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ABSTRACT 

Dissolved oxygen concentrations are declining in the bottom waters of many 

lakes around the world, posing critical water quality concerns. Throughout my 

dissertation, I assessed how bottom-water dissolved oxygen may mediate the effects of 

climate and land use change on water quality in lakes. First, I characterized causes of 

variation in summer bottom-water temperature and dissolved oxygen. I demonstrated that 

spring air temperatures may play a greater role than summer air temperatures in shaping 

summer bottom-water dynamics. I then characterized the effects of declining bottom-

water oxygen concentrations across diverse scales of analysis (i.e., using microcosm 

incubations, whole-ecosystem oxygenation experiments, and data analysis of >600 

widespread lakes). I found that low dissolved oxygen concentrations contributed to 

release of nutrients and organic carbon from lake sediments, potentially altering the role 

of lakes in global biogeochemical cycles. Importantly, I also found support for a 

previously-hypothesized Anoxia Begets Anoxia feedback, whereby bottom-water anoxia 

(i.e., no dissolved oxygen) in a given year promotes increasingly severe occurrences of 

anoxia in following summers. This finding demonstrates the need for forecasts of future 

oxygen dynamics in lakes, as management actions to preempt the first occurrence of 

anoxia will be more effective than actions to restore ecological function after oxygen 



 

 

concentrations have already declined. To build the capacity for such forecasts, I led a 

systematic review of ecological forecasting literature that characterized the state of the 

field, emerging best practices, and relative predictability of four ecological variables. 

Combined, my dissertation provides a mechanistic examination of the effects of climate 

change on water quality in lakes worldwide, ultimately helping to anticipate, mitigate, 

and preempt future water quality declines. 
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GENERAL AUDIENCE ABSTRACT 

Changes in climate and land use have caused dissolved oxygen concentrations to 

decline in many lakes around the world. These declines are concerning because low 

oxygen concentrations can cause substantial water quality problems. If we could better 

predict future water quality, we may be able to develop more effective lake management 

programs. To help meet this need, I analyzed how dissolved oxygen has mediated 

historical changes in water quality, and how dissolved oxygen may affect water quality in 

the future. I focused on bottom-water (rather than surface-water) dissolved oxygen, 

because bottom waters are more likely to experience very low oxygen concentrations that 

can lead to water quality problems. I started by assessing the drivers of summer bottom-

water dissolved oxygen in 615 lakes. Across these lakes, spring air temperatures played a 

greater role than summer air temperatures in shaping summer bottom-water temperature 

and dissolved oxygen. I then characterized the effects of declining bottom-water oxygen 

concentrations using small-scale incubations in the lab, manipulations of oxygen 

concentrations in a whole reservoir, and data analysis across 656 lakes. I found that low 

dissolved oxygen conditions led to the release of nutrients and organic carbon from lake 

sediments, which may worsen water quality. Importantly, I also found support for a 

feedback effect, whereby low bottom-water dissolved oxygen in one summer perpetuates 



 

 

oxygen declines in following summers. This finding motivates the need for forecasts of 

future dissolved oxygen concentrations, as management actions to stop the first 

occurrence of low oxygen concentrations will be more effective than actions to restore 

water quality after oxygen concentrations have already started to decline. To build 

capacity for lake oxygen forecasts, I synthesized many published papers that have 

predicted future ecological states, and I documented proposed best practices in this 

emerging field. Ultimately, by advancing our understanding of how climate and land use 

change affect water quality in lakes worldwide, my dissertation research will help to 

anticipate, mitigate, and preempt future water quality declines. 
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Chapter I: Introduction 

Anthropogenic climate and land use change have profoundly altered ecosystems 

around the world, with critical social and cultural consequences (Adger et al., 2013; 

IPCC, 2023b; Bellard et al., 2012; O’Reilly et al., 2015). Predicting future ecological 

impacts of anthropogenic change may be necessary to prepare for and preempt socially 

relevant loss of ecosystem function (Clark et al., 2001; Dietze et al., 2018). However, 

developing these predictions will require fundamental understanding of ecosystem 

dynamics, in addition to conceptual and practical frameworks for predicting future 

ecosystem states.  

