] + 2[CO3

2−] + [OH−]− [H+] (2.2)

In many systems including oceans, saline lakes, euxinic waters, highly eu-

trophic bodies, and polluted waters, the other terms in equation 1 play a larger

relative role; in typical marine waters, AC/AT =∼93-95% (Zeebe & Wolf-Gladrow,

2001), while in Mono Lake, California, a similar value is obtained for its saline,

alkali waters (Oxburgh et al., 1991). In these and similar systems, AC is not a

useful approximation of AT for the purposes of equilibrium calculations and

studies of carbon cycling. Methods of AT determination involve titration of a

water sample with a strong acid to a pH endpoint, which may be measured po-

tentiometrically (Thompson & Anderson, 1940), spectrophotometrically (Yao

& Byrne, 1998), or conductometrically (Park et al., 1963). An improvement

upon single-endpoint titration methods is represented by Gran titration, which

involves acidimetric titration of a water sample past a defined zero proton

level to determine the endpoint titrant volume with a high degree of precision

(Dyrssen & Sillén, 1967). This method has been further developed into open-
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and closed-cell alkalinity titrations with standardized procedures adopted by

the oceanographic community (Dickson et al., 2007). Further applications of

alkalinity measurement may be found in management (Davis & Simon, 1995)

and aquaculture (Somridhivej & Boyd, 2016) contexts, in which accurate mea-

surements of alkalinity enhance its use as an environmental variable.

This study follows metrological convention in defining precision and uncer-

tainty (Eurachem Working Group on Uncertainty in Chemical Measurement,

2012). Precision denotes the variability of measurements about a mean value

caused by random error. Accuracy is a describes how a measurement differs

from the true or accepted value. Measurement uncertainty is a function of

both precision and accuracy, and is denoted by an interval within which the

true value of a measurand may be found. In this work, precision is estimated

using the standard deviation (s.d.) of replicate measurements, accuracy is de-

termined empirically from a measurement of standards, and standard mea-

surement uncertainty is expressed as the standard deviation of the difference

between a measured value and the known value for a suite of standards. This

study estimates measurement uncertainty via empirical means (Type A deter-

mination) and propagation of uncertainties (Type B determination) contribut-

ing to the uncertainty in AT. Standard errors (s.e.) are also indicated where ap-

plicable, for example, describing uncertainty in linear regression coefficients.

Chemical oceanographers have advanced the definition and measurement

of AT rapidly over the past century in pursuit of minimizing measurement

uncertainty, which makes AT more valuable as a parameter of oceanic inter-

action with anthropogenic CO2 and climate change (Dickson, 1992). Faced

with continuing ocean acidification and a changing carbon cycle, the Global
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Ocean Acidification Observing Network (GOA-ON) set AT measurement un-

certainty goals of 10 µmol kg-1 to observe short term (“weather”-level) vari-

ability and 2 µmol kg-1 to observe long-term (“climate”-level) variability (New-

ton et al., 2015). Such goals are made feasible by the oceanographic commu-

nity’s widespread utilization of standardized analytical procedures and refer-

ence materials (Bockmon & Dickson, 2015). No such goals, methodologies, or

reference materials have been elaborated for inland waters, despite calls for im-

proved measurement and standardization of inorganic carbon chemistry mea-

surements in the face of climate change and other anthropogenic impacts on

biogeochemical cycling (Phillips et al., 2015). It is not yet clear how suitable

Certified Reference Materials of ocean water are as analytical standards for AT

determination in water with different major ion concentrations and ratios than

the ocean, such as the freshwater Laurentian Great Lakes, or saline lakes such

as Mono Lake.

A high level of analytical finesse is necessary not just for detecting trends

and variability in AT, but also for accuracy in equilibrium calculations (such as

calcium carbonate saturation state) that use other measured inorganic carbon

parameters including pH, dissolved inorganic carbon (DIC), and partial pres-

sure of CO2 (pCO2). This latter parameter drives CO2 flux, and pCO2 can be

estimated from equilibrium calculations or measured directly without propa-

gating error from these calculations. That said, investigators of CO2 dynamics

in water must also measure at least two of the above-listed inorganic carbon pa-

rameters to constrain the inorganic carbon system and quantify the competing

biogeochemical drivers of pCO2. The potential pairs of parameters (pH-pCO2,

pH-AT, pH-DIC, pCO2- AT, pCO2-DIC, and DIC- AT) vary in their suitability

for equilibrium calculations as some pairs (e.g. pH-pCO2) exhibit significant

covariance when calculating other parameters (e.g. AT) (Orr et al., 2018).

Estimations of pCO2 as a function of measured AT and pH have been used

to constrain CO2 flux models of lakes and rivers thanks to the great quantity
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of measurements of these two parameters produced over the preceding cen-

tury (Cole et al., 1994); however, insufficient attention has been given to the

quality of these measurements until recently. Unpredictable biases in glass-

electrode pH measurements caused by liquid junction potentials have been

demonstrated to bias carbon cycling observations especially in low-ionic strength

waters (Golub et al., 2017), leading to the nascent yet growing use of spec-

trophotometric pH determination in inland waters (Young et al., 2022). A sim-

ilar advancement in technology is needed for lake and river alkalinity mea-

surements, which are produced via a variety of methods with little published

accounting for comparability, uncertainty, and bias. Biases in glass-electrode

pH measurement are likely to introduce uncertainty into single-endpoint po-

tentiometric AT titrations; less so the titration calculation method described

in Dickson (2007) and utilized in this work: the liquid junction potential is

subsumed into the calculated Nernst equation E* in a non-linear stepwise re-

gression carried out in the software associated with the instrument described

in this work.

Uncertainty (u) in pCO2 propagated from pH and AT can be visualized in

an error space diagram (Orr et al. 2018), which demonstrates the dual depen-

dence of pCO2 uncertainty on both pH and AT measurement quality (Figure

1). Uncertainty in inorganic carbonate parameters can be directly propagated

from u(pH) and u(AT) values using PyCO2SYS software in conditions like late

summer surface waters of Lake Superior. GOA-ON guidelines for “climate”

level uncertainty in pH and AT (approximately ±0.003 and ±2 µmol kg-1, re-

spectively) produce a propagated uncertainty in pCO2 of only ±2 µatm, while

“weather” level uncertainty (approximately ±0.02 and ±10 µmol kg-1) is asso-

ciated with a pCO2 uncertainty of ±17 µatm. This latter value is greater than

the diel variability in pCO2 observed in early summer 2001 in Lake Superior by

Atilla et al. (2011), greater than the annual variability of Earth’s atmospheric

pCO2, and greater than the mean daily difference between atmospheric and

surface water pCO2 in Lake Superior for large portions of the 5-year period



37

modeled by (Bennington et al., 2012). The uncertainty associated with mea-

surements of pH and AT in the Great Lakes National Program Office (GLNPO)

biannual surveys of Laurentian Great Lakes is estimated as 0.2 pH units and 50

µmol kg-1 (Minor & Brinkley, 2022), which propagate to a pCO2 uncertainty of

±163 µatm. Uncertainty in measured inorganic carbon parameters including

pH and AT has the potential to hinder carbon cycling studies and obscure bio-

geochemical observations of inland waters. This highlights the importance of

development and application of improved measurement capabilities for both

measurements.

A broad-scale challenge facing scientists and policymakers around the world

is the disproportionate under-sampling of inorganic carbon parameters in in-

land waters and developing coastal regions (McDonald et al., 2013; Raymond

et al., 2013). In reference to this gap in knowledge, Kim et al. (2022) empha-

size the importance of adopting a combination of open-source and low-cost so-

lutions to make high-quality carbon and greenhouse gas data generation more

accessible. Development of new instruments, analyses, and technologies makes

the prospect of a comprehensive global carbon observation network more fea-

sible (Harmon, 2020). This study attempts to remove some of the barriers to in-

creased quantity and quality of AT measurements in heretofore under-sampled

waters by demonstrating a new AT instrument based upon proven open-cell

titration techniques and optimized to utilize open-source and low-cost compo-

nents for the measurement of AT in inland or marine waters. This instrument

expands the accessibility of vital water chemistry measurements and bridges a

gap between oceanographic and limnological understanding of inorganic car-

bon chemistry.
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Figure 2.1: Error space diagram demonstrating the dependence of u(pCO2),
u(pH), and u(AT) in conditions of late summer surface waters of lake supe-
rior. AT = 850 µmol kg-1, pHT = 7.95, practical salinity = 0.05, and in-situ
water temperature = 10 ◦C. u(pCO2) is indicated with contours as µatm. The
carbonate equilibrium constants of Cai et al. (1998) were used based upon
improved system consistency in over-constrained measurements (Minor and
Brinkley 2022). Code for this diagram is available in Data S1.
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Materials

An instrument for AT analysis was constructed from commercially available

and custom-made components. Instrument functions are controlled by a Rasp-

berry Pi microcomputer, an open-source platform for both user interface and

data acquisition (Raspberry Pi 3 Model B+, Raspberry Pi Ltd.; any Raspberry

Pi model currently available should work as long as a 40-pin GPIO header is

available with standard Raspberry Pi pin layout). The Raspberry Pi is supple-

mented with a “DAQ HAT” (Data AcQuisition, Hardware Attached on Top)

module (MCC128, Measurement Computing Corporation) that collects 16-bit

analog voltage signals across a user-defined range (± 1 VDC for this case) from

a combination glass pH electrode (Ecotrode Plus, Metrohm) via a custom am-

plifier circuit designed by Texas Instruments (Instruments, 2013) (Supporting

Figure S1). While not a requirement, the custom circuit was assembled on a

Raspberry Pi breadboard HAT, mounting it directly above the MCC-128 DAQ

HAT and condensing the setup into a compact solution. The titration flask

temperature is monitored with a thermistor (DS18B20, Analog Devices) with a

resolution of 0.0625 ◦C and calibrated to an accuracy better than 0.1 ◦C against

a NIST-calibrated thermistor (RBRsolo T, RBR). Titration is carried out in a 250

mL jacketed borosilicate beaker (Wilmad-LabGlass) atop a stir plate with a

continuous flow of water controlled by a water pump (a gear drive pump was

used here, but an aquarium pump suffices) recirculating water from a 20 L

reservoir acting as a heat sink. This system employs titration flask tempera-

ture stabilization rather than temperature control in order to eliminate costly

bath temperature controllers and increase affordability and accessibility of the

method. Acid titrant is dispensed with a manual titrator (Hach 1690001) cali-

brated to have a volumetric uncertainty of 1.25 µL over a working range of 0-3

mL. The titrator calibration followed the procedure specified by Dickson et al.

(2007). In brief, a calibration curve was constructed by dispensing volumes of
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Figure 2.2: Instrument components, including stir plate, jacketed beaker, stir
bar, digital titrator, thermistor, pH probe, Raspberry Pi microcomputer, DAQ
HAT, amplifier circuit, and computer monitor. Water recirculation reservoir,
aquarium pump, and electrical wiring not shown.

ultrapure water, then weighing the dispensate, correcting for buoyancy, con-

verting to volume via a density factor, and plotting expected vs. calculated

volume to obtain a type-I linear regression with an uncertainty of volume de-

livered indicated above as the standard error of the dependent variable. In-

strument components are diagrammed in Figure 2 and pictured in Supporting

Figure 2.

All instrument functions are coordinated within an open-source Python

program, “RPi-Alkalinity” which provides a text-based interface for users to

conduct titrations, plot results, and manipulate instrument settings. Details
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of the RPi-Alkalinity software functions are provided in the Supporting In-

formation section and on its Github page (https://github.com/d-sandborn/RPi-

Alkalinity). While users need no knowledge of Python coding to operate the in-

strument (which enhances technical accessibility), this interface promotes the

flexibility of this instrument to adaptations in hardware and procedures. In-

strument components are listed in the Supporting Information to aid replica-

tion of this work. All numerical and statistical analyses in this study were com-

pleted using Python 3.7, utilizing various packages: PyCO2SYS (Humphreys et

al. 2020), Calkulate (humphreysmatthewp.CalkulateTotalAlkalinity2022),

Pandas (Team, 2023), Numpy (C. R. Harris et al., 2020), Scipy (Virtanen et al.

2020), Scikit-learn (Pedregosa et al. 2011), and Matplotlib (Hunter 2007).

Procedures

AT sample analyses were conducted as similarly as possible to the specifica-

tions of the oceanographic community-standard Best Practices SOP 3b open-

cell titration (Dickson et al. 2007). The pH electrode was calibrated in NIST-

traceable pH buffers (Fisherbrand) before use, requiring 15 minutes at the be-

ginning of every analysis session. A 100 g aliquot of water ±0.001 g was dis-

pensed into a jacketed beaker, which was lightly covered with paraffin film to

limit evaporation, connected to the recirculation system, and allowed to come

to a stable temperature. The pH electrode and thermistor were suspended in

the sample, and titration began after pH and temperature readings were stable

within 0.002 pH units and 0.05 ◦C, which usually took 4 minutes for samples

already at lab temperature. If probe readings were unstable before the next

step, over- or under-acidification could result from measured pH biases. Hy-

drochloric acid (HCl) titrant solution was added to the sample until it reached

a pH of 3.8, after which it was degassed by stirring vigorously with vortex-

induced bubbles for 6 minutes. Following the degassing process, acid was

added with a digital titrator (after ensuring the burette was free of bubbles)
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in increments of at least 12.5 µL and the probe potential measured after each

addition. The titration was concluded once the sample reached a pH of 3.0,

typically after 15-20 additions. Overall titration time per sample was gener-

ally 15 minutes, and a 7.5 hour work period yielded 20-24 sample analyses

with time allotted for instrument warmup, probe calibration, and standard

analyses. The Python package Calkulate was integrated into the Raspberry Pi

interface to calculate AT from paired measurements of dispensed titrant vol-

ume, electrode potential, and sample temperature over the pH range 3.5-3.0.

Analyses in which the titrand temperature changed by more than 0.05 ◦C were

rejected.

Titrant acid was prepared by diluting concentrated HCl (Macron, ACS grade)

with ultrapure (18.2 MΩ cm) water to approximately 0.25 mol kg-1. Titrant

acid was stored in acid-rinsed and combusted 500 mL borosilicate media bot-

tles with minimal headspace, then sealed tightly using the bottles’ plastic caps

and electrical tape around the cap-bottle interface until use. This titrant was

standardized against standard solutions as part of the Assessment section, be-

low. The standard titration procedure was the same as the sample titration

procedure, except that a ‘provisional’ AT was calculated with an assumed [HCl]

= 0.25 mol kg-1. This provisional AT informed the calculation of titrant con-

centration via the stepwise acid standardization procedure described in Best

Practices SOP 3a (Dickson et al. 2007). A standardized acid titrant concentra-

tion of 0.25237 ± 0.00029 (s.d.) mol kg-1 was calculated for the batch of HCl

used in all titrations in this study. The instrument software facilitates recal-

culation with revised sample masses, salinities, acid concentrations, and other

parameters.

Three standard solutions were prepared or obtained: Na2CO3 solutions pre-

pared from a solid, Certified Reference Material (CRM) batch 196 obtained

from the laboratory of Dr. A. Dickson at Scripps Institute of Oceanography,

and dilutions of CRM 196 in ultrapure water, referred to as “sub-reference ma-

terials” (SRM) hereafter. Na2CO3 standards were prepared with solid Na2CO3
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(Nacalai Tesque special analytical grade) dried in an oven at 270 °C for 4 hours

then cooled and stored in a desiccator. Additions of Na2CO3 with masses

known to within 0.001 mg (measured on a Sartorius M2P microbalance) were

dissolved into ultrapure water to create standard solutions with a mass ±0.001

g. SRM solutions were created with salinity and alkalinity gradients span-

ning 2-17 and 135-1119 µmol kg-1 respectively. Aliquots of CRM solution with

masses known to within 0.01 g were dispensed into acid-rinsed and combusted

500 mL borosilicate flasks with Apiezon-greased ground glass closures. These

solutions were diluted to approximately 300 g total volume with ultrapure wa-

ter with a mass known to within 0.01 g. Alkalinity and salinity were assumed

to act conservatively with respect to dilution with ultrapure water. Buoyancy

corrections were made to all gravimetric measurements (G. L. Harris, 2019),

which impacted standards’ salinities negligibly and AT concentrations by less

than 2 µmol kg-1. Certified Reference Materials were analyzed as provided.

All standards were analyzed identically, but two sets of thermodynamic

constants were employed in the calculation of AT from their titration curves

via the Calkulate Python package. Freshwater samples and Na2CO3 standards

were analyzed using the carbonic acid dissociation constants reported in Millero

(1979), along with estimated concentrations of total sulfate (Chapra et al., 2012)

and silicate (Johnson & Eisenreich, 1979) for Lake Superior samples. The car-

bonic acid dissociation constants of Lueker et al. (2000), the total borate to

salinity ratio of K. Lee et al. (2010), the total fluoride to salinity ratio of Perez

and Fraga (1987), and the bisulfate dissociation constants of Dickson (1990)

were used for CRM and SRM analyses. It is crucial for the accuracy of AT anal-

ysis that suitable sets of constants be used. To choose these, non-carbonate

alkalinity must be parameterized by salinity for marine and estuarine samples

(which are assumed to have relatively constant proportions of major ions to

each other) or otherwise determined (for example, by ion chromatography) for

inland waters that have varying major ion compositions.
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Assessment

Measurement precision and accuracy were investigated with analyses of paired

samples of water from Lake Superior. Measurement uncertainty was explored

with standard solutions of Na2CO3, and ocean water CRM and SRM solutions.

A subset of standard solutions was first used to standardize the acid titrant,

after which measurement uncertainty was estimated from a separate subset as

the standard deviation of errors from the differences between measured and

known AT. An additional estimate of measurement uncertainty was formu-

lated from propagation of estimated uncertainties associated with the calcula-

tion of AT.

An estimation of measurement precision was obtained via analysis of two

sets of lake water samples. Simultaneously with underway pCO2 measure-

ment with a SuperCO2 system (Sunburst Sensors), water samples were col-

lected from the surface of Lake Superior through the underway water system

of the R/V Blue Heron at two open-water sites in the Western Arm in October

2021. Site 1 was at N 46◦ 53.25’ W 91◦ 53.44’ near the outlet of the French

River into Lake Superior, while Site 2 was at N 46◦ 57.44’ W 91◦ 53.06’ in the

Western Arm of Lake Superior. Water was dispensed from the underway sys-

tem through silicone tubing into 500 mL borosilicate flasks with a full-bottle

overflow, given a 5 mL headspace, and poisoned with 140 µL saturated HgCl2

solution (Ricca). Practical salinity was calculated for each sample from un-

derway thermosalinograph-measured conductivity and temperature using the

equations of Hill et al. (1986). DIC was then analyzed via coulometry (CM150,

UIC, Inc.). Particulate inorganic carbon is non-existent in Lake Superior, so we

assume total inorganic carbon equals dissolved inorganic carbon. For alkalin-

ity measurements, samples were filtered through a GF/F to remove particulate

matter. From these two filtered water batches, 100-150 g aliquots (n=5) were
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analyzed for AT. Analysis results (Table 1) demonstrate a repeatable measure-

ment precision of 3.0 µmol kg-1 (s.d.) associated with AT analysis by this in-

strument. The measured values of AT and DIC are indistinguishable from the

values given in Chapra et al. (2012) and Zigah et al. (2011). The discrepancy

between measured and observed pCO2 is likely due in part to the influence

of proton-binding dissolved organic matter on carbonate equilibria (Kuliński

et al., 2014). If pCO2 at Site 1 is recalculated in PyCO2SYS using an assumed

DOM concentration of 100 µmol C L-1 (Zigah et al. 2011) along with assump-

tions of 14% of DOM providing acidic functional groups with a bulk Ka of 2.94

x 10-8 (both measured in the Baltic Sea by Kuliński et al. 2014) then the recal-

culated pCO2 of 309 µatm closely approximates the measured value. We do not

assert that DOM characteristics from the Baltic Sea accurately represent Lake

Superior, but the increase in pCO2 resulting from reasonable assumptions of

DOM properties is of the right magnitude to explain the discrepancy between

our measured and calculated values.

Standard AT solutions were analyzed in approximately 100 g aliquots with

masses ±0.001 g. 31 solutions provided 78 analyses (Supporting Table 3).