Freshwater lakes and reservoirs (hereafter: “lakes”) have been classified among 

the ecosystems that are most threatened by anthropogenic climate and land use change 

(IPCC, 2023b; MA, 2005; Zhi et al., 2023). On average, surface-water temperatures 

increased faster in lakes than in other aquatic ecosystems from ca. 1980–present (Dokulil 

et al., 2021; O’Reilly et al., 2015; Zhi et al., 2023). Furthermore, due to concurrent 

changes in ice dynamics, cloud cover, water clarity, and other factors, lake surface-water 

temperatures have often increased even faster than overlying air temperatures (Austin & 

Colman, 2007; Dokulil et al., 2021; Huang et al., 2023; O’Reilly et al., 2015; Schmid & 

Köster, 2016; Woolway & Merchant, 2017). These changes in waterbody physics, in 

combination with other anthropogenic impacts, can then propagate to affect the chemistry 

and biology of lake ecosystems (e.g., Comte et al., 2013; Ho et al., 2019; Jane et al., 

2021). For example, dissolved oxygen concentrations are decreasing in many aquatic 

ecosystems as a result of both climate and land use change, and the rate of oxygen 
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decline in lakes has exceeded that of both rivers and oceans from ca. 1950–present (Jane 

et al., 2021; Zhi et al., 2023). As lakes have experienced particularly rapid anthropogenic 

changes relative to other ecosystems, they have been conceptualized as sentinels of 

global change (Adrian et al., 2009; Williamson et al. 2008; Williamson et al., 2009). 

Consequently, understanding changes in lake ecosystem function may help to 

characterize and anticipate broader environmental changes worldwide. 

Lakes play a critical role in supporting both local ecosystem services and global 

biogeochemical cycling, and both of these functions have the potential to be disrupted by 

changes in climate and land use. Locally, many lakes help to support drinking water 

provision, recreation, and biodiversity preservation, with critical importance to local 

human populations (Finlayson et al., 2018; Lynch et al., 2023; Reid et al., 2019; Reynaud 

& Lanzanova, 2017). However, the ability of lakes to support these services is often 

dependent on adequate water quality (Reynaud & Lanzanova, 2017). On a global scale, 

lakes are increasingly recognized as important players in global biogeochemical cycling 

(Bastviken et al., 2011; Battin et al., 2009; Maranger et al. 2018; Raymond et al., 2013; 

Tranvik et al., 2018). In particular, lakes receive substantial organic carbon inputs from 

their surrounding terrestrial watersheds and serve as active sites for both carbon burial 

(Dean & Gorham, 1998; Knoll et al., 2013; Mendonça et al., 2017; Pacheco et al., 2014; 

USGCRP, 2018) and greenhouse gas emission (Deemer et al., 2016; DelSontro et al., 

2018). Climate and land use change have the potential to alter the balance between 

carbon burial and emission in lakes worldwide, creating a potential feedback to the global 

carbon cycling processes that regulate Earth’s climate (Carey et al., 2018, 2022b; Peter et 
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al., 2017; Sobek et al., 2009). As freshwater lakes represent critical ecosystems for both 

local ecosystem services and global biogeochemical cycling, effects of climate change on 

water quality in lakes may have far-reaching importance. 

 

Summer bottom-water dynamics mediate ecological function year-round 

While lake surface water characteristics have been broadly used to characterize 

water quality across many lakes because of their ease of sampling (Crosby, 1884; Mason 

et al., 2010; Votruba & Corman, 2020; Yang et al., 2022), summer bottom-water 

conditions may play an equal or greater role in determining whole-ecosystem function. In 

particular, summer bottom-water dissolved oxygen concentrations can regulate habitat 

suitability for aquatic organisms (e.g., Pilla & Williamson, 2023; Schindler, 2017), 

carbon cycling pathways (e.g., Encinas Fernández et al., 2014; Hounshell et al., 2021; 

Vachon et al., 2017), and internal nutrient loading (e.g., Carey et al., 2022b; Hupfer & 

Lewandowski, 2008 and references therein), with whole-ecosystem implications. 

Consequently, characterizing summer bottom-water dissolved oxygen dynamics may be 

critical to understanding current water quality conditions and anticipating future changes 

in water quality across lakes worldwide. 

During the summer, thermal stratification inhibits mixing of surface and bottom 

waters in many temperate lakes, isolating bottom waters from atmospheric gas exchange 

(Wetzel, 2001). As a result, biological and chemical oxygen consumption in bottom 

waters typically cause bottom-water dissolved oxygen concentrations to decrease 

throughout the stratified period (Wetzel, 2001). Depending on the rate of oxygen decline 
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and the duration of thermal stratification, dissolved oxygen concentrations may reach 

critically low thresholds of hypoxia (2 mg/L) or anoxia (~0 mg/L), which are associated 

with negative water quality impacts during the summer stratified period (e.g., Carey et 

al., 2022b; Hupfer & Lewandowski, 2008; Jane et al., 2023; Schindler, 2017). Later, at 

the end of summer, cooling surface-water temperatures may allow the lake to mix, and 

solutes that accumulated in bottom waters during the summer stratified period (e.g., 

nutrients and greenhouse gases) can exchange throughout the water column (Bastviken et 

al., 2004b; Encinas Fernández et al., 2014; Nürnberg & Peters, 1984; Vachon et al., 2017; 

Zimmermann et al., 2021). Thus, summer-bottom water conditions may lead to visible 

surface water quality changes in subsequent seasons and years.  

 

Causes of bottom-water oxygen decline: Climate and land use change 

Across many temperate lakes, changes in climate and land use have led oxygen 

concentrations to reach progressively lower concentrations in summer, potentially driving 

increased duration and severity of hypoxia and anoxia (Bartosiewicz et al., 2019; Jane et 

al., 2023; Jenny et al., 2016a). Historical (i.e., ca. 1700–1950) changes in land use 

resulted in increased nutrient inputs to lakes (Jenny et al., 2016a, 2016b). These nutrient 

inputs appear to have played an important role in driving deoxygenation by increasing 

phytoplankton biomass, which consequently fuels increased bottom-water oxygen 

demand during the summer stratified period (Jenny et al., 2016a, 2016b; Ladwig et al., 

2021; Müller et al., 2019; Pace & Prairie, 2005; Schindler, 1974). Furthermore, increased 

air temperature appears to have intensified deoxygenation in recent decades (ca. 1950–
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2020; Jane et al., 2023) by driving a longer duration and greater magnitude of thermal 

stratification in many lakes (Foley et al., 2012; North et al., 2013; Oleksy & Richardson, 

2021; Woolway et al., 2021). Increased duration of stratification provides more time for 

bottom-water dissolved oxygen depletion to occur, thereby resulting in lower late-

summer dissolved oxygen concentrations (Jane et al., 2023). Consequently, both climate 

and land use change likely contribute to dissolved oxygen declines, with the relative 

importance of these two mechanisms varying both among lakes and within lakes over 

time.  

In addition to regulating stratification strength and duration, increases in air 

temperature may also contribute to changes in bottom-water temperature, further 

regulating dissolved oxygen concentrations (Oleksy & Richardson, 2021; Pace & Prairie, 

2005; Yvon-Durocher et al., 2012). Warming bottom-water temperature contributes to 

decreased oxygen solubility and increased rates of oxygen demand, ultimately decreasing 

late-summer oxygen concentrations in the bottom waters of stratified lakes (Pace & 

Prairie, 2005; Yvon-Durocher et al., 2012). However, while surface-water temperatures 

are generally increasing in response to increased air temperature, summer bottom-water 

temperature trends are highly variable among lakes from ca. 1970–2010 (i.e., increasing 

in some lakes and decreasing in others) and show little to no correlation with summer or 

mean-annual air temperature trends (Kraemer et al., 2015; Pilla et al., 2020; Richardson 

et al., 2017; Winslow et al., 2017; Zhou et al., 2019). As summer bottom-water 

temperature is a critical determinant of bottom-water oxygen dynamics, a better 

understanding of the factors that drive increases or decreases in summer bottom-water 
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temperature may improve our ability to predict future changes in dissolved oxygen 

concentrations across lakes worldwide.  