These data were randomly split into a training dataset (75% or n = 58) and

a testing dataset (25% or n = 20) with the “train test fit” function of the scikit-

learn Python package in order to avoid overfitting and provide an unbiased

assessment of uncertainty. The acid titrant concentration was calculated via

a stepwise linear regression from the training dataset, as previously noted.

This titrant standardization allowed calculation of measured AT in the test-

ing dataset, after which the measurement uncertainty was then evaluated as

the standard deviation of the distribution of errors (measured AT - known AT)

in the testing dataset. This train/test process was repeated 100 times with dif-

ferent random dataset splits to yield an acid titrant concentration of 0.25237 ±
0.00029 (s.d.) mol kg-1 and a mean measurement uncertainty of 6.3 µmol kg-1.

The calibrated AT measurements of all 78 trials illustrate a standard curve (Fig-

ure 3a) with a type-I linear regression slope (1.000 ± 0.001 s.e.) insignificantly
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different from unity and an intercept (0.87 ± 1.2 s.e. µmol kg-1) indistinguish-

able from the origin. This study employed standards spanning a wide range

of AT and salinity values encountered in inland, estuarine, and marine waters.

Carbonate standards displayed a mean absolute error of 4.0 µmol kg-1, while

SRM solutions displayed a larger mean absolute error of 7.3 µmol kg-1. SRM

and CRM standards performed similarly to carbonate standards in terms of

within-bottle measurement precision, but a higher mean absolute error was

observed among SRM solutions (Figure 3b), which is likely due to random er-

rors during preparation of the SRM solutions by dilution of the CRM standard.

It is recommended that all AT analyses with this instrument be referenced to

and corrected with multiple reliable reference materials with a range of AT

exceeding that of samples. Titrant standardization and correction similar to

the method used above is already built into the Calkulate package, which can

calibrate titrant concentration and apply a correction based upon results of

standard analyses.

Analysis of CRM batch 196 resulted in a mean measured AT that was 4.5

µmol kg-1 (n = 2) higher than the certified value of 2215.32 µmol kg-1 and falls

within the stated uncertainty of this instrument. While a difference in ionic

strength existed between the reference material (I ∼ 0.7 M) and titrant acid

(I ∼ 0.25 M), the decrease in ionic strength of the sample matrix does not ex-

ceed 1% for a typical titration of a 100 g sample. Nonlinearity in the Gran

function due to changing proton activity and liquid junction potential might

be expected given a change in titrand ionic strength during titration, but none

was observed; R2 values of linear regressions of the Gran function over titrant

volume exceeded 0.9995 for each CRM and SRM analysis and were indistin-

guishable from the freshwater background standards in shape or behavior.

An additional estimation of measurement uncertainty associated with AT

analysis by this instrument can be developed via propagation of uncertainties

through the alkalinity calculation software employed by this study. AT is cal-

culated as a function of titrant mass (mHCl), titrant concentration (CHCl), and
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Figure 2.3: (a) Standard curve for total alkalinity analysis of standard solutions.
A 1:1 line is plotted for reference, which is indistinguishable from the type-I
linear regression of these data. (b) Control chart indicating error in measured
AT for all standards. Dashed lines indicate the “climate” goal of ±2 µmol kg-1

for AT measurement uncertainty indicated by Newton et al. (2015). Dotted
lines indicate the “Weather” goal of ±10 µmol kg-1.
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sample mass (mSample) via the equation:

AT =
CHCl ·mHCl

mSample
(2.3)

Titrant concentration was determined to be 0.25237 ± 0.00029 (s.d.) mol

kg-1 and sample masses are typically ˜100 and measured to ±0.001 g. The un-

certainty in acid titrant mass (u(mHCl)) can be determined from the uncertainty

in the x-intercept of the Gran function. u(mHCl) is dependent upon, e.g., tem-

perature drift, probe calibration drift, electronic noise, and evaporation effects.

Temperature drift is eliminated for this instrument by its recirculating system,

while evaporative concentration is insignificant over the course of a 15-minute

titration in laboratory conditions. Probe calibration drift is of little concern

because the AT calculation algorithm does not rely upon the pH probe’s cali-

bration, but instead calculates its standard potential for the Nernst equation

for each titration (Dickson et al. 2007).

The noise-related uncertainty in the Gran function intercept can be esti-

mated by a jackknife resampling analysis of titration curves, in which AT anal-

yses of standards and reference materials were each resampled by removing

one point of their titration curves, after which AT was calculated with the re-

mainder of the curve. This was done repeatedly for 10 samples of Lake Su-

perior water, once for each titration point, yielding a mean AT and standard

deviation for each, from which a corresponding mean titrant mass of titrant

and its uncertainty was calculated. Jackknife resampling analysis code is pro-

vided in the Supplementary Information. The mean standard error of titrant

mass was 32 µg.

Given the uncertainty estimates for each term in Equation 3, the resulting

uncertainty in AT (u(AT)) in equations 5 and 6) can be propagated for a sample

with a mass of 100.000 g and AT = 1000. µmol kg-1, requiring 0.400 g titrant

(as described in equation 4):
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0.001
mol
kg

=
0.25051mol

kg · 0.400 g

100.000 g
(2.4)

u (AT ) = AT

√√√√(
u (CHCl)
CHCl

)2

+
(
u (mHCl)
mHCl

)2

+

u
(
mSample

)
mSample


2

(2.5)

= 1000
µmol

kg

√(
0.00029 mol kg−1

0.25237 mol kg−1

)2

+
(

0.000032 g

0.39919 g

)2

+
(

0.001 g

100.000 g

)2

(2.6)

The uncertainty in AT is dominated by the titrant calibration, which dis-

plays a relative uncertainty of 1.1 ppt. The resulting propagated standard un-

certainty of 1.2 µmol kg-1 approximates and contributes to the experimentally-

determined uncertainty of 5.3 µmol kg-1. We note that the Python package

Calkulate also provides a function estimating uncertainty in measured AT as

a function of titration curve variability, but it does not propagate error from

other sources.

The effect of decreasing sample volume can be estimated by recalculating

Equation 6 for the volume of interest; halving the sample volume (as well as the

required titrant) nearly doubles the propagated uncertainty to 1.9 µmol kg-1.

The pH probe used in this study has a geometry which limits sample volume to

greater than approximately 60 mL. Smaller sample volumes may decrease the

time needed for CO2 sparging and amount of acid titrant consumed, leading to

less time and expense per sample but larger measurement uncertainty.

Regardless of whether experimentally-determined or propagated measure-

ment uncertainties are considered, the AT instrument described in this study

achieved a measurement uncertainty well within the “weather” goal of the

GOA-ON framework, justifying its use to produce high-quality low-cost open

source measurements of a crucial carbon cycling parameter.
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Discussion

This study describes a development in the science of AT measurement and

demonstrates the capabilities of an instrument designed upon open-source,

low-cost principles. Replicate AT analysis of lake water samples indicated a

measurement precision of 3.0 µmol kg- (s.d.), while analyses of standard so-

lutions demonstrated an empirical measurement uncertainty of 5.3 µmol kg-1

(s.d.). This result was reinforced by a propagation of uncertainties associated

with titration, which resulted in a propagated measurement uncertainty of 1.2

µmol kg-1. We hypothesize that the discrepancy between the two estimations of

uncertainty is associated with uncertainty in the preparation of standard solu-

tions. This instrument produces results falling within the GOA-ON “weather”

goal (Newton et al. 2015), fulfilling the stated goal of this study to develop an

instrument suitable for accurate and cost-effective measurement of AT.

One significant decision made in this study when developing a method of

alkalinity determination was the choice of titrant acid. Hydrochloric acid (HCl)

was chosen for several reasons: it is a relatively cheap and accessible reagent;

it is a strong acid; it is the standard titrant in oceanographic AT titrations; and

it carries no risk of forming protonated species at the pH range of Gran titra-

tion (pH 3.5-3.0). Sulfuric acid (H2SO4) has been used by many investigators

as a titrant, but it forms bisulfate ions at pH levels approaching its second acid

dissociation pKa ∼ 2. This carries some ramifications for single-point titrations

(which cease at or around pH 4.5) and even more for Gran titrations, which

continue to around pH 3.0. While knowledge of sulfate equilibrium constants

allows accounting for bisulfate ion formation in AT titration analysis software

such as Calkulate (Humphreys, personal communication), the problem can be

avoided altogether with HCl. Biases associated with sulfuric acid titrants are

considered in greater detail in the Supporting Information. The acid titrant

standardization determined in this study appeared to be stable over a period

of months in tightly-sealed bottles, but this must be determined with periodic
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standard analyses (preferably with AT standards bracketing expected sample

concentrations and spanning several orders of magnitude) and the use of con-

trol charts.

Apart from measurement uncertainties created by methodology, environ-

mental factors such as high concentrations of particulate and dissolved organic

matter also pose a challenge to high-quality measurements of inorganic carbon

parameters. Proton-accepting behavior of organic matter has been termed “or-

ganic alkalinity” or “excess alkalinity”. In sufficiently high concentrations, as

in bog lakes, tannin-rich rivers, the coastal ocean, and eutrophic ponds, the

interaction of organic matter with the inorganic carbon complex can shift con-

centrations and behavior of carbonate species, potentially biasing observations

of carbon cycling (S. Liu et al., 2020; Sharp & Byrne, 2020). The instrument de-

scribed by this study is expected to be similarly affected by organic alkalinity

as the instrumentation of other investigators. While filtration methods have

been suggested to deal with particulate matter (Bockmon & Dickson, 2014),

dissolved organic alkalinity can be quantified by one of several titration meth-

ods (e.g. Cai et al., 1998), which this instrument could be readily modified

to accomplish. The significance of organic alkalinity to the inorganic carbon

complex varies according to its concentration and acid dissociation constant;

organic matter with pKa values between 5 and 7 exert the greatest influence on

measurements of AT and may bias the fit of the Gran function (Sharp and Byrne

2020), potentially requiring novel titration curve fitting methods (Michałowski

& Asuero, 2012) and/or inorganic carbon equilibria calculations explicitly ac-

counting for organic alkalinity (B. Yang et al., 2015). Improved measurement

of carbon cycling across the marine-lacustrine spectrum would be aided by

further research should investigating the link between organic matter and the

inorganic carbon complex.



53

The lake water samples collected in this study were poisoned with a satu-

rated HgCl2 solution because DIC and AT were measured using the same sam-

ple. Poisoning samples for AT analysis is unnecessary if samples are to be an-

alyzed immediately (Dickson et al. 2007), or filtered to 0.45 µm and stored for

up to 6 months (Moore et al., 2023; Mos et al., 2021). Hg (II) solutions present

a significant safety and environmental hazard; the necessary precautions for

handling Hg (II) may hinder the accessibility goals of this research, so it is

recommended that investigators carefully consider their use of Hg-poisoned

water samples. Investigators of freshwater and coastal processes should also

note the potential for Hg-organic alkalinity complexes (Mos et al. 2021) to bias

AT measurements made using this instrument just as for other AT instruments.

The open-source low-cost design philosophy guiding the development of

this study ties into the broader picture of open science. This initiative seeks

to increase access to both the means and products of scientific inquiry. While

the drivers and outcomes of this initiative are discussed at length elsewhere

(National Academies of Sciences, 2018), this research delivers a product in line

with its goals. Open-source low-cost instrumentation such as that described

here has the potential to increase the accessibility, reproducibility, and inclu-

sivity of the means of science. These goals would be compromised in an instru-

ment requiring frequent maintenance; however, over the course of more than

500 titrations in connection with this work and other projects not detailed here,

the only regular maintenance involved refilling the acid burette and pH probe

filling solution as per the manufacturer’s instructions. The performance of the

digital titrator was observed to decline over time. This titrator had been used

in other studies for 4 to 5 years before being incorporated into this project and

its plastic and metal parts developed considerable corrosion over the course of

this work. We encourage analysts to investigate alternative titration systems or

to assess the digital titrator regularly and plan on replacing it every few years.
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Comments and Recommendations

The instrument described in this study represents a balancing act of open-

source low-cost design philosophy and analytical finesse. The requirements

of the inorganic carbon chemistry community along with the requirements of

value-conscious investigators together inform the solution presented here. We

assert that this instrument represents a substantial improvement upon alka-

linity measurement systems available at a similar price point (see Supporting

Information for comparison) in terms of accuracy and precision of results. It

combines a proven procedure with innovative components to increase the ac-

cessibility of high-quality AT measurement which will inform scientific knowl-

edge of Earth’s changing carbon cycle. The flexibility and open-source nature

of this instrument’s design opens the door to further modifications and im-

provements in instrumental analysis. The acknowledged labor-intensive oper-

ation of this instrument could be addressed with a syringe pump automated

by the instrument’s Raspberry Pi microcomputer in an exchange of labor for

additional instrumentation cost and power needs. Portability and field deploy-

ment might also be accommodated by the design of this instrument. Given a

12 VDC power source (such as a conventional lead-acid battery) with the req-

uisite connections to the Raspberry Pi microcomputer, stir plate, and aquar-

ium pump, this instrument could conceivably measure AT in the field and in

locations without a reliable electricity supply. We note that the signal ampli-

fier circuit appears to be sensitive to mechanical vibration and electromagnetic

field sources, which may constrain its use to laboratory or field camp settings

rather than shipboard deployments. Inclement weather could also pose a bar-

rier to deployment if waterproofing measures are not taken as suggested in the

Supporting Information. Future work should explore novel deployments as

well as further cost-saving improvements to expand the horizons of inorganic

carbonate parameter measurement.
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This study used carbonate solutions, Certified Reference Materials, and di-

lutions of the latter to demonstrate the abilities of a novel AT measurement

system. These solutions were prepared with ionic strengths and AT compa-

rable to a wide range of inland, estuarine, and marine waters. All standard

solutions were analyzed with identical methodologies, using a titrant with a

deionized water background, and produced indistinguishable results when AT

(rather than merely carbonate alkalinity) was calculated with a non-linear step-

wise regression method. We suggest that Certified Reference Materials may be

used by investigators measuring AT across the spectrum of fresh to saline wa-

ters if and only if they utilize a method capable of accounting for all AT species;

however, matching the solution matrix of standards and samples remains ana-

lytical best practice. Further research should explore the use of these and other

alkalinity reference materials in a broader suite of natural waters.

This instrument recommends itself to practitioners of water analysis across

the spectrum of research, regulatory, and academic sectors. It is not intended

to displace the existing suite of AT measurement systems, but to supplement

and expand accurate analyses to locations and labs that may not have access

to these systems. Additionally, we suggest that the analytical practices of the

marine chemistry community be applied to limnological practice after suitable

modification. The adoption of standardized procedures, reference materials,

and high-accuracy analyses have great potential to deliver high-quality data

on total alkalinity and across inorganic carbon parameters, necessary to disen-

tangle the effects of various drivers of change for inland waters, which include

land-use changes, invasive species effects, changing hydrology and changing

temperature ranges and ice phenology.
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Key Points

• Underway pCO2 was measured in Lake Superior from 2019 to 2022 to

form the first multi-year pCO2 time series in the Laurentian Great Lakes.
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• The seasonal pCO2 cycle showed competition of thermal and non-thermal

drivers and spatial heterogeneity associated with riverine influence.

• Superior’s CO2 reservoir equilibrated with the atmosphere repeatedly, in-

dicating increasing sea surface pCO2 with rising atmospheric CO2.

Abstract

This study observed seasonal trends and inferred drivers of CO2 biogeochem-

istry at the air-water interface of Lake Superior. Underway carbon dioxide

partial pressure (pCO2) was measured in surface water during 69 transects

spanning ice free seasons of 2019-2022. These data comprise the first mul-

tiannual pCO2 time series in the Laurentian Great Lakes. Surface water pCO2

was closely tied to increasing atmospheric pCO2 over a 100-day CO2 equili-

bration timescale, while seasonal variability was controlled equally by thermal

and non-thermal drivers during the ice-free season. Comparison to previous

modeling efforts indicated that Lake Superior surface pCO2 increased with two

decades of rising atmospheric CO2. Spatial heterogeneity in CO2 dynamics was

highlighted by a conductivity-based delineation of “riverine” and “pelagic”

regimes, each of which was associated with net CO2 influx over Julian days

100-300 on the order of 25 Gmol C. These findings refine previous estimates

of Lake Superior C fluxes, support predictions of anthropogenic CO2 invasion

during the ice-free season, point to new observation strategies for large lakes,

and highlight an urgent need for studies of changes to lacustrine C cycling.

Plain Language Summary

Carbon dioxide gas concentrations were measured in surface waters of Lake Su-

perior for four years, forming the first multi-year dataset of direct observations
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of carbon dioxide gas concentration in the Laurentian Great Lakes. Lake Supe-

rior’s surface carbon dioxide concentration was closely tied during the ice-free

season to that of the atmosphere on time scales longer than one year. Seasonal

variations in carbon dioxide concentration were driven by water temperature,

biological activity, river influence, and gas exchange with the atmosphere. Lake

Superior released and absorbed carbon dioxide cyclically at different times dur-

ing the year, absorbing more than it released from April to November. The car-

bon dioxide gas concentration in mixing surface waters was observed to have

increased over a multi-decade period with that of the atmosphere. This work

improves the scientific understanding of carbon cycling in Lake Superior and

advances techniques for carbon cycle observation and modeling of other lakes

in a time of large-scale changes to surface water CO2 cycling.

Introduction

Measurements of carbon cycling in the Earth’s hydrosphere are central to un-

derstanding global biogeochemical cycling and responses to perturbation (Le

Quéré et al., 2013). Continuing anthropogenic emissions of carbon dioxide

(CO2) are increasing atmospheric concentrations at an unprecedented rate,

which may force changes in carbonate equilibria in the oceans (R. Feely et al.,

2001), in soils (Oh & Richter, 2004), in rivers (Raymond & Hamilton, 2018),

and in lakes (Alin & Johnson, 2007).

Many studies of CO2 dynamics in inland waters collect and analyze dis-

crete water samples for inorganic C parameters including pH, dissolved inor-

ganic carbon (DIC), total alkalinity (AT), and partial pressure of carbon dioxide

(pCO2) (Cole et al., 1994). Direct measurements of CO2 flux across the air-

water interface are also made via floating chamber or eddy covariance meth-

ods (Podgrajsek et al., 2014). Calculation of one inorganic C parameter from

two others remains fraught with uncertainty due to ongoing challenges asso-

ciated with measurement and equilibrium calculations in low-ionic strength
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waters (S. Liu et al., 2020; Minor & Brinkley, 2022; Young et al., 2022). Fur-

thermore, constructing time series of discrete water chemistry measurements is

time- and labor-intensive and may not resolve inorganic C cycling in water bod-

ies with high spatial or temporal variability (Schilder et al., 2013). To bridge

these gaps in observational capabilities, instruments measuring inorganic C

parameters continuously or autonomously have been developed and deployed

in aquatic systems spanning the lacustrine-marine spectrum (Bushinsky et al.,

2019; Lynch et al., 2010). Recent years have seen applications of pH and pCO2

underway sensors that perform with uncertainties similar to those of discrete

sample measurements (Ma et al., 2019; Takeshita et al., 2018).

Inorganic C chemistry remains less-studied in inland waters than in ma-

rine systems (Phillips et al., 2015), due in part to high heterogeneity within

and among water bodies, each of which may require divergent approaches to

inorganic C cycling analysis depending on hydrology, climate, or terrestrial in-

fluence. The approaches used in marine systems (where variations in inorganic

C parameters are often smaller and require more precise measurements) might

be applied to large lakes and provide new insights into aquatic systems. In this

way, large lakes may serve as stepping-stones for application and further de-

velopment of oceanographic chemical techniques in inland waters. Their great

volume and relatively small terrestrial influences lend them a more constant

chemistry and physics than their smaller peers. The largest of lakes share with

oceans similar biogeochemical features and relative importance to local and

global biogeochemical cycling (Sterner et al., 2017). On the other hand, large

lakes respond more rapidly than the global ocean to perturbation. Their hy-

drologic residence times (c. 190 years for Lake Superior) are shorter than that

of the global ocean (millennia). Holomictic lakes experience full water column

mixing at least annually, which represents a homogenizing driver not observed

in oceans. For these reasons, large lakes can act as test systems for investiga-

tions of environmental variables, with responses occurring on more accessible

spatial and temporal scales for research than the global ocean Sterner, 2021.
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The Laurentian Great Lakes lie on the border of the United States of Amer-

ica and Canada and within the historical and contemporary lands of Native

American and First Nations. They constitute the largest contiguous aquatic

ecosystem on Earth (Wetzel, 2001), yet C cycling in the Great Lakes is not well-

understood (Minor & Oyler, 2021). It remains unclear to what extent the Great

Lakes are net sources or sinks of CO2 to the atmosphere (McDonald et al., 2013;

Urban & Desai, 2009). Alin and Johnson (2007) concluded that they are annual

net CO2 sources, but Cotner et al. (2004) and Urban (2005) highlighted appar-

ently unbalanced C budgets in Lake Superior, the best-studied of the five lakes

in terms of carbon cycling. Bennington et al. (2012) and Atilla et al. (2011)

noted that studies of CO2 cycling in Lake Superior have been biased by sparse

observations restricted to the ice-free period (generally April-November ± 2

months), and could not close the cycle by modeling all C inputs and outputs.

These pioneering studies were confounded by observations of inorganic C cy-

cling that were sparse, irregular or unrepresentative of the lakes as a whole.

This situation is similar to that of the Southern Ocean or South Pacific Ocean,

in which limited observation hindered attempts to constrain biogeochemical

budgets (Takahashi et al., 2009). Large lakes functioning as “sentinels, inte-

grators, and regulators of climate change” (Williamson et al., 2009) exert sig-

nificant influence on regional and global C budgets (Cole, 2013a) and demand

more detailed study.

This research focuses on surface water pCO2 measurements to illustrate the

C cycle of Lake Superior in unprecedented spatial and temporal detail. pCO2

in water responds to physical (temperature, pressure, salinity), chemical (pH,

DIC, AT, CaCO3 dissolution/precipitation), and biological (production, respi-

ration) drivers (Zeebe & Wolf-Gladrow, 2001), such that a comprehensive un-

derstanding of pCO2 variability sheds light on a suite of biogeochemical func-

tions.

As a direct driver of CO2 flux across the air/water interface, pCO2 in sur-

face waters acts as an important factor of atmospheric CO2 accumulation. The
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surface ocean has maintained a lower mean pCO2 than the atmosphere in re-

cent decades, resulting in about a quarter of annual anthropogenic CO2 emis-

sions being absorbed by the ocean each year (Friedlingstein et al., 2022). In

contrast, many inland waters are supersaturated with CO2 recycled from the

terrestrial C sink and emitted to the atmosphere or exported to the coastal

ocean (Cole et al., 1994; Raymond et al., 2013). These marine and lacustrine

C cycles are linked by C imports and exports along the terrestrial-aquatic con-

tinuum which form important elements of comprehensive global C budgets,

especially in light of their perturbation by anthropogenic global change (Tian

et al., 2023). Accurate predictions of climate change and mitigation efforts re-

quire an improved understanding of surface waters as sources and sinks of CO2

and other greenhouse gases (Cavallaro et al., 2018).

Lake Superior is characterized by a small catchment-to-surface area ratio of

1.55 (Urban, 2005) and is underlain by a weathering-resistant igneous miner-

alogy leading to exceptionally dilute, soft, and carbonate-poor water chemistry

(Weiler, 1978). Its primary production is dominated by a large proportion of

picoplankton and nanoplankton, with identifiable phytoplankton species in-

cluding an abundance of diatoms and small flagellated plankton (Fahnenstiel

et al., 1986; Ivanikova et al., 2007; Kovalenko et al., 2019), and has been clas-

sified between oligo- and mesotrophic, with relatively high transparency and

low phosphorus concentration (Sterner, 2010). Multiple aspects of the Lake Su-

perior’s limnology are changing: its waters are warming faster than the over-

lying atmosphere (Austin & Colman, 2008), the concentration of most of its

major ions is increasing (Chapra et al., 2012), and its nutrient stoichiometry is

shifting as the result of long-term nitrate accumulation (Sterner, 2011). Inter-

annual trends in AT, pH, and pCO2 have proven difficult to constrain due to co-

variation with lake level, influence from Dreissenid calcification in tributaries,

large measurement uncertainty, and spatial heterogeneity (Minor & Brinkley,

2022). These poorly-understood trends, and especially the potential for acidifi-

cation (Phillips et al., 2015), contribute to the need for a sustained campaign of
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spatially- and temporally-comprehensive measurements of the inorganic car-

bon system in Lake Superior.

In this work, underway pCO2 measurements gathered by instrumentation

aboard RV Blue Heron from cruises of opportunity during four consecutive field

seasons (April-November 2019-2022) provided a survey of unprecedented spa-

tial and temporal scope describing inorganic C cycling drivers and variability

in Earth’s largest lake by surface area. This information was used to illustrate

ice-free season surface pCO2 variability, infer trends in pCO2 and CO2 flux

over space and time and establish the interplay of thermal and non-thermal

drivers of pCO2. The results demonstrate a pathway towards comprehensive

CO2 budgets for the Laurentian Great Lakes via novel observation strategies

and improved modeling efforts.

3.1 Methods

Underway instrument datasets from 69 transects of RV Blue Heron were com-

piled. These efforts included single-day endeavors near the vessel’s home port

of Duluth Minnesota, as well as multi-week transects across the Laurentian

Great Lakes (Figure 3.1). Water was directed from the ship’s water intake line

at 2 m depth through a suite of sensors measuring parameters including dry

molar fraction of carbon dioxide (xCO2), sea surface temperature (SST), and

sea surface conductivity. These were combined with wind velocity, baromet-

ric pressure, and air temperature collected from an onboard meteorological

station. The multi-year span considered in this study permitted evaluation of

interannual variability in inorganic C biogeochemistry despite limited cruises

in 2020 and 2021 due to challenges associated with the Coronavirus pandemic.

xCO2 was measured in water from the underway system at 2 second inter-

vals by a Sunburst Sensors SuperCO2 instrument equipped with a dual show-

erhead equilibrator which recirculates air at a rate of 1 L min-1 through a two-

stage system as described by Pierrot et al. (2009), which has been found to have
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a response time around 2 minutes (Evans et al., 2019). The sample water flow

rate c. 4 L min-1 through two c. 2 L showerhead equilibrators ensured complete

equilibration with air-sea xCO2 gradients never exceeding the manufacturer’s

guideline of 1000 ppm. This instrument has proven robust to wide ranges of

temperature and sample pH in intercomparison experiments in which it was

used as the reference instrument (Shangguan et al., 2022) and its equilibrator

design aligns with established best practices (Pierrot et al., 2009).

Measurements from four standard gases with CO2 concentrations between

0 and 1018 ppm were performed every 2 hours (Figure S1) and the 60 seconds

before and after calibration removed from the time series to prevent memory

effects. The slope and intercept values from a type-I linear regression of mea-

sured vs. standard xCO2 were used to correct surface water xCO2 before con-

version to pCO2 (Equation 3.1) A nearly-identical instrument demonstrated

pCO2 measurement uncertainty of ± 5 µatm (DeGrandpre et al., 2020). SST

and conductivity were obtained from a SBE21 thermosalinograph every 2 sec-

onds. Conductivity was converted to practical salinity using the equations of

Hill et al. (1986). Previous work found such an extrapolation from seawater

salinity to Lake Superior’s ionic strength fit overconstrained carbonate system

equilibrium calculations better than assuming freshwater carbonate dissocia-

tion constants (Minor & Brinkley, 2022). Salinity as used in this work cannot be

quantitatively compared to ocean salinity due to differences in major ion ratios

which invalidate the seawater equation of state. Salinity is used here only for

equilibrium calculations.

Wind velocity was measured with a Young 05106 wind monitor on a mast

10 meters from the sea surface. Air temperature was obtained from a Young

41372VC thermometer. It was assumed that mast-measured windspeed (cor-

rected for vessel velocity) approximated neutral wind speed at 10 meters (U10n)

sufficiently well for the determination of instantaneous CO2 flux. Measured

pCO2 and calculated CO2 flux were averaged for each day of each transect in
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0.01◦ x 0.01◦ boxes (approximately 1.1 x 0.8 km at the latitude of Lake Supe-

rior) to normalize distributions of pCO2 and CO2 flux on an areal basis, prevent

biases due to vessel idling, and provide observations on a scale greater than the

equilibration time of the instrument.

pCO2 was calculated as a product of ambient atmospheric pressure (patm, in

atm) and xCO2 both measured by the SuperCO2 instrument and corrected for

water vapor partial pressure (pH2O, in atm) calculated as a function of temper-

ature assuming saturation (Dickson et al., 2007):

pCO2 = xCO2 ·
(
patm − pH2O

)
(3.1)

pCO2 was also corrected for the temperature difference between SST and the

equilibrator as in Pierrot et al. (2009). CO2 flux (in mol m-2 d-1) was calculated

as the difference between aqueous and atmospheric pCO2, multiplied by the

gas transfer velocity (k, in m d-1), a function of the unitless Schmidt number Sc

(Ho et al., 2006), mean squared neutral wind speed at 10 meters above the sea

surface (< U2
10 n >, in m2s-2), and Ko, the solubility of CO2 in water (in mol m-3

atm-1) (R. Weiss, 1974). Positive values of CO2 flux indicate sea-to-air efflux.

CO2 Flux = kKo

(
pCO2 aq − pCO2 atm

)
(3.2)

k = 0.266 < U2
10 >

( Sc
600

)−0.5
(3.3)

We compared two sources of atmospheric CO2 concentrations for calcula-

tion of CO2 flux: underway-measured atmospheric pCO2 measured every 2

hours by the SuperCO2 instrument and atmospheric pCO2 as measured at the

WLEF/Park Falls Wisconsin tower (Desai, 2022). The WLEF/Park Falls time

series was chosen for CO2 air-sea flux calculations, as detailed in the Results.

There is considerable disagreement among parameterizations and measure-

ments of k in inland waters. Varying empirical formulations of the wind speed

dependence of k have been derived and applied in lakes (e.g. )Atilla et al.,
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2011; Cole and Caraco, 1998; Oxburgh et al., 1991; Wanninkhof, 1992), while

comparison with eddy covariance-derived values of k indicates that heat and

water fluxes also play a role in determining gas flux rates in lakes (Heiskanen

et al., 2014). The k parameterization in this study (Ho et al., 2006) was cho-

sen on the grounds that Lake Superior can be understood similarly to marine

environments, with a high range of wind speeds and large fetch which merit

the quadratic wind dependence discussed by Wanninkhof (1992) (D. Ho, per-

sonal communication). The extent to which this parameterization may bias

calculated CO2 flux in Lake Superior is unclear, and may benefit from direct

measurement of k in future studies.

Calculations were completed with Python 3.8, using Pandas Reback et al.,

2022 for data structure manipulation, SciPy Virtanen et al., 2020 and Statsmod-

els Seabold and Perktold, 2010 for regression and statistical analysis, Numpy

C. R. Harris et al., 2020 for array computation, PyCO2SYS Humphreys et al.,

2020 for CO2 system calculations, GSW-Python Firing et al., 2021 for salin-

ity conversions, and Matplotlib Hunter, 2007 and Seaborn Waskom, 2021 for

visualization.

3.2 Results

More than 6 x 106 measurements of xCO2 in Lake Superior surface waters were

assembled into a pCO2 and CO2 flux timeseries. These data spanned the lake’s

most significant hydrological regions, including shallow coastal zones, deep

(maximum 406 m) waters, riverine outlets, and regions bordering significant

human development (Figure 3.1). The most heavily-observed regions included

the far western arm of Lake Superior and a cross-lake transect from Duluth to

Sault Ste. Marie. Binning of pCO2 and CO2 flux data by grouping observations

by date and 0.01° boxes yielded 1.3 x 104 observations.
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Ste. Marie, between which multi-lake transects traverse, are indicated by red
triangles. The Park Falls/WLEF tower is denoted by a black square.
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3.2.1 Underway Timeseries Overview

Mean observed SST was 11.4 ◦C with a median of 12.7 ◦C. SST varied widely

among and within cruises, ranging from a maximum of 23.5 ◦C in July 2019

near the center of the Far Western Arm to a minimum of 0.45 ◦C in April 2022

in the plume of the St. Louis River Estuary. Specific conductance (SC) ranged

from a near-constant 99.44 µS cm-1 in unstratified offshore waters to values ex-

ceeding 170 µS cm-1 in the plume of the St. Louis River Estuary, displaying

a mean of 99.6 µS cm-1, a median of 99.3 µS cm-1, and a standard deviation

of 2.2 µS cm-1. The timing of thermal stratification in Lake Superior varied

widely among locations and years (Austin et al., 2022), so observations within

0.5 ◦C of the temperature of maximum density of freshwater (3.98 ◦C) were

designated as unstratified. Stratification onset occurred between late June and

August, depending on year and location (Figure 3.2a). Interannual meteoro-

logical variability, including the previous winter’s thermal state, exerts con-

siderable influence on Lake Superior’s summer stratification (Austin & Allen,

2011), as indicated by the historically late stratification of Lake Superior in Au-

gust 2022 (J. Austin, personal communication), as well as maximum winter ice

coverage which varied from 94.9% in early 2019 to 22.6%, 50.6%, and 79.5%

the following years (T.-Y. Yang et al., 2020).

Surface-water DIC and pH (free scale) were calculated from measured pCO2,

SST, and an assumed AT of 840 µmol kg-1 (Figure 3.2d-e) with PyCO2SYS, us-

ing the carbonate constants of Waters et al. (2014). AT is given as µmoles

of hydrogen ion equivalent kg-1 in this work, and is largely invariant in Lake

Superior (Minor and Brinkley 2022, Sandborn et al. 2023) except in regions

with significant terrestrial influence; no AT-conductivity relationship for Lake

Superior has been published, so AT was not estimated from underway data.

Calculated pHfree exhibited a mean of 8.075 and standard deviation of 0.093,

while calculated DIC exhibited a mean of 855.0 µmol kg-1 and standard devia-

tion of 8.8 µmol kg-1. Seasonal variation in DIC was evident as a summertime
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decrease on the order of 20 µmol kg-1, followed by an autumn increase of c. 10

µmol kg-1. The pHfree distribution fell within the range of values given in Mi-

nor and Brinkley (2022), while the mean calculated DIC was 10-40 µmol kg-1

higher than observations given in Zigah et al. (2011) and Sandborn et al. (2023).

The discrepancy may be due to interannual DIC increases, sampling bias in the

latter two studies favoring regions or periods of lower DIC, contribution of or-

ganic alkalinity, uncertainty associated with equilibrium calculation, or error

propagated from uncertainty in AT. Minor et al. (2019) Reported mean annual

AT values for the 1996-2014 EPA GLNPO timeseries ranging from approxi-

mately 810 to 870 µmol kg-1. Propagation of this range in AT through our

pCO2 observations yielded a calculated DIC range of 825-885 µmol kg-1 and

a calculated pH range of 8.059-8.090. This sensitivity analysis produced DIC

and pH ranges overlapping with previous measurements, such that some of the

discrepancy between calculated and previously-reported DIC could be due to

error in assumed AT.

3.2.2 Atmospheric CO2

Daily mean shipboard atmospheric xCO2 varied seasonally in concert with the

CO2 timeseries observed at the Park Falls/WLEF tower (Desai, 2022) (Figure

S5), approximately 80 km south of Chequamegon Bay, Wisconsin. Both se-

ries displayed a larger annual variability and a phase shift from the Mauna

Loa CO2 time series (Keeling & Keeling, 2017). No systematic biases in at-

mospheric CO2 concentration were observed between the underway and Park

Falls/WLEF time series within years, yet the underway atmospheric signal dis-

played a much larger variability. Several anomalies emerged in the underway

atmospheric data. Atmospheric xCO2 measurements in several cruises were

consistently higher than expected despite nominal measurements of standard

gases and sea surface xCO2. These cruises included extended periods of idling,

and presumably detection of exhaust CO2 by the underway system. In another
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two cruises in September 2022, atmospheric (but not sea surface) xCO2 was

depressed over a period of weeks for reasons related to a filter on the air in-

let. Due to these discrepancies, we chose to use daily means of nearby Park

Falls/WLEF tower hourly measurements of atmospheric xCO2 with the expec-

tation of a well-mixed atmosphere over these scales. The occurrence of most

atmospheric underway xCO2 measurements within a close approximation of

the Park Falls/WLEF timeseries validated this expectation. If atmospheric CO2

were not well-mixed on these scales, an uncertain amount of error in calculated

CO2 flux could result, which further work should explore.

3.2.3 Wind Speed

Wind speed observed on Lake Superior (corrected for direction of travel) ex-

hibited a skewed unimodal distribution with a peak at 4.5 m s-1 (Figure S2).

Some bias may have been incurred by intentional planning of transects around

inclement weather and targeting the ice-free season, so it was unclear how well

these transects represented the true distribution of wind velocity above Lake

Superior. The underway-observed wind speed distribution in 2020 stood out

from other years with a lower and irregular distribution; these transects were

limited in time and space (Figure S1) and are less likely to represent the true

distribution of wind speed over Lake Superior. Comparison of the underway

wind speed distributions with those measured offshore at the Stannard Rock

Lighthouse over the same periods (Figure S3) indicates that the underway-

observed wind speed distribution closely approximated that of the whole sea-

son.

The wind speed distribution peaks observed from either source were lower

than the global U10n distribution peak of approximately 7 m s-1 in Yang et al.

(2022), which may imply an underestimation of CO2 flux as parameterized by

dual-tracer models as in this research. The present scarcity of research on gas
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flux parameterization validity in large lake systems for which size, morphome-

try, and variable winds greatly influence gas flux magnitude and timing (Perolo

et al., 2021; Schilder et al., 2013) does not yet allow exploration of similar bi-

ases in this research.

Gas transfer velocities (k) calculated from the underway wind distribution

displayed a mean of 1.6 m d-1, about half the mean ocean value of 3.3 m d-1

given by Broecker and Peng (1982) and supported by revised gas transfer ve-

locity parameterizations (e.g. Ho et al., 2006; Wanninkhof, 2014). Given k,

along with the 147 m mean depth of Lake Superior (Fuller & Shear, 1995),

DIC and aqueous CO2 concentration [CO∗2] (both in molal units), and Revelle

Factor (RF, the unitless ratio of relative change in [CO∗2] per relative change in

DIC), all produced via PyCO2SYS equilibrium calculation, the characteristic

timescale, or e-folding time, of CO2 equilibration in Lake Superior (τCO2
) can

be estimated (Zeebe & Wolf-Gladrow, 2001):

τCO2
=

mixing depth
k

· DIC
[CO∗2]

· 1
RF

(3.4)

τCO2
functions as an local gas exchange relaxation timescale describing a

system seeking equilibrium; the extent to which the period in which a sys-

tem undergoes gas exchange approaches τCO2
dictates the efficiency of the ex-

change (Jones et al., 2014). In the case that surface waters remain in contact

with the atmosphere for periods meeting and exceeding τCO2
, equilibration

approaches completion barring other processes (primary production, respira-

tion, etc.) maintaining air-sea disequilibrium. For systems like Lake Superior

in which these other processes are minimal during mixing (see Section 3.5),

τCO2
gains further relevancy as a descriptor of the actual process of air-sea CO2

equilibration as observed in this work, and may be used to compare the physic-

ochemical drivers of mixing among systems.

During unstratified periods, mean RF was 26.9 ± 0.6, mean DIC was 867.0

± 0.9 µmol kg-1, and mean [CO2*] was 29.6 ± 0.8 µmol kg-1 (all ± s.d.). The



73

resulting τCO2
during the unstratified period was 100. ± 4 days. This period

is much smaller than that of most of the surface ocean mixed layer, indicating

relatively fast CO2 equilibrium despite Superior’s deeper mixed layer. This pe-

riod is similar in magnitude to the duration of the twice-annual unstratified

periods in December-January and May-July (though stratification phenology

varies among years; (Austin & Colman, 2008; Woolway et al., 2021)), so it is

reasonable to expect that on multiannual timescales, Lake Superior maintains

near-atmospheric CO2 equilibrium. This inference depends on lake stratifi-

cation and wind velocity, both of which may shift with the changing climate

(P. Xue et al., 2022). Climate change effects on lake thermal state and atmo-

spheric circulation are likely to have complex effects on lake biogeochemistry

which extend to CO2 flux behavior changes (Desai et al., 2009). This brief cal-

culation also implies that stratified waters and high wind events may exhibit

a much smaller τCO2
; assuming a mixing depth of 10 m and k of 6.4 m d-1,

which might be observed in a strong gale during the winter stratified season,

τCO2
would decrease by a factor of c. 40. This thought experiment informed by

our data emphasizes the importance of thermal structure and ephemeral wind

events for determining large-scale C cycling in Lake Superior.