 

Consequences of bottom-water oxygen decline: Internal nutrient loading and 

altered carbon cycling processes 

Bottom-water oxygen declines have the potential to substantially alter 

biogeochemical cycling in lakes, with important implications for lake ecosystem services 

(Jansen et al., 2022; LaRowe & Van Cappellen, 2011; Mortimer, 1941; Nürnberg, 1984; 

Orihel et al., 2017). In particular, iron (Fe) and other redox-sensitive elements are often 

central to these oxygen-mediated interactions. Under oxic conditions, Fe(III) can form 

complexes with phosphorus and/or organic carbon, which may precipitate into sediment 

and help to promote burial of both nutrients and carbon (Mortimer, 1941; Nierop et al., 

2002; Nürnberg, 1984; Orihel et al., 2017; Riedel et al., 2013). Conversely, under low-

oxygen conditions, Fe(III) reduction and dissolution may release phosphorus and organic 

carbon to the water column (e.g., Mortimer, 1941; Nürnberg, 1984; Orihel et al., 2017; 

Pan et al., 2016; Patzner et al., 2020; Skoog & Arias-Esquivel, 2009), either as a direct 

result of hypoxia or through resultant increases in pH (Kirk, 2004; Thompson et al., 

2006).  

Existing ecological theory suggests that increases in phosphorus release from 

sediment under low-oxygen conditions may contribute to a positive feedback, whereby 

anoxia during a given year drives increasingly frequent and severe occurrences of anoxia 

in subsequent years. In this hypothesized “anoxia begets anoxia” (ABA) feedback, anoxic 
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conditions promote phosphorus release from sediment, thereby stimulating phytoplankton 

growth (e.g., Mortimer, 1941; Nürnberg, 1984; Orihel et al., 2017). Subsequent 

phytoplankton decomposition in turn fuels increased heterotrophic respiration and further 

accelerates bottom-water dissolved oxygen declines over time (e.g., Jenny et al., 2016a, 

2016b). However, while the individual relationships in the hypothesized ABA feedback 

cycle are well-established, these relationships occur over multiple timescales and amidst 

numerous other interacting factors that could prevent the detection of the overall 

feedback. For example, while anoxia enhances internal loading of phosphorus, sediment 

characteristics (e.g., abundance of redox-sensitive metals), microbial processing, and 

catchment inputs may also play important roles in phosphorus dynamics (e.g., Hupfer & 

Lewandowski, 2008; Orihel et al., 2017). Likewise, while phosphorus concentrations 

stimulate phytoplankton growth in many lakes, many other important factors, including 

nitrogen concentrations, climate, and light intensity, also contribute to regulating 

phytoplankton growth (e.g., Paerl & Huisman, 2008; Reinl et al., 2023). Given the 

inherent complexity to each of these relationships, all operating on different timescales, 

data analyses of many diverse lakes are needed to characterize the extent to which the full 

positive feedback plays a role in controlling dissolved oxygen dynamics within lakes 

around the world. 

 In comparison with many of the relationships in the ABA feedback, effects of 

dissolved oxygen on Fe-mediated organic carbon cycling have received less attention. 

However, observational studies provide support for a strong association between Fe and 

organic carbon dynamics in lakes. In particular, dissolved organic carbon concentrations 
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are strongly correlated with concentrations of Fe across many freshwater ecosystems 

(Björnerås et al., 2017; von Wachenfeldt et al., 2008; Weyhenmeyer et al., 2014), and 

high aqueous Fe concentrations are associated with increased sediment organic carbon 

accumulation in boreal lakes (Einola et al., 2011). Moreover, it is well-documented that 

dissolved organic carbon can be released from aquatic sediments under low-oxygen 

conditions, which is often attributed to reductive dissolution of Fe(III) (Kim & Kim, 