3.2.4 pCO2 Variability

A continuous multiannual cycle of observed pCO2 could not be constructed

due to large gaps in the time series, so the four years of observations were col-

lated by Julian day of year in order to illustrate seasonal CO2 cycling variability,

facilitate comparison to previous observations and models, and contrast Lake

Superior with other systems. LOESS regression of observations grouped by

0.01◦ boxes and date of observation highlighted seasonal cycling of sea surface

pCO2 which resembled the sinusoidal behavior modeled by Bennington et al.

(2012) (Figure 3.3a). This regression used a data window spanning the 5% of

observations on either side of regression points and 10 iterative fits. A local
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maximum was observed in the regression at 427 µatm in early June, while a

local minimum was observed at 310 µatm in early September. Individual ob-

servations ranged from 199 to 1056 µatm, with a mean value of 379 ± 60 µatm

(± s.d.).

Heterogeneity was visible in the range of pCO2 values observed on a given

date, with super- and under-saturated conditions observed throughout the year.

This high degree of spatial and/or temporal heterogeneity obscured the sea-

sonal pCO2 cycle. Additionally, the high concentration of transects in the

riverine-influenced Western Arm of Lake Superior may not have represented

open-water conditions prevailing in the remainder of the lake. Diel variabil-

ity was examined as a potential source of bias, but no significant difference

between daytime and nighttime pCO2 was found (Supporting Text S1) in con-

trast with observations of large diel CO2 cycling variability in many smaller

lakes (Golub et al., 2023).

Confounded spatial and seasonal variability was partly separated by SC

into “riverine” and “pelagic” regimes in order to isolate open-water seasonal

variability. A cutoff SC value was defined by statistically significant departure

from the surface SC distribution observed in unstratified periods. In every

year of observation, springtime unstratified surface SC observations formed a

narrow distribution with a mean of 99.44 µS cm-1 and a standard deviation

of 0.64 µS cm-1. This value was taken to represent the mean SC of the well-

mixed freshwater lake. Observations with SC 3 standard deviations greater

than the unstratified period mean were considered river-influenced, as in this

system, river inputs have higher ionic strength or SC due to interactions with

the rocks and soil in their watersheds and due to antropogenic inputs such as

road salts (Weiler, 1978). This scheme decreased the noise around the seasonal

trend of surface water pCO2 in pelagic observations (Figure 3.3b) and high-

lighted heterogeneity associated with riverine-influenced observations (Figure

3.3c). Potential interferences with this classification included evaporation and

precipitation, which would be expected to increase and decrease surface SC,
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Figure 3.3: Seasonal variation collated from pCO2 observations grouped by
0.01◦ squares and date during transects of Lake Superior over 2019-2022.
Black dashed lines represent LOESS regressions of each time series.
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respectively. For this reason, we elected not to construct a quantitative mixing

relationship based on underway-measured surface SC and merely used it as a

rough proxy for riverine influence.

In pelagic waters of Lake Superior during April-November the mean ob-

served pCO2 was 380 ± 53 µatm, while in river-influenced waters, the mean

observed pCO2 was 343 ± 38 µatm (± s.d.). The depression of riverine regime

mean pCO2 pCO2 may have been due to promotion of primary production

and CO2 drawdown in nutrient-rich riverine-influenced waters (Minor et al.,

2014; Sterner et al., 2020), yet contemporaneous observations of highly ele-

vated pCO2 point to a gradient of heterotrophy and autotrophy associated with

riverine plumes (Delvaux, 2017). The pelagic pCO2 cycle regression displayed

a greater seasonal variability than the modeled time series of Bennington et al.

(2012) (Figure 3.4). Annual pCO2 summer minima and spring maxima were

approximately 330 and 400 µatm in Model 1 of that work, compared to 313

and 428 µatm in this study’s regression of collated pelagic observations from

2019-2022. Bennington et al. modeled surface water equilibrium with an at-

mospheric pCO2 of 360 µatm at the end of a mixing period spanning late April-

late June 1997-2001. At the end of destratification in this (2019-2022) study, a

mean surface water pCO2 of 430 ± 30 µatm (± s.d.) was observed, which was

indistinguishable from contemporaneous atmospheric pCO2. The two models

presented by Bennington et al. differed in their treatment of primary produc-

tion limitation, which resulted in the greatest differences after spring mixing,

when this study’s observations also displayed high variability. These differ-

ences in the shape of the post-mixing pCO2 cycle may indicate a model short-

coming or a change in inorganic carbon system drivers over the preceeding two

decades.

The observed increase in spring mixing period pCO2 relative to that mod-

eled by Bennington et al. (2012) was consistent with the magnitude of atmo-

spheric CO2 concentration increase (c. 2 ppm yr-1, Keeling and Keeling (2017))

over the approximately 22 years separating the modeled period of Bennington
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Figure 3.4: Median daily observations of pelagic surface water pCO2 observed
during 2019-2022 compared with Model 1 from Bennington et al. (2012),
which described mean lake surface pCO2 1997-2001. A 44 µatm adjustment of
Model 1 to account for 22 years’ atmospheric CO2 increase (assuming 2 µatm
yr-1) aligned spring and mixing season modeled results with contemporary ob-
servations.
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et al. and these observations, as well as the direction of increase in Lake Supe-

rior surface water pCO2 calculated from pH and AT over the period 1992-2019

by Minor and Brinkley (2022). The precise rate of increase of Lake Superior

surface water pCO2 over decadal timescales remains difficult to constrain, but

its repeated achievement of near-atmospheric equilibrium, along with radio-

carbon measurements indicating rapid (<3 years) recycling of the DIC pool

Zigah et al. (2011), and a relatively brief characteristic time of CO2 equilibra-

tion (Section 3.3), indicate that it mirrors atmospheric pCO2 over interannual

periods and may continue to do so. This atmospheric CO2 invasion of Lake Su-

perior occurs regardless of its net CO2 air-sea flux due to its dynamic chemical

equilibration with atmospheric CO2.

The magnitude of seasonal variability in Lake Superior surface pCO2 was

comparable to that of subtropical ocean regions (N. R. Bates, 2001), but shifted

in the year. In terms of pCO2 phenology, Lake Superior resembled the Arc-

tic ocean most closely, despite exhibiting a larger amplitude (Orr et al., 2022).

Neighboring Lake Michigan displayed a minimum surface pCO2 2 to 3 months

earlier than Superior in a process model study (Pilcher et al., 2015). Scarcity of

data from November-April prevented extrapolation to those periods, but previ-

ous, model-based studies suggest Lake Superior pCO2 likely remains supersat-

urated or near-atmospheric equilibrium throughout that period (Bennington

et al., 2012). Interannually-variable wintertime ice cover (White et al., 2012)

may modify the expected CO2 efflux.

3.2.5 Competing Drivers of pCO2

Deconvoluting the pelagic pCO2 cycle (Figure 3.3b) into inferred drivers sheds

light on biogeochemical cycling in Lake Superior by isolating direct tempera-

ture control of pelagic surface pCO2 from control by other drivers. Changes in

water temperature directly control the speciation of the inorganic carbon sys-

tem via changes to chemical equilibria and solubility. By removing the direct
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influence of water temperature variability, the remaining variation can be as-

cribed to biological and physical processes including production, respiration,

sea-air CO2 gas flux, and allochthonous C inputs. The indirect influence of

temperature on these processes was not normalized by this analysis to preserve

the seasonality of the biological and physical drivers.

The method of Takahashi et al. (1993) was used to separate measured pCO2

into thermal (pCO2 T) and non-thermal (pCO2 non-T) signals using observed sea

surface temperture (T ) and the temperature-driven variation of pCO2:

pCO2 T = pCO2 · e
(
∂ln(pCO2)

∂T [T−T ]
)

(3.5)

pCO2 non-T = pCO2 · e
(
∂ln(pCO2)

∂T [T−T ]
)

(3.6)

These signals have been termed “temperature” and “biological”/“biophysical”

effects in other studies (e.g. Fassbender et al., 2018; Minor et al., 2019). This

work uses the T/non-T terminology of Atilla et al. (2011). CaCO3 dissolu-

tion and precipitation were neglected in this analysis because Lake Superior

is vastly undersaturated with respect to CaCO3 so precipitation and dissolu-

tion processes are not relevant. Overbars indicated arithmetic mean values in

the literature source, but this study analyzed an incomplete annual time series

of pCO2, so mean temperature (T ) and mean pCO2 (pCO2) were adjusted to 1
◦C and 400 µatm to ensure convergence of the driver signals at the beginning

of the observed period. The temperature partial derivative of ln(pCO2) was

calculated via PyCO2SYS, yielding an average value of 0.03606 ◦C-1 for Lake

Superior over the temperature range 0-20 ◦C (Supporting Text S2). This tem-

perature dependence is in good agreement with values used in previous studies

(0.038 ◦C-1 Atilla et al., 2011; 0.0384 ◦C-1 Lynch et al., 2010).

Plotting the measured, thermal, and non-thermal pCO2 signals illustrated

the interplay of these competing drivers of pCO2 in Lake Superior (Figure 3.5).
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Seasonal temperature effects were visible as the springtime increase and au-

tumn decrease in pCO2 T, opposed by the summertime dip in pCO2 non-T. Mea-

sured pCO2 lay suspended between the curves. The degree to which thermal

vs. non-thermal drivers control pCO2 can be conceptualized as the vertical

distance between the measured curve and its two drivers; in spring, measured

pCO2 was closely tied to pCO2 T, indicating that most of the spring trend in

pCO2 was driven by seasonal warming. pCO2 moved equidistant between

drivers before dipping with the non-thermal curve through the summer, re-

sulting in CO2 influx presumably maintained by net biological C drawdown,

which persisted until the end of the ice-free season.

Quantitatively, the ratio of thermal to non-thermal control of pCO2 can be

calculated (Fassbender et al., 2018; Takahashi et al., 2002) as

RT non-T−1 =
max(pCO2 T)−min(pCO2 T )

max(pCO2 non-T)−min(pCO2 non-T)
(3.7)

which yielded a value of 1.1 using the regressions in Figure 3.5, indicating

roughly equal thermal and non-thermal driver magnitudes over the ice-free

period. Interestingly, this value aligns with that of the Atlantic Ocean at the

approximate latitude of Lake Superior (Fassbender et al., 2018), which raises

questions about latitudinal gradients in RT non-T−1 in inland waters compared

to marine systems. Minor et al. (2019) found majority non-thermal control of

calculated pCO2 from discrete samples of Lake Superior surface water in 2014-

2016 in agreement with the findings of Atilla et al. (2011). This deconvolution

analysis highlights the importance of non-thermal drivers of C drawdown in

the latter stages of the ice-free season acting to depress pelagic surface pCO2

despite opposition from temperature effects.

3.2.6 CO2 Flux Variability

CO2 air-sea flux rates calculated from observed pCO2 displayed seasonal vari-

ation similar to that of pCO2, but with a greater degree of variability within
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Figure 3.5: Deconvolution of median daily measured sea surface pCO2 (blue
dashed line) into non-thermal (green dash-dot line) and thermal (red dotted
line) drivers. 7th-order power function regressions are shown as visual aids,
and their equations are given in the Supporting Information.
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individual cruises. The mean calculated CO2 flux rate was -2.7 ± 6.4 mmol C

m-2 d-1. In pelagic waters, the mean calclated flux rate was -1.9 ± 5.7 mmol C

m-2 d-1, while in riverine-influenced waters a lower value of -4.5 ± 7.5 mmol C

m-2 d-1 was calculated (all ± s.d.). These values fall within the range of instan-

taneous CO2 fluxes observed or modeled in previous work (Bennington et al.,

2012; Delvaux, 2017). The most extreme air-sea fluxes were calculated in mid-

summer, when high wind speeds coupled with CO2-undersaturated surface

waters to create high rates of CO2 drawdown exceeding 70 mmol C m-2 d-1.

Differences between pelagic and riverine-associated observations were clear-

est in spring, when pelagic observations tended to favor CO2 air-sea influx

while riverive observations favored efflux. This correlated with observations

of springtime allochthonous C loading associated with nearshore CO2 evasion

in Lake Superior (Minor et al., 2019).

Net CO2 air-sea flux over the observed seasons was estimated via trape-

zoidal integration of median daily observations of instantaneous CO2 flux col-

lated by Julian day across the observed time domain: Julian day 100 (April

9 or 10) through 300 (November 26 or 27). The resulting values (Table 3.1)

were both multiplied by the total area of Lake Superior (8.21 x 1010 m2) to

yield total fluxes as it was unclear what fraction of the lake was considered

pelagic vs. riverine. Uncertainty in integrated CO2 fluxes was determined by

bootstrap random resampling of observations with replacement for 100 repe-

titions of the integration and given as the standard deviation of the ensemble

net fluxes. These values serve as rough bounds for the mean net CO2 flux of

Lake Superior throughout the ice-free seasons of 2019-2022. The contrast be-

tween spring riverine regime instantaneous CO2 efflux and integrated ice-free

season CO2 influx speaks to temporal variability in riverine effects on inorganic

C cycling in Lake Superior.

The resulting ice-free period CO2 influx on the order of 25 Gmol C (300

Gg C, 0.30 mol C m-2) was similar in magnitude but opposite in sign to the
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Table 3.1: Time-integrated fluxes of CO2 over the air-water interface of Lake
Superior ascribed to Pelagic and Riverine chemical regimes for Julian Days 100-
300. Total Flux values assume the whole lake surface area is either similar to
pelagic or to riverine values and thus give the range within which total CO2
lake flux is likely to fall. Uncertainties are given as standard deviations propa-
gated via bootstrap resampling with replacement for 100 repetitions. Negative
signs indicate influx.

Region CO2 Areal Flux (mol C m-2) CO2 Total Flux (Gmol C)

Pelagic −0.296± 0.036 −24.3± 2.9
Riverine −0.341± 0.017 −28.0± 1.4

only fully-annual estimate of Lake Superior air-sea CO2 flux: a mean net an-

nual efflux of 16 Gmol C yr-1 (190 Gg C yr-1, 0.19 mol C m-2 yr-1) over the

period 1997-2001 (Bennington et al. 2012). The discrepancy is accounted for

by winter supersaturation of surface pCO2. Assuming the veracity and compa-

rability of the above values (perhaps an invalid assumption due to the shift in

model curves suggested by Figure 3.4), an efflux of 41 Gmol C (492 Gg C, 0.50

mol C m-2) during Julian days 301-99 would be implied. The rough approx-

imations of carbon budgets allowed by available observational CO2 flux data

continues to prohibit integration of Lake Superior into regional and global C

budgets. There remains the possibility that the modeled annual CO2 flux and

this study’s calculated sub-annual flux are not comparable due to two inter-

vening decades of ecological and climate change, an under-constrained mod-

eled pCO2 cycle, and ongoing uncertainty about comparisons of measured ver-

sus calculated pCO2 in Lake Superior. An updated observation-based and/or

process model constrained by spatially- and temporally- comprehensive direct

observations of pCO2 and CO2 flux is required for substantive comparisons of

observed and modeled C cycling.
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3.3 Discussion

Four years of surface pCO2 measurements gathered on transects across Lake

Superior were used to describe inorganic carbon system variability across tem-

poral and spatial scales. Ice-free season (April-November) observations yielded

a detailed account of the seasonal pCO2 cycle, driven by thermal and non-

thermal drivers acting in opposition to perturb surface pCO2 from its interannually-

repeated atmospheric equilibrium, resulting in sustained periods of CO2 influx

and efflux. Increases in surface pCO2 over the last two decades illustrate that

Lake Superior is undergoing CO2 invasion in agreement with Phillips et al.

(2015). Separating the lake into pelagic and riverine regimes on the basis of

SC highlighted riverine influences on the inorganic C system which tended to

increase spring pCO2 observations and instantaneous air-sea CO2 efflux, likely

through a combination of DIC loading and promotion of respiration.

Comparison of this study’s calculated areal CO2 flux rates demonstrates

the importance of Lake Superior relative to regional C budget terms. Previ-

ous eddy covariance work indicated Lake Superior’s ice-free season CO2 sink

is likely less than that of the surrounding terrestrial ecosystem (Vasys et al.,

2011). The mean CO2 instantaneous air-sea influx of 2.7 mmol C m-2 d-1 found

in this study supports this finding when compared to the terrestrial net ecosys-

tem production (NEP) of 19.6 mmol C m-2 d-1 (86.1 g C m-2 yr-1) for the Great

Lakes hydrologic unit (Butman et al., 2016). This terrestiral NEP is still nearly

three times larger than the mean annual Lake Superior CO2 efflux of 6.3 mmol

C m-2 d-1 modeled by Bennington et al. (2012). The absolute values of these

three C flux rates remain less than an order of magnitude apart, demonstrat-

ing the importance of Lake Superior as an major player in the regional C cycle.

This point is further emphasized by the sheer size of Lake Superior, which has

a surface area 24% the size of the Great Lakes hydrologic unit, and a net annual

Lake Superior CO2 efflux Bennington et al., 2012 17% that of the Great Lakes

hydrologic unit net lake CO2 efflux of 9.2 Gmol C Butman et al., 2016.
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Integration of measured CO2 air-sea fluxes rates over the observed period

indicated net CO2 influxes of 24.3 ± 2.9 Gmol C (pelagic) and 28.0 ± 1.4 Gmol

C (riverine), which are considered bounding values for the mean whole-lake

ice-free period mean CO2 flux during 2019-2022. The results of this study

are in agreement with previous work indicating sustained periods of CO2 in-

flux during the summer stratified period contrasting with efflux during winter

(Bennington et al., 2012), yet the contribution of the Great Lakes to regional

and global C budgets remains uncertain, as recent regional and global esti-

mates of CO2 evasion from lakes and reservoirs have presented a broad range

of values with large margins of error. Cavallaro et al. (2018) produced a North

American lake and reservoir CO2 efflux of 122 Tg C (10.1 Tmol C) yr-1 ± 100%

which neglected the Laurentian Great Lakes, while Lauerwald et al. (2023) re-

ported a North American natural lake CO2 evasion of 337 Tg C (28.1 Tmol C)

yr-1 with a range of 202-459 Tg C yr-1. These recent studies represent signifi-

cant advancements in the science of inland water carbon cycling, but their un-

certainties indicate the potential for improvements in CO2 cycling observation

as demonstrated in this work to contribute to improved regional and global C

budgets.

Future work should seek to address some of the limitations of this work. In

particular, a paucity of early Spring and late Fall data hindered analysis of pe-

riods at the extremes of the observation period, which could shed light on the

effects of ice-off as a driver of ice-free season CO2 flux (cf. Ahmed et al., 2019.

As previously noted, there may be some bias in wind-parameterized gas trans-

fer velocities associated with dual-tracer experiments (M. Yang et al., 2022),

such that the gas transfer velocities calculated here may be underestimates by

as much as 20%. Small-scale variations in turbulence and eddy scales are also

important and underexplored mechanisms affecting air-water gas transfer un-

certainty in low-wind environments (Wang et al., 2015). Wind speed gas flux

parameterization applications in large lakes may be an important area for fu-

ture study.
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3.3.1 Consequences of Increasing pCO2

Among the most impactful findings of this research is the observation that

Lake Superior surface pCO2 maintains near-equilibrium with the overlying at-

mosphere over multi-year periods. Temperature variability and biogeochemi-

cal processes drive seasonal departures of pCO2 from atmospheric equilibrium

(creating a likely net annual CO2 efflux), yet surface water pCO2 returns to a

baseline state near atmospheric equilibrium on timescales shorter than a year.

This fact has several significant consequences in a world of increasing atmo-

spheric CO2 concentration:

First, the solubility pump of Lake Superior acts as a partial CO2 sink which

can be approximated by an equilibrium calculation: Assuming AT = 840 µmol

kg-1, SST = 3.98 ◦C (temperature of maximum density during destratification),

an initial pCO2 = 400 µatm, and atmospheric ∆pCO2 ∆t-1 = 2.50 µatm yr-1, then

equilibrium calculation indicates ∆DIC ∆t-1 = 0.184 µmol kg-1 yr-1, which is

multiplied by the approximate mass of Lake Superior (1.21 x 1017 kg) to give a

CO2 storage of 22.3 Gmol C yr-1 (267 Gg C yr-1) due to increasing atmospheric

CO2 alone. This storage is characteristic of any body of water maintaining CO2

equilibrium with a non-steady-state atmosphere. It acts alongside C sources

(e.g. DIC loading) and sinks (e.g. C burial) to compose the net annual C bud-

get of Lake Superior. Development of an annual net CO2 flux using expanded

observational and modeling capabilities may yield insights on all of these con-

tributors. If atmospheric pCO2 were stable, then Superior’s annual net CO2

efflux could be larger than it is today, mirroring the case of the pre-industrial

global ocean, which likely acted as a CO2 source instead of a sink (Cartapanis

et al., 2018).

Second, Lake Superior’s water chemistry will undergo changes as a result

of consistently-higher pCO2. Its weak CO2 buffer (RF 25-30 in this work, com-

pared to marine values 8-16; Sarmiento and Gruber, 2006) and absence of sed-

iment carbonate buffer (unlike neighboring Lake Michigan) result in relatively
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high sensitivity to atmospheric CO2 acidification. The outcomes of hypothe-

sized lake acidification mirror those in the ocean: decreasing pH and CaCO3

saturation states, impacts on primary producer communities and carbonate-

shelled organisms such as Dreisseina mussels, changes to metal ion activities,

and other phenomena with potentially detrimental ecosystem effects (Doney

et al., 2009). Trends in AT and temperature may modify the speciation (e.g.

[CO2−
3 ], pH) of the inorganic carbon system as well as the seasonal and spa-

tial expression of the surface water pCO2 cycle, but not the surface pCO2 of a

system at equilibrium with the atmosphere.

Third, efforts to observe Lake Superior’s inorganic C system must capture

a greater fraction of the annual cycle and spatial variability to constrain these

changes. The twice-annual time series of chemical parameters (including glass

electrode pH and Gran titration alkalinity) collected by US EPA Great Lakes

National Program Office includes samples over a broad spatial scale, during

periods of mean CO2 efflux (April-May) and influx (August-September) but

fails to observe intervening periods which provide necessary context for inter-

annual variability of the annual pCO2 cycle. Undersampling a complex signal

like inorganic C chemistry delays detection of climate change effects (Carter

et al., 2019). A more complete picture of biogeochemical parameters is sorely

needed during the present period of climate change and ecological disruption.

This gap in observational capabilities can be addressed by a sustained cam-

paign of higher-quality, higher-frequency measurements of inorganic C param-

eters in the Laurentian Great Lakes.

3.3.2 Observational Challenges and Opportunities

Environmental and instrumental challenges limit deployment of underway pCO2

systems as tools for biogeochemical observation on large lakes like Superior.

These instruments describe only a small fraction of a water body at any given

time, which complicates efforts to generalize results to the system as a whole. A
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network of similar sensors equipped on moorings, vessels of opportunity, and

other vehicles (e.g. drifters, saildrones, wavegliders) may be suited for more

comprehensive observation. Seasonal ice cover limits winter deployment of au-

tonomous sensors, and has long acted as a blinder focusing scientific attention

on more accessible seasons (Block et al., 2018). Novel observation platforms

designed to observe under-ice pCO2 (DeGrandpre et al., 2019; C. Lee et al.,

2022) demonstrate the potential to expand the horizons of inorganic C obser-

vation in seasonally ice-covered lakes. Direct measurements of gas flux may

also be obtained by eddy covariance towers in the vicinity of the Great Lakes

(Shao et al., 2015).

This research grappled with problems of bias in transect data due to over-

representation of certain regions in space (the far western lake) and time (sum-

mer). Although these problems were partially addressed by regression analysis

and separation of pelagic and riverine regimes, future work should consider

other drivers of spatial and temporal heterogeneity, for example: dissolved or-

ganic matter and chlorophyll measured by in-situ instruments or remote sens-

ing (e.g. Lohrenz et al., 2018; Sims et al., 2023). Expanded monitoring of pCO2

and related chemical properties in the Laurentian Great Lakes provides a fruit-

ful avenue for observation and modeling of CO2 budgets in the world’s largest

surface freshwater resource.

3.4 Conclusions

This study provided the most comprehensive observations to date of surface

pCO2 variability in Earth’s largest freshwater lake by area and demonstrated

techniques for inferring C cycling drivers in an understudied system. As the

present perturbation of Earth’s C cycle continues, the need for such knowl-

edge to inform water and climate policy will grow apace, requiring continuing

innovation of observational and modeling capabilities. This is as true for the

Laurentian Great Lakes as for the African Rift Lakes and other understudied
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surface waters of the world.

A spatially-comprehensive, fully annual CO2 flux budget is not achievable

with the data presented here because of spatial and temporal gaps in the time

series presented. Future work must perform more observation of neglected

regions in space and time, extrapolation to unobserved domains, and gener-

alization of observed fluxes and drivers by modeling efforts. To this end, we

recommend further development of observational strategies such as underway

data collection, moored and autonomous instrumentation, remote sensing, and

winter limnology techniques to better constrain CO2 flux in Superior and other

large lake systems. Efforts to resolve the modeled C budgets of the Great Lakes

will benefit from a greater number of CO2 measurements to constrain and cor-

rect models (Gloege et al., 2022). Insights into the balance of productivity and

respiration may result from pairing a large pCO2 survey with measurements

of other biogeochemical tracers such as dissolved oxygen (Evans et al., 2022)

or primary productivity (Sterner, 2010). As ice cover of temperate lakes de-

clines with climate change, the period amenable to transects of seasonally ice-

covered lakes will grow. This disappearance of the ice cover regime is among

driving forces of the sub-discipline of winter limnology, which studies a van-

ishing environment (Ozersky et al., 2021). It is unclear how changes in ice

cover will affect annual pCO2 fluxes in these changing lakes systems. Spatially-

and temporally- comprehensive observations of element cycling in these large

lakes hint at the depth and complexity of biogeochemical functions responding

and feeding back to a changing planet.



Chapter 4

A neural network-based estimate of the

seasonal to inter-annual variability of

the Lake Superior carbon cycle

Abstract

Lake Superior emits and absorbs CO2 with significant seasonal and interannual

variability, which complicates efforts to constrain its carbon cycle. While it re-

gains atmospheric CO2 equilibrium repeatedly on a sub-annual scale, resulting

in a sustained rise in observed pCO2 over the last several decades, significant

gaps in observation have prevented examination of variability in its C cycle

on smaller temporal or spatial scales. We develop a gap-filling model of Lake

Superior surface water pCO2 and CO2 flux in order to infer observation-based

C cycling patterns and create a fully-annual CO2 flux product. A feed-forward

neural network was trained and tested on underway pCO2 measurements span-

ning 2019-2023, yielding a spatially-comprehensive product describing inor-

ganic carbon dynamics over a five-year period. Integration of calculated CO2

90
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air-sea flux time series over this five-year period indicated Lake Superior al-

ternated between net annual CO2 influx and efflux, with values ranging from

0.30 Tg C yr=1 influx to 0.06 Tg C yr=1 efflux over the span of this model. This

refinement of Lake Superior’s C budget juxtaposed the lake’s large seasonal

and interannual variability against a mean net annual balance of C sources and

sinks, and opened the door to further applications of machine learning predic-

tive models of lacustrine carbon cycling.

4.1 Introduction

The concentration of carbon dioxide (CO2) in Earth’s atmosphere has risen by

more than 50% since the pre-industrial era (Friedlingstein et al., 2023). While

the primary symptom of this perturbation of Earth’s carbon cycle is the in-

creasing radiative forcing of the greenhouse effect, a parallel outcome is CO2

invasion of the surface ocean and cascading chemical and ecological outcomes

(Doney et al., 2009) which combine to create a multi-stressor environment for

marine ecosystems (Breitberg et al., 2015; Wallace et al., 2014). Observations

of anthropogenic CO2 invasion of inland waters have so far been limited, due

in part to the difficulty of detecting climate signals amid other modes of vari-

ability (Phillips et al., 2015). This problem parallels the study of ocean acidifi-

cation in coastal waters subject to both marine and terrestrial drivers (Frieder

et al., 2012; Hofmann et al., 2011; Lowe et al., 2019).

Progress towards observing changes in inland water CO2 cycling has re-

cently been made in the Laurentian Great Lakes (hereafter Great Lakes), Earth’s

largest contiguous body of fresh water. These lakes on the border of the United

States and Canada and within the historical and contemporary lands of First

Nations and Native Americans provide invaluable water resources and eco-

logical services to millions of people. Observations of pH and total alkalinity

(AT) spanning three decades indicated increasing calculated partial pressure

of carbon dioxide (pCO2) for some lakes for some periods, and an uncertain



92

trend in pH (Minor & Brinkley, 2022) connected with AT variability or uncer-

tainty. Rising pCO2 in the Laurentian Great Lakes was predicted by Phillips

et al. (2015), along with a hypothesized decrease in mean annual pH (ignor-

ing seasonal variability or feedbacks such as invasive mussel calcification and

sediment buffering). An interannual rise in Lake Superior surface water pCO2

was confirmed with underway observations of pCO2 in Lake Superior demon-

strating that the lake kept pace with the concurrent rise in atmospheric CO2

(Sandborn & Minor, 2024). This behavior was mediated by the lake’s dimixis,

rapid equilibration timescale, and lack of CaCO3 buffer. That study was unable

to generalize the time series of Lake Superior sea surface pCO2 to unobserved

regions and periods to produce a spatially- and temporally-comprehensive CO2

air-sea flux budget due to observed spatial heterogeneity and gaps in the time

series.

Despite these advances, the Great Lakes’ carbon budgets are relatively poorly-

constrained. It has been postulated that the Great Lakes ecosystem is a net

source of CO2 to the atmosphere on the scale of several Gg C yr=1, while the

individual lakes are thought to be CO2 sources (Michigan, Huron) or sinks

(Erie, Ontario) of highly uncertain magnitudes (Alin & Johnson, 2007; McKin-

ley et al., 2011; Urban & Desai, 2009). Even the sign of Lake Superior’s net

air-sea CO2 flux is uncertain, as the two most recent estimates give a net efflux

(Bennington et al., 2012) based on biogeochemical process modeling or a net

influx (Brothers & Sibley, 2018) based on observation-based inference of lake

metabolism. This uncertainty has barred the Great Lakes’ incorporation into

regional or global carbon budgets (Cavallaro et al., 2018) despite their demon-

strated significance to the regional carbon budget (Butman et al., 2016; Cole,

2013a; Urban & Desai, 2009). This gap in knowledge stands as a testament to

the difficulty in studying such large, energetic, seasonally ice-covered lakes.

In light of a dearth of accurate and spatially- and temporally-resolved car-

bon cycling data, the underway pCO2 time series described by Sandborn and

Minor (2024) is a valuable resource, but gaps in space and time among cruises
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and during the ice-covered season prohibited its use in isolation to constrain

a comprehensive budget of CO2 air-sea flux. This problem parallels the short-

fall of observations in under-observed regions of the ocean which led to the

use of statistical tools to generate observation-based models of marine inor-

ganic carbon cycling (Rödenbeck et al., 2015). While this barrier can to some

extent be circumvented by process modeling (e.g. coupled biogeochemical-

hydrodynamic products; Bennington et al., 2012) and addressed by novel ob-

serving platforms (C. Lee et al., 2022), machine learning techniques such as

extreme gradient boosting, regression trees, and feedforward neural network

(FFNN) techniques have utility in gap-filling global ocean biogeochemical datasets

and generalizing driver variables into unobserved domains in time and space

(Bennington et al., 2022; Gloege et al., 2022; Keppler et al., 2023; Landschützer

et al., 2013). This work produces a pCO2 model based on a FFNN trained by

underway pCO2 and deployed to predict sea surface pCO2 for Lake Superior

across a period of 5 years.

Lake Superior resembles the global ocean for the purposes of this model

in several important ways. The majority of Surface Ocean CO2 Atlas (SOCAT)

observations (Bakker et al., 2016) used for similar predictive models are clus-

tered around shipping lanes, particularly around North America, Europe, and

East Asia. Underway data in Lake Superior similarly display repeated transects

and clustering in the southwestern quarter of the lake (Figure 1, Sandborn and

Minor, 2024). Underway pCO2 measurements in Lake Superior are also col-

lected using essentially identical instrumentation to that generating much of

the SOCAT underway data. These qualities enhance the spatial coverage of

data while illustrating temporal variability at select locations. The physical,

chemical, and biological characteristics of this oligotrophic large lake also re-

semble those of the coastal ocean more closely than perhaps any other fresh wa-

ter body (Sterner, 2021). These qualities aid the transfer of marine gap-filling

model techniques to a large lake environment. Using the output of the FFNN

model described in this work, the first multiannual, spatially-comprehensive
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observation-based estimate of CO2 air-sea flux is produced and compared to

previous estimates, resulting in a refined carbon budget for Lake Superior.

4.2 Data and Methods

Surface water pCO2 was measured during 90 transects of the RV Blue Heron

across Lake Superior during the ice-free seasons (roughly April to November)

of 2019-2023, and archived and accessed via Rolling Deck to Repository (Uni-

versity of Minnesota Duluth, 2023). Collection and processing of this data was

described by Sandborn and Minor (2024). Briefly, measurements of pCO2 were

collected at 2 second intervals by a SuperCO2 instrument (Sunburst Sensors)

equipped with a dual showerhead equilibrator. After correction based on stan-

dard gas analysis, and aggregation as daily mean values in a 0.02° × 0.02° res-

olution grid, 9.3 × 104 measurements of surface water pCO2 with an estimated

measurement uncertainty of ±5 µatm were obtained.

Input parameters for the FFNN predictive model were identified by com-

paring available gridded parameters against a set of requirements: input pa-

rameters must have some proxy relationship with the output parameter pCO2,

they must span Lake Superior over the domain 2019-2023, and they must con-

tain no gaps in space or time. Similar marine studies have utilized remotely-

sensed, observed, or modeled gridded products describing sea surface temper-

ature (SST), salinity, mixed layer depth, solar irradiance, chlorophyll-a concen-

tration, and atmospheric CO2 concentration, among other parameters, together

with their respective climatologies and anomalies. Lake Superior presented

obstacles to the use of many of these input parameters. Winter ice and cloud

cover prevented great confidence in remotely-sensed predictors (Mouw et al.,

2013). Salinity was less useful as a biogeochemical tracer in this freshwater

system, though elevated conductivity has been used as an indication of riverine

influence (Weiler, 1978). Mixed layer depth was not well-defined in any grid-

ded products available for the entire period 2019-2023 (one potential source,
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the Lake Superior Observational Forecast System hydrodyamic FVCOM model,

wasn’t available before October 2022).

To overcome these challenges, other directly-observed or modeled variables

were used as prediction parameters, each of which has been linked to carbon

cycling in Lake Superior. After an iterative process seeking to increase the

predictive capability of this model while minimizing error, the variables SST,

downward photosynthetically active radiation at the air-water interface (PAR),

parameterized primary production, and wind speed at 10 meters (U10) were

chosen (Table 4.1). The ability of these variables to act as proxies for Lake

Superior pCO2 has been established by previous studies describing water tem-

perature and primary productivity as direct drivers of sea surface pCO2 (Atilla

et al., 2011; Minor et al., 2019; Sandborn & Minor, 2024), wind speed control-

ling air-sea CO2 flux, and incident sunlight interacting with lake metabolism

(Brothers & Sibley, 2018) and organic mater photodegradation in large lakes

(Minor & Oyler, 2021).

The Great Lakes Surface Environmental Analysis (Woude & Liu, 2024) pro-

vided SST and ice coverage fraction (the latter of which was used only to es-

timate ice cover inhibition of gas flux) on an approximately 0.02° × 0.02° grid

with hourly resolution, which was aggregated as daily means. The North Amer-

ican Regional Reanalysis (Mesinger et al., 2006) provided daily mean down-

ward PAR and U10 on an approximately 0.3° × 0.3° grid, which were aggre-

gated as daily means and bilinearly interpolated to match the SST resolution.

Primary production was calculated from SST and PAR using the equation of

Sterner (2010), which has been demonstrated to predict primary production

better than chlorophyll a parameterizations (R.W. Sterner, personal communi-

cation). Explicit inclusion of primary production as a function of two other in-

put parameters aligned with knowledge-guided machine learning theory by re-

moving the need for implicit model inference of patterns of productivity from

SST and PAR. Atmospheric dry CO2 mixing fraction (xCO2) was obtained from

daily means of hourly observations of atmospheric xCO2 observed at the WLEF
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tall tower (Desai, 2022) and converted to pCO2. These parameters all spanned

the period January 2019-December 2023.

Calculations were completed with Python 3.11, using the packages Pan-

das (Reback et al., 2022), SciPy (Virtanen et al., 2020), Statsmodels (Seabold

& Perktold, 2010), Numpy (C. R. Harris et al., 2020), PyCO2SYS (Humphreys

et al., 2020), SeaFlux (Gregor & Humphreys, 2021), GSW-Python (Firing et

al., 2021), Keras (Chollet, 2015), Scikit-learn (Pedregosa et al., 2011), xESMF

(Zhuang et al., 2023), Cartopy (Elson et al., 2023), Matplotlib (Hunter, 2007),

SHAP (Lundberg & Lee, 2017), and Seaborn (Waskom, 2021).

4.2.1 Model construction and training

The 4 input parameters were subjected to distribution standardization by re-

moving the mean of the training data and scaling to unit variance. The FFNN

was created with 4 input neurons (corresponding to the input parameters), two

hidden layers of 128 and 32 neurons with rectified linear unit activation, and

a single output neuron with linear activation. A dropout fraction of 0.2 be-

tween hidden layers (denoting that 20% of the training data was not used by

the second hidden layer) and early stopping (in which model training ceased

when model loss failed to decrease for 5 consecutive epochs) were used to pre-

vent overtraining. The model was trained on a random selection of 80% of the

underway observations, and tested with the remaining 20%. Model training

sought to minimize mean absolute error of predictions. A train vs. test com-

parison of model predictions (Figure 4.1) displayed a mean absolute error of

27.0 µatm. The mean of the test pCO2 observations was 371 µatm with a stan-

dard deviation of 61 µatm, while the mean of predicted test pCO2 was 371 µatm

with a standard deviation of 44 µatm, demonstrating comparable distribution

means but a restricted prediction variance. The bimodal distribution of pre-

dictions closely resembled that of the test data, indicating that a major mode

of seasonal variability (corresponding to spring conditions near atmospheric
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pCO2 equilibrium followed by summer CO2 drawdown) was well-represented.

The model captured more than two-thirds of test data variability, implying

that while the majority of variability was accounted for, further improvements

could be possible.

4.2.2 Model validation

Futher model validation was accomplished by comparison of model output

against pCO2 observed at a mooring or calculated from bottle sampling per-

formed independently from model training and testing observations. The sur-

face pCO2 time series generated by this model overlapped with a deployment

of a mooring in the western arm of Lake Superior at N 46.81° W 91.84° from

October 2022 to May 2023. This mooring was equipped with a CO2-Pro instru-

ment (Pro-Oceanus) measuring pCO2 with a manufacturer-specified accuracy

of ±0.5 % at 10 m depth with hourly resolution.

The first source of bottle measurements used to validate the model pre-

sented in this work came from paired measurements of pH and AT collected by

the United States Environmental Protection Agency Great Lakes National Pro-

gram Office (GLNPO) in 2019, 2021, 2022, and 2023. These data were obtained

from the Great Lakes Environmental Database System, and were estimated to

have uncertainties of ±50 µmol kg=1 for AT and ±0.2 for pH (Minor & Brinkley,

2022).