2020; Peter et al., 2017; Yang et al., 2014). In soils and marine sediments, associations 

between iron and organic carbon appear to play a critical role in carbon sequestration 

over decades to millennia (e.g., Barber et al., 2017; Hemingway et al., 2019; Kramer & 

Chadwick, 2018; Lalonde et al., 2012). However, few studies have examined whether 

reactions involving iron-bound organic carbon (Fe-OC) complexes are responsible for 

observed correlations between dissolved Fe and organic carbon in freshwater 

environments. Given the conflicting patterns that Fe-OC complexes can be preserved in 

soils and sediments over decades to millennia and yet may be unstable under the reducing 

conditions which commonly occur on day to month timescales in freshwater lake 

sediments, it ultimately remains unclear how changing oxygen dynamics will affect 

coupled organic carbon and Fe cycling in freshwater lakes. 

Predicting the effects of dynamic oxygen conditions on sediment organic carbon 

is further complicated by altered rates of respiration under low-oxygen conditions. While 

reactions involving Fe-OC are expected to decrease carbon sequestration in sediment 

under low-oxygen conditions (i.e., through reductive dissolution of Fe(III) in Fe-OC 

complexes), respiration rates are also expected to be slower under anoxic conditions due 
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to enzymatic limitations and because alternative electron acceptors result in a lower 

microbial energy yield than oxygen (Bastviken et al., 2003, 2004a). In the absence of 

changes in Fe-OC, decreased respiration rates could therefore lead to increased burial of 

organic carbon under low-oxygen conditions (Bastviken et al., 2003, 2004a; Carey et al., 

2018, 2022b; Sobek et al., 2009, 2011, 2017). However, it is unknown whether decreases 

in organic carbon respiration rates outweigh increases in iron-mediated organic carbon 

release from sediment to determine the net effect of low oxygen conditions on organic 

carbon sequestration in lake sediment.  

In summary, numerous questions remain with respect to the consequences of 

anoxia in lakes worldwide. Effects of anoxia on internal nutrient loading have been well-

established by decades of studies on microcosm to local or regional scales (e.g., 

Mortimer, 1941; Nürnberg, 1984; Orihel et al., 2017). However, it is unknown whether 

these changes extend to create a detectable positive feedback that promotes subsequent 

anoxia across widespread lakes. Furthermore, the strength of the ABA feedback is likely 

to differ across lakes as a result of variation in lake characteristics including size and 

residence time (e.g., Jagtman et al., 1992; Zhao et al., 2023), though these mediating 

interactions had not been assessed at a broad spatial scale prior to this work. For carbon 

cycling, anoxia is expected to disrupt Fe-OC compounds in sediment, decreasing carbon 

burial. However, levels of Fe-OC are poorly characterized in freshwater sediment, and it 

is unknown whether changes in iron-mediated organic carbon release outweigh decreased 

respiration rates under anoxic conditions to shape the net effects of anoxia on sediment 

organic carbon burial. Ultimately, as oxygen concentrations continue to decline in many 
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lakes around the world (e.g., Jane et al., 2021; Jenny et al., 2016a), resolving these 

uncertainties will help predict future changes in lake ecosystem functioning at both local 

and global scales. 

 

Antecedent conditions mediate summer bottom-water dissolved oxygen dynamics 

Both the causes and consequences of changes in bottom-water dissolved oxygen 

across lakes may be mediated, in part, by conditions occurring months to years before the 

time of analysis. Here, we use the term “ecological memory” to describe the role of 

antecedent conditions in shaping the present state of the ecosystem (following, e.g., 

Dugan, 2021; Hanson et al. 2023; Johnstone et al. 2016; Ogle et al., 2015; Pilla et al., 

2023). Accounting for ecological memory may be important to predicting future change 

in bottom-water biogeochemistry. For example, through the ABA feedback described 

above, anoxic bottom-water conditions in previous years are expected to play an 

important role in perpetuating anoxia, even in the absence of continued climate or land 

use change. Similarly, the stability of Fe-OC compounds in sediment is likely dependent 

in part upon antecedent environmental conditions, as bonds between Fe and organic 

matter form over time through the rearrangement of organic molecules (Kaiser et al., 

2007). 

Current efforts to predict future anoxia are limited by the fact that bottom-water 

temperature trends are highly variable across lakes and show little to no correlation with 

summer air temperature trends (Pilla et al., 2020; Winslow et al., 2017; Zhou et al., 

2023), and we anticipate that ecological memory may play a role in this disconnect. 
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While summer thermal stratification limits the correlation between summer air 

temperature and summer bottom water temperature or dissolved oxygen dynamics 

(Wetzel 2001), heat can exchange throughout the entire water column during the mixing 

period prior to the onset of stratification. Increased water temperature during the spring 

mixing period could then decrease oxygen solubility and increase the rate of oxygen 

demand throughout the subsequent stratified period (Oleksy & Richardson, 2021; Pilla et 

al., 2023; Yvon-Durocher et al., 2012). This thermal exchange prior to stratification, in 

combination with effects of spring air temperature on the phenology of ice thaw and/or 

stratification onset (e.g., Dugan, 2021; Jane et al., 2023; Ladwig et al., 2021), may then 

cause summer bottom-water conditions to be more correlated with spring, compared to 

summer, air temperatures. However, while there are plausible reasons to expect 

ecological memory effects on temperature and dissolved oxygen dynamics in the bottom 

waters of temperate lakes, this mechanism has not been characterized across widespread 

lakes. Ultimately, as climate change is associated with differential changes in air 

temperature among seasons (IPCC, 2023a), characterizing the existence and strength of 

ecological memory across lakes worldwide will help anticipate future effects of climate 

change on summer bottom-water oxygen dynamics.  

 

Ecological forecasts: Specific, quantitative predictions to advance climate resilience 

 Predicting future changes in lake biogeochemistry will require not only 

fundamental ecological understanding, but also rigorous frameworks for the prediction of 

future ecosystem states (Clark et al., 2001; Dietze et al., 2018; Luo et al., 2011). Over the 
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past several decades, advances in data availability, computational power, and statistical 

methodologies have enabled a substantial increase in the development and application of 

ecological forecasts across many ecosystems (Hampton et al., 2013; LaDeau et al., 2017; 

Luo et al., 2011; Petrovskii & Petrovskaya, 2012). These forecasts have been developed 

for a wide range of horizons (the amount of time into the future for which predictions are 

made), enabling improved ecological management days to centuries in the future. In 

particular, near-term (daily to decadal) ecological forecasts have been especially helpful 

for guiding ecological management decisions, which are frequently made over these 

shorter-term timescales (Carey et al., 2022a; Dietze et al., 2018).  

As forecast production has increased, there have been numerous calls for the 

adoption of standardized best practices in near-term ecological forecasting (Carey et al., 

2022a; Clark et al., 2001; Dietze et al., 2018, 2023; Harris et al., 2018; Hobday et al., 

2019; Pielke & Conant, 2003; White et al., 2019). Developing and adhering to best 

practices advances the contributions of forecasting to both basic and applied research, as 

it allows for comparisons of forecast accuracy and increases the reliability of forecast 

products as decision support tools (Armstrong, 2001; Dietze et al., 2023). However, there 

has been no systematic analysis of best practices in ecological forecasting prior to this 

dissertation, making it difficult to synthesize diverse research efforts and prioritize future 

developments for this emerging field. 

 Notably, while ecological forecasts are often developed with the goal of 

advancing ecological management, ecological forecasts also have the potential to 

contribute to the development of ecological theory (Dietze, 2017; Dietze et al., 2018; 
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Lewis et al., 2023). In particular, as the number of published near-term ecological 

forecasts has increased over the past several decades (Dietze et al., 2018; Luo et al., 

2011), we now have the opportunity to compare across studies and analyze the relative 

predictability of environmental variables at varying forecast horizons. Previous 

theoretical and modeling-based analyses suggest that seemingly distinct ecological 

phenomena (e.g., dissolved oxygen, epidemics, invasive species) may show congruent 

patterns of predictability (Lewis et al., 2023; Petchey et al., 2015; Ward et al., 2014). 