Bottle samples were also collected from surface waters in western Lake Su-

perior in 2020-2022, using standard oceanographic procedures (Dickson et al.,

2007). Water was collected from Niskin bottles closed at approximately 2 m

depth through pre-rinsed tubing into 500 mL flasks (for DIC and AT) or 250

mL flasks (for pH) with a full-bottle overflow, given a 5 mL headspace, poi-

soned with 140 µL saturated HgCl2 (Ricca), and sealed using Apiezon grease

and rubber bands. pH was analyzed spectrophotometrically using purified

meta-cresol purple dye within 30 minutes of sampling (Lai et al., 2016). DIC



98

Figure 4.1: Blue Heron underway pCO2 plotted against pCO2 predicted via
FFNN. The mean absolute error of this regression was 27.0 µatm.
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was analyzed coulometrically (UIC CM150). AT was analyzed as in Sandborn

et al. (2023). DIC and AT analyses of Certified Reference Materials demon-

strated an uncertainty better than ±5 µmol kg=1 as judged by mean absolute

error, while pH was assumed to have measurement uncertainty better than

±0.01.

For GLNPO bottle samples, pCO2 was calculated from AT and pH (DIC

was not measured). The combination of AT and DIC propagated with ap-

proximately 10 times the uncertainty of DIC and pH or AT and pH (cf. Orr

et al., 2018), so pCO2 for the authors’ bottle samples was calculated from the

latter two pairs. The carbonate equilibrium constants of Waters et al. (2014)

were used, along with typical sulfate (Chapra et al., 2012) and silica (Johnson

& Eisenreich, 1979) concentrations. Total borate and fluoride concentrations

were assumed to be zero. Salinity was calculated from conductivity (Hill et al.,

1986) solely for equilibrium constant estimation, as major ion concentrations

were explicitly specified.

4.2.3 Air-sea CO2 flux estimation

Model output pCO2 was used to estimate daily mean air-sea CO2 flux, param-

eterized as the difference between modeled sea surface pCO2 and observed

atmospheric pCO2 atm at the WLEF tall tower, multiplied by the gas transfer

velocity k, a function of Schmidt number Sc (Ho et al., 2006), mean squared

neutral wind speed at 10 meters above the sea surface (< U2
10 n >), the solubility

of CO2 in water Ko (R. Weiss, 1974), and the fraction of ice cover fice. Positive

values of CO2 flux denote efflux.

CO2 Flux = kKo (pCO2 − pCO2 atm) (1− fice) (4.1)

k = 0.266 < U2
10 >

( Sc
600

)−0.5
(4.2)
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Total net air-sea CO2 flux over Lake Superior was calculated via integra-

tion of daily mean air-sea CO2 flux using SeaFlux (Gregor & Humphreys, 2021)

which integrated over the area of the model grid (77,110 km2). The model grid

area was 93.9% of the true surface area of Lake Superior, (82,100 km2; Fuller

and Shear, 1995), so a further factor of 0.939−1 was applied to total net air-sea

CO2 flux to scale it to the true surface area. The smaller size of the model grid

stemmed from neglect of grid squares containing land, implying an offshore

bias in the output of this model. The effect of this bias may be to increase or

decrease net CO2 flux depending on time and location, as nearshore riverine in-

fluence may enhance primary production and respiration of terrestrial organic

material, shifting pCO2 in opposing directions.

4.2.4 Model uncertainty analysis

Overall pCO2 product uncertainty (upCO2
) was estimated after Landschützer

et al. (2013) as the root sum of squared uncertainties of contributors to predic-

tion uncertainty: uncertainty of the input observations (uobs), uncertainty in

aggregating observations into a grid (uagg), and uncertainty in model predic-

tion (umodel).

upCO2
=

√
u2

obs +u2
agg +u2

model (4.3)

uobs was assigned based on the estimated measurement uncertainty (±5 µatm).

uagg was assigned based on the mean standard deviation among aggregated

underway pCO2 observations in the training data (±1.9 µatm). umodel was as-

signed as the mean absolute error (±27.0 µatm) of the train vs. test comparison

(Figure 4.1). The resulting overall pCO2 product uncertainty was ±27.5 µatm,

dominated by umodel. This uncertainty was used to estimate whole-lake an-

nual air-sea CO2 flux uncertainty in a Monte Carlo reanalysis, described in the

presentation of total air-sea CO2 flux below.
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4.3 Results

Daily mean sea surface pCO2 and CO2 flux were predicted for Lake Superior

over the period 2019-2023 with a spatial resolution of 0.02°. Predicted pCO2

ranged from 283 µatm to 515 µatm with a mean of 402 µatm and standard de-

viation of 46 µatm. Predicted CO2 flux ranged from =96 mmol C m=2 d=1 to

31 mmol C m=2 d=1 with a mean of 0.4 mmol C m=2 d=1 and standard devia-

tion of 4.0 mmol C m=2 d=1.

Mean daily values of pCO2 and CO2 flux and predictor variables were av-

eraged over the entire model grid to produce mean time series (Figure 4.2).

The mean annual pCO2 time series agreed qualitatively with the double si-

nusoidal behavior modeled by Bennington et al. (2012), featuring two local

minima falling in mid-February and late August, and two local maxima falling

in early June and early December (Figure 4.3). The late August pCO2 mini-

mum aligned with the primary production maximum calculated here as well

as by Sterner (2010), and the December pCO2 maximum similarly aligned with

the calculated primary production minimum. The mid-winter pCO2 minimum

aligned closely with the SST minimum, as expected from the increasing sol-

ubility of CO2 with falling SST. Separating the temperature-driven effects of

CO2 solubility from the model-predicted time series (cf. Sandborn and Minor,

2024) illustrated how the climatology of predicted pCO2 was driven by both

thermal and non-thermal (primary productivity, respiration, mixing, CO2 flux,

etc.) drivers working in opposition to perturb pCO2 from a mean value near

atmospheric equilibrium, creating these four pCO2 time series local minima

and maxima (Figure 4.3). This analysis aided in explaining the timing of the

spring pCO2 maximum, which appeared with rising SST before falling sharply

after biophysical drivers including primary productivity created the summer

CO2 drawdown. Similarly, the late-fall pCO2 maximum appeared in spite of

decreasing SST due to the influence of biophysical drivers likely including ven-

tilation of hypolimnetic high-pCO2 waters with weakening stratification.
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Figure 4.2: Time series of daily mean values of model input parameters (3a-e)
and modeled lake surface pCO2 (3a) and CO2 flux (3f). Efflux is indicated as
positive values.
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Figure 4.3: Mean annual sea surface pCO2 cycle modeled for Lake Superior,
with Thermal and Non-Thermal decomposition components and WLEF atmo-
spheric pCO2 cycle over the period 2019-2023. Solid lines indicate mean, and
bounding strips indicate standard deviation.
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A cursory analysis of model prediction parameter importance and effect

was performed using Shapley additive explanation (SHAP) which provided ap-

proximate explanations of parameter effects on individual predictions. Mean

absolute parameter effects (SHAP values) over the training dataset indicated

the overriding importance of PAR, with a mean absolute SHAP value of 24 µatm,

followed by SST and primary productvity with mean absolute SHAP values

18 µatm and 16 µatm, trailed by U10 with a mean absolute SHAP value of 2 µatm.

The relative magnitudes of these four SHAP values indicated the relative im-

portance of the four input parameters in determining predicted pCO2. Com-

parison of input parameter values to corresponding SHAP values (Figure 4.4)

indicated elevated primary productivity, SST, and negative PAR (correspond-

ing with greater downward irradiation) were associated with decreased pCO2.

This relationship was expected for primary productivity and PAR as a proxies

of CO2 drawdown and seasonality. The case for SST was more complicated, for

(as indicated previously) CO2 solubility was expected to decrease with higher

SST, which contrasted with the SHAP value analysis indicating that the SST

input parameter acted as a proxy for other processes affecting pCO2 such as

spatial heterogeneity, seasonality, and mixing dynamics.

No significant trend was observed in a linear regression of deseasonalized

mean sea surface pCO2 or air-sea CO2 flux. Interannual variability, clearly vis-

ible in wide error strips around mean annual pCO2 (especially in spring and

fall; Figure 4.3) likely overwhelmed the relatively minute atmospheric increase

over 5 years, necessitating a longer time series for detection of such a trend

(Carter et al., 2019).

4.3.1 Total air-sea CO2 flux

Integration of CO2 flux rates over space and time for the modeled period yielded

a mean net annual CO2 influx of 0.1398 Tg C yr=1 for the period 2019-2023.

Year-by-year, this varied from an maximum influx of 0.296 Tg C yr=1 in 2023 to
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Figure 4.4: Comparison of SHAP values associated with prediction of pCO2 by
the four model input parameters. SHAP values on the x-axis indicate impact
on model output, such that a positive SHAP value for a given parameter for a
given prediction indicates that it positively biases the output value.



107

a maximum efflux of 0.058 Tg C yr=1 in 2019 (the only year in which a mean net

annual efflux was predicted). Monte Carlo reanalysis simulated uncertainty of

modeled CO2 flux from upCO2
estimated above. Values pulled from a random

gaussian distribution with a mean of 0 and a standard deviation of upCO2
were

added to grid cells’ modeled pCO2 values, and this perturbed model output

integrated to produce a value of total annual air-sea CO2 flux. This process

was repeated for 50 iterations, resulting in a distribution of total annual air-sea

CO2 flux with a standard deviation of 0.0001 Tg C yr=1 which was taken as the

uncertainty of net annual CO2 flux associated with this model. The variability

of the five years’ annual net CO2 flux exceeded this value, implying that the

modeled range represented significant interannual variability.

Net annual CO2 flux predicted for the five years of this model fell between

the mean annual 0.19 Tg C yr=1 efflux modeled for the period 1997-2001 by

Bennington et al. (2012) and the mean annual 0.4 Tg C yr=1 influx inferred by

Brothers and Sibley (2018) for the period 1968-2016. The annual mean ice-free

season (Julian days 100-300) CO2 net influx of 0.22 Tg C yr=1 was a close match

to the 0.3 Tg C yr=1 estimated for the same period during the years 2019-2022

by Sandborn and Minor (2024). The influence of modes of interannual climate

variability (El Niño-Southern Oscillation and Pacific Decadal Oscillation) on

the metabolism of Lake Superior remained difficult to infer from model out-

put. Brothers and Sibley (2018) associated a strong El Niño in 1997-1998 with

a period of net heterotrophy in 1998-2001. In contrast, this model predicted

a change from net CO2 efflux in 2019 (associated with a weak El Niño) to net

CO2 influx in the following years (marked by a moderate La Niña 2020-2023

followed by a transition to a strong El Niño). Nearly the entire modeled pe-

riod was associated with a negative-phase Pacific Decadal Oscillation, like the

period 1998-2001.

The mean pCO2 supersaturation predicted during winter is likely poorly-

constrained by a lack of wintertime training data, yet comparison to the mod-

eled time series of Bennington et al. (2012) supported this model’s prediction
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in both the location of the local minima and maxima (which agree within 2-3

weeks), the duration of super- and under-saturated periods, and the magni-

tude of springtime pCO2 under- and super-saturation with respect to the at-

mosphere, which were approximately 25 µatm in both models at both times.

The conclusion in our previous work (Sandborn & Minor, 2024) that Lake Su-

perior pCO2 has increased with atmospheric pCO2 is reinforced by this parallel

result.

4.3.2 Validation

Validation of modeled pCO2 by mooring-observations and bottle samples demon-

strated close agreement of the model predictions with in-situ conditions during

both the ice-free season as well as in winter.

Comparison of mooring-measured and modeled pCO2 time series at a moor-

ing location (Figure 4.5) over the period of sensor deployment indicated sub-

stantive agreement in the fall and winter. The mean absolute error between

modeled and observed pCO2 was 32.5 µatm over October 2022-May 2023, yet

during October 2022-December 2022 it was only 12.7 µatm. After January 2023

model output exceeded the measured value by an average of 40 µatm. The ex-

tent to which this was due to model error, sensor drift, or stratification was

unclear. The CO2-Pro sensor employed a zero-point correction, but previous

deployments have indicated drift on the order of 5 ppm over months (Arruda

et al., 2020). Wintertime negative stratification would be expected to isolate

sensor measurement (at 10 m depth) from surface waters after early December

when surface waters cooled to 4 °C, which approximately aligned with the di-

vergence of mooring and model pCO2, perhaps indicating mooring observation

of more CO2-rich hypolimnion-influenced water. Very weak winter stratifica-

tion and variable winter mixed layer depths would be expected at the mooring

location (J. Austin, personal communication), so more detailed analysis may be

needed to understand physical mixing drivers of wintertime pCO2variability
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in Lake Superior.

This comparison of winter observations with model prediction highlights

the need for improved winter observations to help validate models as in this

work, overcoming one of the most significant barriers to formulating annual C

budgets in seasonally ice-covered lakes.

Bottle samples provided surface water pCO2 calculated from paired mea-

surements of DIC and pH or AT and pH obtained simultaneously with un-

derway pCO2 measurements. Comparison of calculated-modeled pCO2 error

(∆pCO2) against modeled values (Figure 4.6) indicated a mean absolute error of

12.7 µatm. Residuals calculated as modeled-observed pCO2 did not appear to

illustrate a significant trend vs. underway-measured pCO2. GLNPO measure-

ments were paired with co-located modeled pCO2 predictions, which demon-

strated a mean absolute error of 180 µatm, the magnitude of which was dom-

inated by a minority of observations which displayed values far in excess of

modeled values. Outlier points represented both spring and summer obser-

vations from multiple years (though dominated by observations in 2019 and

2021), and displayed no geographic pattern such as proximity to shore or ma-

jor river outlets. The median absolute error for pCO2 calculated from GLNPO

bottle samples was 27 µatm, which differed insignificantly from the total model

uncertainty (27.5 µatm) as well as uncertainty propagated from measurement

uncertainty of GLNPO AT and pH (c. 225 µatm) thus demonstrating close cor-

respondence of observed and modeled pCO2.

4.4 Discussion

This work detailed the development of the first neural network model of inor-

ganic carbon cycling in a large lake. Despite the pioneering efforts of parallel

oceanographic work which proved and advanced the utility of this method (e.g.

Landschützer et al., 2013), much work remains in order to fully develop this

mode of observation-based modeling as a useful biogeochemical tool for the
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Figure 4.5: Time series of pCO2 observed at an overwinter mooring and mod-
eled at the same location and time period. The red line indicates hourly ob-
servations of pCO2 at 10 m depth, while the black line indicates daily mean
pCO2 modeled values. Water temperature is indicated as dotted red (mooring-
observed at 10 m) and black (Great Lakes Surface Environmental Analysis)
lines.
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Figure 4.6: Plot of modeled-calculated pCO2 error (∆pCO2) against modeled
pCO2. pCO2 values calculated from GLNPO samples are in red circles. pCO2
calculated from authors’ measurements of AT and pH or DIC and pH are in
blue squares and green triangles, respectively.
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study of inland waters.

Lake Superior provided an ideal test case for this work, as it remains the

best-studied of the Great Lakes in terms of carbon biogeochemistry, and its

large size and relatively-minimal terrestrial influence minimized noise that

might overwhelm model training. While the few available gridded products

suitable as model prediction parameters led to a model with sufficient accuracy

and precision for the promulgation of a refined carbon budget term, wintertime

uncertainties dominated the results. These problems and more are likely to ap-

ply to other large lakes to which a machine learning predictive model might be

applied.

4.4.1 Toward a refined carbon budget

Comparison of the range net annual air-sea CO2 flux values produced by this

model for the period 2019-2023 to other known terms (Table 4.2) produces a re-

fined picture of Lake Superior’s carbon budget which approaches closure. The

mass balance of carbon sinks and sources from the literature implies a range of

net annual carbon flux between 0.95 Tg C yr=1 influx and 2.35 Tg C yr=1 efflux,

which we assume is accounted for in a steady-state system by air-sea CO2 gas

flux. The modeled values in this study fall within this range and form a smaller

range, decreasing the uncertainty and error of Lake Superior’s carbon budget,

despite the fact that the modeled net annual air-sea CO2 flux in this work suf-

fers from a lack of wintertime training data and unquantified associated error.

Groundwater inputs and weathering are neglected in this budget.

Of the remaining terms, the largest uncertainties are associated with com-

munity respiration. Bennington et al. (2012) modeled an average annual com-

munity respiration rate of 5.45 Tg C yr=1, which when doubled (as suggested

in that work to account for the inclusion of all tributary inputs, of which their

work included 56% by flow volume) approaches the 10.78 Tg C yr=1 inferred
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by Brothers and Sibley (2018). The separation of components of Lake Supe-

rior’s carbon budget in time is another source of uncertainty. Warming waters

(Austin & Colman, 2008), increasing pCO2 (Minor & Brinkley, 2022; Sandborn

& Minor, 2024), decreasing ice cover (P. Xue et al., 2022), changes in light pen-

etration (Brothers & Sibley, 2018), and other modes of interannual variability

may decrease comparability of terms in Lake Superior’s carbon budget. De-

spite this shortcoming, calculation of Lake Superior’s carbon residence time

as sum of the lake’s carbon pool of 125 Tg DIC and its organic carbon pool

of 18.85 Tg C (see Chapter 1) over the average carbon efflux of 11.4 Tg C yr=1

yields a period of 12.6 yr, between the the DIC turnover time of 3-5 years and

the DOC turnover time upper bound of <60 years found by Zigah et al. (2011).

The relationship between Lake Superior net annual CO2 air-sea flux and

El Niño-Southern Oscillation remains unclear, as the transition from El Niño

to La Niña in 2019-2020 was associated with transition from net annual CO2

air-sea influx to efflux in contrast with previously-observed lake metabolism

relationships (Brothers & Sibley, 2018). This study’s support for negligible an-

nual net air-sea CO2 flux over Lake Superior contrasts with latitudinal trends in

large lake gas flux which indicate increasing efflux with latitude (Alin & John-

son, 2007). Sustained observation and modeling of biogeochemical cycling in

Lake Superior and other large lakes may shed light on the interface of climate

variability, climate change, and shifting element cycles.

4.4.2 Prospects of predictive modeling

The FFNN model in this work was trained on pCO2 observations spanning

the ice-free season, roughly April-November each year, yet its predictions ex-

tended into winter months and unobserved locations with the aid of modeled

and observed parameters. Extrapolation carries the risk of introducing addi-

tional uncertainty into predicted values. Our choice of a machine learning
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model thought to be more robust to generalization beyond the domain of train-

ing data and inclusion of model parameters acting as proxies of in-situ drivers

of pCO2 improved model robustness, leading to satisfactory validation against

independent measurements.

The model developed here represents an essentially statistical approach to

predicting inorganic carbon cycling. Like other statistical-predictive models, it

is not driven by explicit biogeochemical processes and as an empirical product

its output resists inference of drivers. The resulting blindness of the model to

a priori drivers can be a significant advantage as well as a central weakness.

Neural network and similar machine learning models have demonstrated

superior ability to generalize and apply complex relationships compared to

more transparent statistical alternatives, e.g. multiple linear regression (Vance

et al., 2022) and random forest regression (Sharp et al., 2022). FFNN models

are relatively easy to deploy with minimal assumptions of predictor or output

behavior. These advantages must be weighed against the “black box” nature of

this class of models; namely, that the complex nonlinear relationships among

predictors and output are difficult to deconvolute. SHAP analysis as deployed

in this work can aid in inferring input parameter importance and estimated

output effect. Other strategies devised to aid inference of model behavior and

underlying relationships include backward optimization and layerwise rele-

vance propagation (Toms et al., 2020). Model output can also be analyzed as

if it were actual observation, as in the discussion of seasonal trends, but once

again nonlinearity may intercede to confuse quantitative interpretation. Infer-

ence of high-level phenomena like patterns of large-ecosystem element cycling

then must rely upon antireductive (cf. Popper, 1966) interpretation of output at

a high level at the cost of losing reductive tools which might illustrate drivers

of these phenomena.

Overcoming limitations of machine learning models remains an active field

of study in the Earth sciences (Karpatne et al., 2019). Knowledge-guided ma-

chine learning products (Daw et al., 2021) and hybrid models incorporating
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feedback between earth system models and predictive machine learning prod-

ucts (Bennington et al., 2022; Gloege et al., 2022) have achieved improved

model accuracy and better representation of biogeochemical processes. Both

avenues of research are candidates for further development in the pursuit of

improved knowledge of carbon cycling in large lakes.

4.5 Conclusions

The predictive gap-filling model of surface pCO2 developed in this work takes a

step towards closing the carbon budget of Lake Superior by producing the first

observation-based, multi-year, spatially-comprehensive estimate of net annual

air-sea CO2 flux, which varied over the period 2019-2023 on both sides of zero

net CO2 flux. Leveraging the predictive capacity of available gridded input

variables (SST, PAR, U10, and calculated primary productivity) allowed this

model to generalize patterns of pCO2 variability to unobserved regions of Lake

Superior, with consistency verified by moored sensor and bottle observations.

Insofar as the resulting picture of pCO2 and CO2 flux expands the capabilities

of present observation capacity, it also emphasizes the value of improved and

expanded observations to inform statistical-predictive models such as the one

presented here, as well as process-based biogeochemical models.

The central result of this work, an observation-based description of Lake

Superior vacillating between net annual CO2 influx and efflux, underscores

the scientific understanding of Superior’s inorganic carbon cycle as a surpris-

ingly sensitive system to interannual climate variability in juxtaposition to its

vastness, long hydrological residence time and decade-scale organic carbon

turnover time (Minor & Oyler, 2021). The resulting illustration of a large lake

sensitively integrating and feeding back to unknown modes of interannual cli-

mate variability resembles the work of Brothers and Sibley (2018) which in-

ferred a relationship with ENSO, yet this work found no such correlation over
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a 5-year period. This result may indicate more complex factors mediating in-

terannual variability of inorganic carbon cycling in Lake Superior (and perhaps

other large lakes) which deserve further study at the scale of individual lakes as

well as the collection of large lakes across gradients of geography and climate.

While the five-year model product of pCO2 and CO2 flux spanning Lake Su-

perior presented here helps unravel seasonal, interannual, and spatial variabil-

ity in carbon cycling, it is fundamentally limited in predictive power outside

the observed domain. This work supports previously-modeled and -inferred

winter pCO2 supersaturation, but can provide only a rough estimate of that

season’s net CO2 efflux, and consequently the mean net CO2 flux of the mul-

tiannual time series. Despite these drawbacks, we contend that this model

output is consistent with the best knowledge of Lake Superior’s C budget, and

refines and extends it beyond previous work.
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Chapter 5

A survey of aragonite saturation state

in lakes and association with calcify-

ing mussel habitat

Abstract

A survey of aragonite saturation state in lakes of the world is presented with a

discussion of its potential use as a predictor of invasive calcifying mussel habi-

tat in inland waters. Calcium carbonate saturation state describes the thermo-

dynamic stability of a calcium carbonate mineral (calcite, aragonite) in water

as a function of pH, alkalinity, temperature, pressure, and ionic strength or

salinity. Each of these variables have been discussed separately as predictors

of calcifying organism survival and reproduction, yielding sometimes conflict-

ing results. The history of calcite and aragonite saturation states as useful

predictors of marine calcifying species ecology indicates that a similar index

may have use in a lacustrine setting. Data from the Surface Water Chem-

istry database and the Great Lakes National Program Office water quality data

record is presented to illustrate saturation state variability among and within

118
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lakes. Cross-referencing lakes’ median aragonite saturation against observa-

tions of Dreissena polymorphia in the Nonindigenous Aquatic Species database

indicated a relationship between aragonite saturation and Zebra mussel mus-

sel habitat characterized by lower distribution limits of aragonite saturation,

pH, alkalinity, and calcium ion. Future observational and experimental work

should investigate saturation state as a useful chemical-ecological variable in

inland waters.

5.1 Introduction

We propose the use of a mineral solubility index to better summarize the geo-

chemistry of inland waters’ calcium carbonate cycling and connect chemical

drivers with the ecology of calcifying bivalve species. Calcium carbonate sat-

uration state (Ω) has been widely applied in the marine literature to describe

precipitation and dissolution behavior of calcite (ΩCa) and aragonite (ΩAr) to-

gether with the biology of calcifying plankton, corals, and bivalves (R. A. Feely

et al., 2004). The use of Ω in inland waters has been limited largely to estu-

arine research, which has demonstrated its use in illustrating inorganic carbon

chemistry across the salinity spectrum (Reimer et al., 2023). The goal of this re-

search is to briefly highlight the utility of an underutilized parameter bridging

chemical context and ecological application.

Ω is calculated as the product of aqueous Ca2+ and CO3
2 – activities (de-

noted with braces) divided by the solubility product Ksp of the mineral phase

(calcite or aragonite):

Ω =

{
CO3

2−
} {

Ca2+
}

Ksp
(5.1)
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but more commonly as the product of aqueous Ca2+ and CO3
2 – concentrations

(denoted with brackets) divided by the apparent solubility product Ksp
’:

Ω =

[
CO3

2−
] [

Ca2+
]

Ksp
′ (5.2)

Ω is a mechanistic driver of CaCO3 solubility grounded in thermodynamic

theory. Values greater than 1 indicate saturated conditions favoring precipi-

tation, while undersaturated values less than 1 favor dissolution, with rates of

dissolution and precipitation determined by the degree of super/undersaturation

and environmental conditions (Adkins et al., 2021). The tolerance of calcifying

organisms to undersaturated conditions (with respect to the mineral phase of

their shells) depends on species, life stage, and metabolism, as the energetic

cost of calcification increases with degree of undersaturation (Waldbusser et

al., 2015). This thermodynamic description of CaCO3 thus defines a kinetic

constraint on biotic calcification which costs organisms energy to overcome

(Waldbusser et al., 2016). While Ca2+ and CO3
2 – concentrations are individ-

ually predictive of marine bivalve health, Ω can be a better predictor of ma-

rine mussel habitat and survivorship, especially for sensitive veliger life stages

(Gazeau et al., 2010; Gazeau et al., 2011; Ragg et al., 2019). These marine stud-

ies worked at the species level, at which marine calcifying species’ habitats are

similarly negatively affected by increasingly acidic ocean waters (R. A. Feely

et al., 2012). Community and ecosystem sensitivities to changes in saturation

state have proven difficult to generalize in light of acclimation, adaptation, and

interactions with other climate disruptions (Doney et al., 2020). These studies

together provide the foundation for the central hypothesis of this work: that

CaCO3 saturation state has useful predictive capacity for the habitat of inland

water calcifying species, particularly invasive mussels.
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Many calcifying species in inland waters exhibit sensitivity to chemical pa-

rameters tied to Ω, including pH, Ca2+ concentration, alkalinity, and conduc-

tivity, which has led to these measurable parameters’ use (together or sepa-

rately) as habitat predictors of freshwater shell-forming invasive species in-

cluding Limnoperna fortunei (Oliveira et al., 2010), Dreissena polymorpha and

bugensis (Karatayev et al., 2015; Mcmahon, 1996; Mellina & Rasmussen, 1994;

Ramcharan et al., 1992), Orconectes rusticus, Viviparus georgianus, and Cipan-

gopaludina chinensis (Latzka et al., 2015). This work focuses on Zebra mus-

sels (Dreissena polymorpha) as exemplar aquatic invasive species with potential

Ω sensitivity, but the results inform work with other species. Quagga mus-

sels (Dreissena bugensis) are generally more sparsely-observed, yet it is thought

that their greater tolerance of colder, deeper waters, softer substrates, and

perhaps CaCO3 chemistry may indicate distinct chemical-ecological habitats

(Karatayev & Burlakova, 2022).

Published chemical habitat requirements for Dreissena mussels are listed

exhaustively by Mackie and Claudi (2009). Significant disagreement is evident

the literature values, complicating their use as ecological variables. Calcium-

based limits have been observed or proposed repeatedly, with lower limits

varying from 28.3 mg L=1 (Ramcharan et al., 1992) to as low as 8.5 mg L=1

(Hincks & Mackie, 1997). Conflicting results have also been obtained among

North American and European Dreissenid populations (Mackie & Claudi, 2009).

These results have not led to well-defined Ca2+ habitat limits (Cohen & Wein-

stein, 2001). Reported pH limits are similarly confounded, with Dreissenid

invasion potential bounded by lower limit pH values ranging from 7.0 (Sepul-

veda et al., 2023) to 7.8 (Mackie & Claudi, 2009), corresponding to a relative

change in [H+] of 84%. Temperature, alkalinity, and conductivity limits have

also been proposed, but are more poorly-defined (Nalepa & Schloesser, 2013).

Further inspiration for this work derives from observations of co-variance of

pH and Ca2+ limits (Hincks & Mackie, 1997) and previous suggestions of min-

eral solubility indices (Latzka et al., 2015; Prescott et al., 2014). Decreasing pH
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(assuming constant alkalinity) decreases [CO3
2 – ], increasing [Ca2+] necessary

to maintain a given CaCO3 saturation; the inverse is also true (Equation 5.2).

The problems associated with multiple conflicting habitat predictors demon-

strate the need for a more comprehensive evaluation of chemical drivers of

Dreissenid habitat, which Ωmay fulfill.

Calculation of Ω requires measurement or parameterization of [Ca2+], tem-

perature, and salinity (if significant), and constraining an equilibrium calcu-

lation of [CO3
2 – ] by measuring at least two of its parameters: pH, dissolved

inorganic carbon (DIC), total alkalinity (AT), and partial pressure of CO2 in

water (pCO2) (Zeebe & Wolf-Gladrow, 2001). The resulting saturation state

carries the advantage of synthesizing disparate chemical variables into a single

value, yet suffers from a not-insignificant sampling and analysis requirement

which this study demonstrates.

Both under- and super-saturated values of ΩAr are observed in the Lauren-

tian Great Lakes (hereafter Great Lakes). Whiting events in lakes Ontario, Erie,

and Michigan (Peng & Effler, 2011) are the product of supersaturation. Lake

Superior alone is thought to remain undersaturated with respect to aragonite,

but large variability in previous estimates of Great Lakes ΩAr values and ranges

has obscured discussion of drivers and consequences of Great Lakes CaCO3

cycling (Sterner, 2021). It is likely that invasive species’ spread westward has

been hampered by the cold, oligotrophic, and corrosive waters of Lake Superior

(Grigorovich et al., 2003), but the role of CaCO3 undersaturation in inhibiting

calcifying species has seldom been explicitly discussed in relation to Lake Su-

perior. Just as in oceans, spatial and seasonal variability can play a large role

in determining lacustrine saturation states, which may vary depending on bio-

logical activity, riverine input, and physical conditions.

The uncertainty surrounding Ω in inland waters and its relationship with

calcifying species biology and ecology represents a knowledge gap that hinders

the understanding of invasive species management and ecological forecasting

in a changing world. This study poses four central questions which explore the
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utility of CaCO3 saturation state as a chemical, ecological, and management

tool:

1. How is CaCO3 saturation state calculated?

2. What is the distribution of CaCO3 saturation state in inland waters?

3. How does CaCO3 saturation state compare to other chemical predictors

of calcifying species habitat?

4. What science is needed to enable the use of CaCO3 saturation state as a

research and management tool?

These research questions are advanced in this communication with brief exam-

ples from water chemistry and invasive species databases, new measurements,

and reanalysis and synthesis of literature. Although not comprehensive in ge-

ographic scope or consideration of calcifying species, this work aims to lay the

foundation for such advances.

5.2 Methods

Water chemistry data for 236 inland lakes and ponds were obtained from the

SWatCh Version 2 database (Rotteveel et al., 2022), which comprises measure-

ments from more than 33,000 inland water sites around the world. Only fresh-

water (salinity ≤ 1) lakes and ponds which had contemporaneous observations

of pH and water temperature, [Ca2+], and at least one of alkalinity (total, car-

bonate, or acid neutralizing capacity) or inorganic carbon (total or dissolved)

were accepted, yielding 1461 observations. ΩAr was calculated from each set of

contemporaneous observations using PyCO2SYS software (Humphreys et al.,

2020). Only ΩAr, rather than ΩCa, was calculated here and elsewhere in this

work in the pursuit of brevity, and in light of the fact that Dreissenid mus-

sel shells are composed of aragonite. Carbonate equilibrium constants from
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Waters et al. (2014) were used, salinity was estimated for the purposes of equi-

librium calculation from conductivity after Hill et al. (1986), and total borate

and fluoride concentrations were assumed to be zero. The resulting values of

[CO3
2 – ] and ΩAr were summarized by taking the median value for each body.

The resulting data describe lakes and ponds in Austria, Italy, Lithuania, and

Canada. These data were supplemented with the LAGOS-US LIMNO (here-

after LAGOS) database (Shuvo et al., 2023) which provided paired in-situ mea-

surements of pH, water temperature, alkalinity, and [Ca2+] for 3666 freshwa-

ter lakes in the contiguous United States. [CO3
2 – ] and ΩAr were calculated as

above.

The Great Lakes were treated separately using Great Lakes National Pro-

gram Office survey data from 1986 to 2023 (Great Lakes National Program

Office, 2023). Contemporaneous observations of water temperature, pH, and

AT were paired with measured or estimated [Ca2+] and [CO3
2 – ] and ΩAr cal-

culated as above. Estimations of [Ca2+] were calculated as the mean [Ca2+] for

each lake given for the year 2009 by Chapra et al. (2012) multiplied by the

ratio of the measured specific conductivity to the mean lake specific conduc-

tivity reported by Chapra et al. Comparison of calculated to estimated [Ca2+]

indicated a median relative error of less than 3.8% using this method. This

error was considered negligible in light of the domination of within-lake ΩAr

variance by [CO3
2 – ] (Section 5.3.1).

Comparison of ΩAr with Zebra mussel habitat was enabled by the Non-

indigenous Aquatic Species database (Benson et al., 2023) which catalogs obser-

vations of Zebra mussels (Dreissena polymorphia) in water bodies of the United

States. Considering 2609 observations in lakes or ponds and cross-referencing

them against the same lakes in the LAGOS dataset yielded 134 lakes or ponds

with confirmed observations of Zebra mussel presence and sufficient chemical

observation to calculate median [CO3
2 – ] and ΩAr values.
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5.3 Results

Three databases providing standardized water chemistry descriptions of sur-

face lakes and ponds around the world informed this survey of calcium car-

bonate saturation state distribution. Two classes of lakes were considered sepa-

rately: the Great Lakes provided a demonstration of spatiotemporal variability

in ΩAr within five large lakes spanning a gradient of geochemical and hydro-

logical context, while the remaining lakes considered in this work provided a

demonstration of variability in ΩAr among lakes of the world. A subset of this

latter category were further classified by observations of Zebra mussels. The

chemical characteristics of the lakes in which these mussels invaded enabled

discussion of chemical drivers of invasive calcifying mussel habitat.

5.3.1 Distribution of ΩAr in the Great Lakes

The large geochemical and hydrological context spanned by the Great Lakes

was reflected in the distribution of ΩAr, [Ca2+], and [CO3
2 – ] observed in each

lake (Figure 5.1). Of 26,936 observations, 4786 were of Lake Superior, 6234

were of Lake Michigan, 5901 were of Lake Huron, 6401 were of Lake Erie,

and 3614 were of Lake Ontario. The observed or calculated [Ca2+] for each

lake displayed a relatively narrow distribution, except in the case of Lake Erie,

for which a subset of observations located in the highly-temporally-variable

western basin displayed depressed [Ca2+]. The mean values of ΩAr generally

bounded those calculated by Sterner (2021), which did not consider spring and

summer values separately. Variability in ΩAr was due largely to the relatively

broad range of [CO3
2 – ] observed in each system.

Seasonal differences inΩAr, [Ca2+], [CO3
2 – ], and pH distributions (logarith-

mically transformed to highlight relative changes among and within lakes) in-

dicated the large role of seasonal variability in depressing Spring [CO3
2 – ] and

thus ΩAr to a lower and more limited range in each lake (Figure 5.2). Superior
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was the only system which remained undersaturated with respect to aragonite

(i.e. ΩAr< 1) at nearly all observed stations throughout the year, though me-

dian spring ΩAr was undersaturated with respect to aragonite for Lakes Huron,

Erie, and Ontario as well. A statistical summary of ΩAr, [CO3
2 – ], and [Ca2+]

was compiled for each lake and season (Table 5.1). Similar summaries may be

found for pH, AT, and Ca2+ elsewhere (Chapra et al., 2012; Minor & Brinkley,

2022; Minor et al., 2019).

One potential problem with this overview of ΩAr in the Great Lakes is the

uncertainty in [CO3
2 – ] propagated from uncertainty in pH and AT. Assuming

a pH uncertainty of ±0.2 and an AT uncertainty of ±50 µmol kg=1 (Minor &

Brinkley, 2022), the mean propagated uncertainty in [CO3
2 – ] for all five lakes

was 7.6 µmol kg=1, and the mean propagated uncertainty in ΩAr for all five

lakes was 0.6, both representing a relative uncertainty of 49%. This magni-

tude of obscured seasonal variability of CaCO3 under- or super-saturation and

inhibited time series or spatial variability analysis in this work. Strategies for

circumventing measurement uncertainty challenges are discussed below.

The survey of ΩAr in the Great Lakes provided here expanded on previous

descriptions of CaCO3 chemistry in the world’s largest contiguous freshwater

body with particular focus on ΩAr variability within lakes. The 30-year GLNPO

observational dataset illustrated significant variability inΩAr on seasonal scales

through the action of variable [CO3
2 – ] rather than the more constant [Ca2+].

Examining ΩAr variability among lakes required chemical characterization of

many more lakes, fulfilled in this work by the SWatCh and LAGOS datasets.

5.3.2 Distribution of ΩAr in world lakes

A distribution of world lakeΩAr was produced for lakes described by the SWatCh

and LAGOS datasets, which indicated patterns and variability in CaCO3 sol-

ubility chemistry among lakes, a third dataset category representing the in-

tersection of LAGOS and NAS, is discussed in Section 5.3.3. In contrast to
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Figure 5.1: Plot of observations of Laurentian Great Lake concentrations of
Ca2+ and CO3

2 – calculated from GLNPO observations obtained in early Spring
and late Summer campaigns in each lake during most years 1986-2023. Con-
tour lines indicate ΩAr = 1 (saturation) at 4 °C (dashed) and 25 °C (solid). From
highest to lowest mean [Ca2+], the lakes Michigan, Ontario, Erie, Huron, and
Superior display relatively little variation in [Ca2+], generally no more than a
tenth of an order of magnitude (except for Erie) but much greater variability
in [CO3

2 – ] (exceeding an order of magnitude), which is largely the effect of
temporal variability. Note logarithmic transformation of the axes, which en-
ables illustration of a linear aragonite saturation and better differentiates the
five lakes across 3 orders of magnitude ([CO3

2 – ]) and less than 1 order of mag-
nitude ([Ca2+]).
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Figure 5.2: Decile plot of seasonal distributions of Decile plot of distributions
of a. ΩAr b. Ca2+, c. CO3

2 – , and d. pH in the Laurentian Great Lakes from
GLNPO observations. Median values are indicated by the line in the center of
the largest box, with decile values indicated by lines above and below. Loga-
rithmic transforms were performed as indicated on axis labels in order to aid
comparison of distribution differences and ranges across each lake and season.
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previously-considered distributions ofΩAr in the Great Lakes (Figure 5.1) which

varied largely due to variations in [CO3
2 – ] within lakes, median ΩAr in 3493

world lakes varied approximately linearly against log-transformed [CO3
2 – ] and

log-transformed [Ca2+] among lakes (Figure 5.4b, c). A linear regression de-

scribing the relationship between calcium (y) and carbonate (x) ion concentra-

tions gave a slope of 0.355 ± 0.005 with an intercept 2.301 ± 0.005 for the LA-

GOS data and a slope of 0.376 ± 0.005 with an intercept 2.562 ± 0.009 for the

SWatCh data (± standard error of type-I linear regression). These lines roughly

paralleled the charge balance approximated by 2[Ca2+] = [HCO3−] and previ-

ously observed in various major rivers of the world (Holland, 1978), but with

the HCO3
– axis transformed to CO3

2 – assuming a range of water pCO2 levels

(indicated in Figure 5.4) to illustrate the linear relationship between log-[Ca2+]

and log-[CO3
2 – ]. Departures from this charge balance relationship may result

from runoff richer in other ions, e.g. K+, Fe2+/3+, Al3+, the ratios of which vary

over continental settings (Mackenzie & Garrels, 1971).