Analyzing the patterns of predictability across ecological variables may thus provide 

transferable insight for addressing new ecological questions. In doing so, we can harness 

research findings across sub-disciplines of ecology to advance a broader understanding of 

ecological function across scales and variables. Similarly, analysis of predictability across 

ecological variables may be useful as a means of identifying areas (i.e., variables, 

locations, and forecast horizons) where we would expect forecasts to perform well, 

helping to target forecast development for management and ecological insight (see Bolam 

et al., 2019; Pennekamp et al., 2019; Şen et al., 2023). Ultimately, ecological forecasting 

is a particularly powerful test of predictability, as forecasting requires predicting novel 

conditions beyond the range of observed data (Dietze et al., 2018; Lewis et al., 2023) and 

synthesis of ecological forecasts is needed to empirically characterize the drivers of 

forecast performance across scales and variables.  
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Scope of dissertation chapters 

Throughout my dissertation, I aimed to build a predictive understanding of how 

bottom-water dissolved oxygen may mediate changes in water quality across widespread 

temperate lakes (Figure 1). To do so, I analyzed both the causes (Chapters II and III) and 

consequences (Chapters III and IV) of bottom-water oxygen decline over multiple 

spatiotemporal scales (Figure 1), and I synthesized research to advance the development 

of near-term ecological forecasting (Chapter V). Specifically, I first aimed to characterize 

the role of climate change in driving bottom-water dissolved oxygen declines by 

assessing the relative influence of spring vs. summer air temperature on bottom-water 

dynamics in >600 widespread lakes (Chapter II; Lewis et al. in review). I then analyzed 

whether data from these widespread lakes support the existence of an ABA feedback, 

through which low-oxygen conditions promote eutrophication and perpetuate anoxia in 

future years (Chapter III; Lewis et al. 2024). Third, I used experiments on both 

microcosm and whole-ecosystem scales to assess how low oxygen conditions affect 

coupled organic carbon and Fe cycling over both short-term (2–4 weeks) and multi-

annual timescales (Chapter IV; Lewis et al. 2023). Ultimately, forecasts of future 

biogeochemical dynamics will be central to making these insights actionable for lake 

management. In Chapter V (Lewis et al. 2022), I conducted a systematic literature review 

to characterize emerging best practices in near-term ecological forecasting, contributing 

to the development of this new field (Figure 1). As a whole, my dissertation provides a 

temporally-explicit examination of biogeochemical processes occurring in the bottom-



 

 

15 

 

waters of temperate lakes, using historical dynamics to help understand and predict the 

effects of anthropogenic change on lake ecosystems worldwide. 
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Chapter I Figures 

 

Figure 1: Through my dissertation, I aimed to develop a predictive understanding of 

oxygen dynamics in the bottom-waters of widespread lakes. Here, black arrows indicate 

hypothesized causes and consequences of changes in bottom-water dissolved oxygen, 

including effects of air temperature on bottom-water dissolved oxygen (Ch. 2), a positive 

feedback to low-oxygen conditions (Ch. 3), and interactions between bottom-water 

oxygen and bottom-water carbon cycling processes (Ch. 4). A gray arrow from past to 

future highlights the use of historical dynamics to generate anticipatory predictions, with 

Ch. 5 explicitly focusing on the emerging field of near-term ecological forecasting. White 

arrows between the Earth and lake reference the effects of global change on lake 

ecosystems (left; solid outline) and the potential implications of changes in bottom-water 

dissolved oxygen for lake ecosystem services on a global scale (right; dashed outline).  
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Abstract 

In many temperate lakes, summer bottom-water temperature and dissolved 

oxygen regulate both habitat viability and biogeochemical cycling, affecting ecological 

functioning year-round. To characterize drivers of variation in summer bottom-water 

dynamics, we analyzed data from 615 temperate lakes. We found that summer bottom-

water temperature and dissolved oxygen tended to be more associated with spring air 

temperature than summer air temperature. Conversely, summer surface-water 

temperature was more associated with summer air temperature. Across lakes, the relative 

correlation between bottom-water dynamics and spring vs. summer air temperature was 

mediated by the strength of thermal stratification and lake size, with the timing of thermal 

stratification regulating which window of air temperature was most influential. Our 

results help explain why trends in summer bottom-water temperature diverge from trends 

in summer air temperature and suggest that predicting future water quality may require 

accounting for differential changes in climate among seasons. 