Both datasets included lakes supersaturated and undersaturated with re-

spect to aragonite. Mean ΩAr values of 3.1 for LAGOS lakes and 2.5 for SWatCh

lakes indicated distributions skewed towards supersaturation, yet the stan-

dard deviation of ΩAr approached or exceed the mean values, demonstrating

the wide range of aragonite solubility behavior found in world lakes (Table

5.2). The shape of the ΩAr distribution in both datasets was essentially the

same, along with that of the [CO3
2 – ], [Ca2

+], and pH distributions (Figure

5.3b, c), though each of the four parameters exhibited a higher median value in

SWatCh lakes relative to LAGOS lakes. An analysis of error or uncertainty as

demonstrated for the Great Lakes in the previous section was not carried out,

as the means for inferring uncertainty (standards, replication, etc.) were not

reported.

Estimation of the world lake distribution of ΩAr enabled by consideration

of the LAGOS and SWatCh datasets illustrated covariance of ΩAr with both

[CO3
2 – ] and [Ca2

+] in a reproducible fashion predicted by charge balance.
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Table 5.2: Statistical summary of ΩAr in world lakes, calculated from observa-
tions in the SWatCh or LAGOS dataset, together with the subset of the LAGOS
dataset overlapping with NAS database observations (denoted NAS+LAGOS)
of Zebra mussels (D. polymorphia) in lakes and ponds. 5th and 10th percentiles
are provided for the NAS+LAGOS observations to indicate a range of potential
chemical habitat limits, as discussed in Section 5.3.3

NAS+LAGOS SWatCh LAGOS

count 131 233 3260

5th percentile 0.5
10th percentile 1.0

1st quartile 2.6 0.1 <0.1
ΩAr mean 5.0 3.1 2.5

(µmol kg=1) median 4.6 2.8 0.4
3rd quartile 6.6 5.0 3.9

std. dev. 3.3 2.9 3.9

Combination of these chemical characterizations of CaCO3 solubility in lakes

with information about the habitat of a calcifying mussel next led to inference

of ecologic behavior associated with chemical context.

5.3.3 Dreissena polymorphia and ΩAr

Calculated ΩAr values in the Great Lakes and selection of world lakes spanned

a large range of undersaturated to supersaturated conditions with respect to

aragonite. Together with a set of related water quality parameters previously

proposed as predictors of calcifying species habitat including pH and [Ca2+],

these variables were compared in order to evaluate their relative ability to con-

strain Dreissenid habitat. The distributions of pH, [Ca2+], [CO3
2 – ], and ΩAr

in the intersection of NAS and LAGOS data (representing invaded lakes) in-

dicated a restricted distribution of each variable relative to world lakes repre-

sented in SWatCh and LAGOS data sets (Figure 5.3).

This lack of observation of Zebra mussel populations in lakes with rela-

tively lower pH, [Ca2+], and [CO3
2 – ] implied an association between chemical

environment and biological habitat for this species in agreement with previous
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studies. A novel finding in this work was the parallel association of ΩAr and

Zebra mussel observations. The 10th percentile in-situ ΩAr value in invaded

lakes was 1.0, precisely at aragonite saturation (Table 5.2), while the 5th per-

centile ΩAr value was 0.5, reflecting the presence of Zebra mussels in a handful

of lakes with median conditions reflecting aragonite undersaturation. These

two values illustrated a band of slightly-aragonite-undersaturated conditions

associated with an apparent boundary of Zebra mussel habitat. In line with

the understanding of biological effects of CaCO3 undersaturation on calcify-

ing organisms, the region 0.5 ≤ ΩAr ≤ 1.0 may present a region of increasing

kinetic constraint upon biotic calcification by Zebra mussels requiring increas-

ing energy expenditure.

The commonly-cited [Ca2+] constraint of Zebra mussel habitat of 12 mg L=1

or 300 µmol kg=1 (Mcmahon, 1996) overlaps with the cluster of invaded lakes

in Figure 5.4, yet excludes several invaded lakes which were found to have

median ΩArnear or above saturation. This result underlines potential pitfalls

of single-parameter delineations of invasive species habitat, which has been

echoed by other research (Karatayev et al., 2015). A comprehensive test of

predictive ability was not possible in this observational survey, which consid-

ered lakes classified by whether Zebra mussels had been observed, rather than

whether a lake had been invaded, or whether Zebra mussels survived and re-

produced. Among lakes without observed populations of Zebra mussels (i.e.

not part of the NAS data set), there existed the twin possibilities of an un-

observed invasion in a chemically-suitable lake (a false negative), or a failed

invasion of an chemically-suitable lake (a false positive). For this reason, the

data presented in this work was used only to suggest likely chemical drivers

of Zebra mussel habitat limits indicated by conditions in invaded lakes, rather

than a causal connection. This result suggests several opportunities for further

experimental study (Section 5.4.1).
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Figure 5.3: Decile plot of distributions of a. ΩAr b. Ca2+, c. CO3
2 – , and d.

pH in world lakes, calculated from the SWatCh or LAGOS datasets, as well as
the subset of the LAGOS dataset overlapping with NAS database obervations
of Zebra mussels (denoted NAS+LAGOS) in lakes and ponds. Median values
are indicated by the line in the center of the largest box, with decile values
indicated by lines above and below. Logarithmic transforms were performed
as indicated on axis labels in order to aid comparison of distribution differences
and ranges across each lake and season.
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5.4 Conclusions

This letter briefly outlined the theoretical and practical basis for the use of a

mineral saturation state in lakes to describe interesting and useful aspects of

CaCO3 chemistry among and within inland water bodies. It addition to the

utility of Ω (and its aragonite- and calcite-specific forms ΩAr and ΩCa) as chem-

ical variables synthesizing multiple aspects of inorganic carbon and calcium

cycling in water, its use as an ecological variable was proposed and supported

by observations indicating a association of ΩAr with Dreissenid mussel habi-

tat. Further study is needed to demonstrate causal mechanisms as well as to

establish values of Ω in natural waters with management applications.

Several further opportunities and barriers pertaining to expanded use of Ω

in inland waters bear mentioning.

Accumulation of CO2 in Earth’s atmosphere has been driving acidification

of the surface ocean. It is projected that the Great Lakes may also experience

higher aqueous CO2 concentrations driving a pH decrease between 0.29 and

0.49 units by the year 2100 assuming no alkalinization or sediment buffer. This

could contribute to a decrease in ΩAr as observed in the global ocean (Phillips

et al., 2015). Three processes at work in inland waters may soften or reverse a

ΩAr trend: first, river alkalinization may locally increase CO3
2 – concentration

faster than acidification decreases it (Gomez et al., 2021); second, increased

Ca2+ inputs from weathering, land use changes, and road salting contribute

to higher ΩAr values (Kaushal et al., 2018); third, the internal CaCO3 buffer

in lakes with carbonate sediments represents another bulwark to acidification

(Turk & Adams, 1983); last, warming waters increase ΩAr by shifting inorganic

carbon speciation. The impact of changing CaCO3 cycling on aquatic ecosys-

tems (and calcifying species in particular) is an open question, as the connec-

tions between water chemistry, species survival, and ecosystem health are not

well-understood. Recent work supporting hypothesized atmospheric CO2 in-

vasion of Lake Superior (Sandborn & Minor, 2024) underlines a pressing need
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for study.

This survey of ΩAr in lakes and ponds and potential connection to Dreis-

senid presence relied heavily upon the valuable work of teams coordinating

the SWatCh, LAGOS, GLNPO, and NAS databases. These databases, in turn,

comprised the work of many observers working with varying methods and def-

initions of chemical analysis differing by agency, nation, instrument manufac-

turer, or other factors. While the coordinated datasets in use for this project

were well-standardized, with erroneous features removed or flagged, there still

remained the question of varying measurement uncertainty and its propaga-

tion through the equilibrium calculations that underlaid this work.

Several sources of uncertainty factored into the equilibrium calculations

of Ω, which pose a barrier to application of saturation state as an ecological

variable. First, the set of inorganic carbon equilibrium coefficients used may

introduce some bias. Second, the uncertainty of measurements of carbonate

parameters propagates to Ω; this uncertainty can be considerable in measure-

ments obtained with potentiomeric pH instruments or various alkalinity titra-

tion methods (Golub et al., 2017; Sandborn et al., 2023; Young et al., 2022).

Third, Ω can change rapidly in an aquatic system as biogeochemical processes

produce or consume CO3
2 – . This last challenge mirrors that associated with

pH monitoring, and similar solutions (continuous monitoring and careful time

series analysis) apply (Pfister et al., 2014). Organic alkalinity species may also

contribute to measured AT, but are not routinely accounted for in equilibrium

calculations. The presence of organic alkalinity can introduce biases inΩwith a

direction and magnitude dependent upon the choice of inorganic carbon input

parameters and acid-base properties of the dissolved organic matter; bias in Ω

is minimized by calculations based on AT and pH (Sharp & Byrne, 2020). The

influence of organic alkalinity on inorganic carbon equilibria is understudied

in inland waters, and deserves closer study. Effects of Mg2+ and other “hard”

ions on mineral solubility were not considered in this work, but marine studies

indicate that higher solubility of high-Mg biogenic carbonate minerals may put
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some calcifiers at risk in an acidifying environment (Andersson et al., 2008),

while incorporation of Mg into biogenic carbonates varies with environmental

Mg2+/Ca2+ ratios and species (Ries, 2010). Development of mineral saturation

state as a freshwater tool should consider how these marine findings may apply

to inland waters with varying Mg2+/Ca2+ ratios and calcifying species.

This work provided a practical demonstration of the analytical burden needed

to observe ΩAr in inland waters; namely, that the inorganic carbon system be

constrained by measurement of at least two of DIC, AT, pH, or pCO2, along

with Ca2+, water temperature, and preferably conductivity/salinity. This must

be repeated in order to observe spatiotemporal variability of ΩAr in large or

seasonally-variable systems. For some monitoring efforts, these measurements

may already be at hand. A central challenge in this work was the dearth of

high-quality simultaneous measurements constraining equilibrium calculation

of CO3
2 – from, e.g. pH and AT. For both observational and experimental ef-

forts to use ΩAr (or ΩCa) as an ecological variable, high quality inorganic carbon

and Ca2+ measurements will be central to observing accurate Ω. Improved and

more routine chemical characterization of CaCO3 saturation state is a neces-

sary step in any effort to broaden this variable’s use in limnology, ecology, and

lake management.

5.4.1 Next steps

We demonstrated how CaCO3 saturation state may be calculated, outlined its

distribution in a selection of lakes, and illustrated its potential as a chemi-

cal predictor of calcifying species habitat. Our last goal is to suggest research

needed to enable the use of CaCO3 saturation state as a research and man-

agement tool. More comprehensive knowledge of CaCO3 cycling among and

within inland waters could be gained by expanded observation of inorganic car-

bon parameters (pH, AT, DIC, pCO2) in lakes and rivers, taking advantage of
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recent improvements in analytical techniques achieved in both marine and la-

custrine communities. Chemical responses to changing climate, hydrology, and

biogeochemical cycles become increasingly important to observe and model in

the context their relationship to natural resources and ecosystems. Calcifying

species (both invasive and native; see Introduction) have been demonstrated

to be sensitive to the concentrations and changes in chemical parameters driv-

ing CaCO3 saturation state in both observational and experimental study. This

survey points to a similar association between ΩAr and Dreissena polymorphia

habitat. Experimental and observational study should be employed to exam-

ine any mechanistic or causal relationship of CaCO3 saturation and calcifying

species habitat, survival, and reproduction.
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Chapter 6

Conclusion and Discussion

In this dissertation, observations and models of inorganic carbon cycling in

Lake Superior provided a clearer picture of the lake’s carbon biogeochemistry

in the context of a shifting global carbon cycle. The rising CO2 concentration

in Earth’s atmosphere and its interactions with the surface ocean drove the hy-

pothesis that Lake Superior’s inorganic carbon cycle is interacting and respond-

ing to the atmospheric CO2 trend in a parallel fashion. Individual projects

engaged with this hypothesis via a variety of means, but each was rooted in

oceanographic practice grounded in lacustrine context. This overarching motif

of marine-freshwater interdisciplinarity aiming at “bridging the salty divide”

(Cole, 2013b) benefited each of the four projects.

6.1 Summary and synthesis of work

Improved observation of inorganic carbon cycling was promoted by the devel-

opment of an instrument for the analysis of AT adhering to established marine

best practices, while providing a more accurate, precise, thermodynamically-

consistent, and accessible measurement on an open-source platform. Chapter

2 demonstrated analytical techniques which could contribute to constraining

139
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seasonal and interannual trends in alkalinity, indicating hydrological changes,

and illustrating acid-buffering behavior in light of to atmospheric CO2 invasion

and potential acidification as reviewed in Chapter 1 and supported in Chapter

3. Several aspects of alkalinity in inland waters were raised but not fully ex-

plored, including the presence of organic or excess alkalinity in the Great Lakes

and implications for inorganic carbon equilibria, the relationship between al-

kalinity and conductivity or ionic strength in these systems, and development

of reference materials (or use of existing certified reference materials) to aid

freshwater AT and DIC analysis, all of which merit further study.

Using improved inorganic carbon parameter analytical methods (including

the instrument demonstrated in Chapter 2), the next project presented the first

multi-year pCO2 time series produced on Lake Superior by underway instru-

mentation. An analysis of seasonal and interannual variability in Lake Superior

surface pCO2 revealed prolonged periods of CO2 influx and efflux which var-

ied in space in association with riverine influence. These observations served

as the first direct observation of multiannual-scale pCO2 increase, supporting

the hypothesis of atmospheric CO2 invasion of Lake Superior. Significant gaps

in space and time between transects, notably in winter, inhibited improvement

of Superior’s as-yet unbalanced carbon budget. In light of this dearth of ob-

servation, which has similarly stymied previous attempts to understand Lake

Superior’s carbon cycle, an observation-based model was developed in Chapter

4.

An model of surface water pCO2 spanning Lake Superior over the period

2019-2023 was assembled as an observation-based gap-filling mechanism, with

the goal of describing sub-seasonal to multi-annual variability in unobserved

domains. A feed-forward neural network model resembling similar marine

efforts (e.g. Landschützer et al., 2013) was trained on underway pCO2 observa-

tions to predict daily mean pCO2 over the entire lake surface from 2019-2023

with a spatial resolution of 0.02° × 0.02°. Comparison of model output with

bottle and moored sensor observation validated model predictions both in and
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out of the training data spatiotemporal domain. This allowed inference of an-

nual net whole-lake CO2 air-sea fluxes which were consistent with a balanced

carbon budget. This model further supported the picture of a large lake at

multi-annual equilibrium with an increasing atmospheric CO2 concentration.

Ecological ramifications of this phenomenon motivated the discussion of the

relationship between shifting inorganic carbon chemistry, CaCO3 solubility,

and calcifying bivalves in Chapter 5.

The final project in this work presented a discussion of aragonite satura-

tion state as a chemical predictor of calcifying species habitat in lakes, with

a focus on invasive Zebra mussels (Dreissena polymorphia). This transfer of a

mineral saturation state from marine science to a freshwater setting was mo-

tivated by its utility to synthesize several variables which have been individ-

ually demonstrated to predict the habitat of calcifying bivalves. In light of

shifting inorganic carbon chemistry described in previous chapters, saturation

state as a chemical-ecological parameter gained further importance. Litera-

ture values describing calcium carbonate saturation state in the Great Lakes

and several thousand world lakes illustrated variability of aragonite satura-

tion state within lakes driven by carbonate ion concentration, while variability

among lakes demonstrated an essentially linear distribution of saturated and

undersaturated conditions dictated by the charge balance of calcium and bi-

carbonate ions. Comparison of lakes’ aragonite saturation states against Zebra

mussel observations illustrated association of habitat bounds with aragonite

saturation state similar to other predictor variables. More work remains to

establish any utility of calcium carbonate saturation states as useful chemical-

ecological variables, such as further observation of saturation state and mussel

habitat, as well as experimental frameworks studying mussel survival and re-

production under conditions of varying saturation state. Comparison of the

work of marine biologists studying ocean acidification (e.g. Riebesell et al.,

2011) may be of use for future work.
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6.2 Next steps

The foregoing chapters prompt further scientific questions regarding carbon

cycling in Lake Superior, the Laurentian Great Lakes, and other large lake sys-

tems in general. In addition to further research suggested in the foregoing

section, several other questions arise which should be addressed by the Earth

science community.

It should be determined to what extent the finding of atmospheric CO2 in-

vasion in Lake Superior may apply to other systems. The invasion of Lake

Superior described in this work occurs because of repeated equilibration with

a rising atmospheric signal, mediated by a relatively-short characteristic equi-

libration timescale. Apparent dominance of Lake Superior surface water pCO2

by the atmospheric CO2 reservoir on multiannual scales illustrated a funda-

mental behavior of the lake’s carbon cycle. An observation-based model devel-

oped in Chapter 4 took advantage of a unique source of underway pCO2 data

as well as moored pCO2 and bottle samples to create a gap-filling model of

pCO2 and CO2 flux spanning Lake Superior throughout 5 years, demonstrating

an application of expanded observation which supported a better-constrained

carbon budget for Earth’s largest lake. Other lake systems which maintain

super- or under-saturated CO2 concentrations relative to the atmosphere do

not necessarily undergo atmospheric CO2 invasion. The CO2 concentration

of a supersaturated lake (as most are, most of the time) may vary interannu-

ally due to allocthonous carbon loading and internal metabolism, or it may

achieve some predictable relationship with atmospheric CO2 which results in

an interannually-rising CO2 concentration for all or part of the year. Observa-

tion and time series analysis resolving an interannual trend (if any) may dis-

criminate lakes undergoing CO2 invasion from those not doing so.

This dissertation was motivated in part by the specter of lake acidification,

yet only the action of its driver, CO2 invasion, was substantively supported by

the research presented above. Trends of lake pH have proven more difficult to
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discern than pCO2 for several reasons: first, surface water pH is mediated by

the atmospheric equilibrium of the increasing surface water pCO2 signal and

interannually variable alkalinity, which likely responds to hydrologic drivers

including lake level. Second, available time series (i.e. Great Lakes National

Program Office surveys) do not resolve seasonal variability with twice-annual

observations falling on variable dates superimposed upon shifts in pCO2 cy-

cle phenology potentially linked to climate and lake level variability. This

inhibits deseasonalizing time series data as an essential step towards inter-

annual trend detection. Third, the measurement uncertainty associated with

many historic inorganic carbon parameter measurements reduces the statisti-

cal power of trend-finding efforts; continuing adoption of more precise and ac-

curate tools including spectrophotometric pH, deployed pCO2 sensors, and im-

proved total alkalinity and dissolved inorganic carbon methods will strengthen

present and future observational efforts. Fourth, the dearth of wintertime ob-

servations prevents understanding of year-round inorganic carbon cycling dy-

namics. Under-ice sensor deployments and winter limnology campaigns have

begun to alleviate this gap in knowledge while climate change is shifting the

experience of winter.

The sum of these obstacles leaves large lake limnologists with the daunt-

ing task of measuring shifts in CO2 cycling and acidification among lakes of

broadly variable chemical contexts. This task is matched in importance by

the need to understanding biogeochemical and ecological outcomes of a yet

uncertain acidification trend. The way forward, it is hoped, is cleared some-

what by the examples detailed in this work: more and higher-quality measure-

ments of inorganic carbon parameters, improved spatial and temporal reso-

lution and coverage, integration with observation-based and biogeochemical

process models, and dialog with ecological effects and feedbacks.
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Appendix A

Glossary and Acronyms

Care has been taken in this thesis to minimize the use of acronyms. This ap-

pendix contains a table of necessary acronyms and their meaning.

A.1 Acronyms

Table A.1: Acronyms

Acronym Meaning

AT Total Alkalinity

DIC Dissolved Inorganic Carbon

ISFET Ion-Sensitive Field Effect Transistors

fCO2 Fugacity of Carbon Dioxide

FFNN Feed-Forward Neural Network

FVCOM Finite Volume Community Ocean Model

GLNPO Great Lakes National Program Office

GLSEA Great Lakes Surface Environmental Atlas

Continued on next page
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Table A.1 – Continued from previous page

Acronym Meaning

NBS National Bureau of Standards

PAR Photosynthetically-Active Radiation

pCO2 Partial Pressure of Carbon Dioxide

PIC Particulate Inorganic Carbon

POC Particulate Organic Carbon

SHAP Shapley Additive Explanation

SOCAT Surface Ocean CO2Atlas

SST Sea Surface Temperature

U10 Neutral Wind Speed at 10 m

ΩAr Saturation State of Aragonite

ΩCa Saturation State of Calcite
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