 

1. Introduction 

Summer water temperature and dissolved oxygen (DO) dynamics are changing 

across lakes worldwide, often causing detrimental effects on water quality (e.g., O’Reilly 

et al. 2015; Jane et al. 2021). While surface-water temperatures are generally increasing, 

summer bottom-water temperature trends are highly variable among lakes and show little 

to no correlation with summer or mean-annual air temperature trends (e.g., Richardson et 

al. 2017; Pilla et al. 2020; Jane et al. 2021; Zhou et al. 2023). As summer bottom-water 
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conditions play a critical role in regulating internal nutrient loading, habitat availability, 

and greenhouse gas dynamics (e.g., Hounshell et al. 2021; Carey et al. 2022; Jane et al. 

2024; Lewis et al. 2024), characterizing drivers of summer bottom-water temperature and 

DO is necessary to anticipate future lake ecosystem function. 

Counterintuitively, spring air temperatures have the potential to exert a stronger 

influence on summer bottom-water dynamics in temperate lakes than summer air 

temperatures (Figure 2a; Del Giudice et al. 2018; Dugan 2021; Oleksy and Richardson 

2021; Piccolroaz et al. 2021), though this effect has not yet been characterized across 

widespread lakes. Summer thermal stratification inhibits mixing between surface and 

bottom waters in many temperate lakes, limiting the association between summer air 

temperature and summer bottom-water temperature or DO dynamics (MacIntyre and 

Hamilton 2024). Conversely, heat can exchange throughout the entire water column 

during the mixing period prior to the onset of stratification, which decreases oxygen 

solubility and may increase the rate of oxygen demand throughout the stratified period 

(Yvon-Durocher et al. 2012; MacIntyre and Hamilton 2024). Thus, thermal exchange 

prior to stratification, in combination with effects of spring air temperature on the 

phenology of ice thaw and/or stratification onset (Dugan 2021; Ladwig et al. 2021; Jane 

et al. 2023), may lead bottom-water conditions to be more correlated with spring, 

compared to summer, air temperatures (Figure 2a).  

Characterizing the role of antecedent spring air temperatures in driving bottom-

water dynamics across widespread lakes is needed to improve predictions of future water 

quality. Notably, the specific spring dates that are most influential in driving bottom-
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water dynamics may vary across lakes as a result of differences in spring air temperature 

phenology, stratification dynamics, and other factors (Dugan 2021; Oleksy and 

Richardson 2021; Stetler et al. 2021). Likewise, the relative influence of spring vs. 

summer air temperature may vary across lakes with differences in stratification, lake size, 

mixing dynamics, and transparency, among other factors (Rose et al. 2016; Toffolon et 

al. 2020; Dugan 2021). These relationships remain largely untested because they can only 

be identified through analysis of long-term monitoring data across many widespread 

lakes. As climate change is associated with differential changes in air temperature among 

seasons (IPCC 2023), characterizing the relative influence of spring vs. summer air 

temperature will help more accurately anticipate future effects of climate change on water 

quality.  

In this study, we analyzed the influence of seasonal air temperature dynamics on 

bottom-water temperature and DO across n=615 diverse stratified lakes (Figure 1). Our 

analysis addressed two primary research questions: Q1) Which season of air temperature 

exerts the strongest influence over summer bottom-water temperature and DO dynamics 

(both interannual variability and long-term trends)? and Q2) What lake characteristics 

control the relative influence of summer vs. spring air temperatures on bottom-water 

temperature and DO? While our study was focused on empirical data analysis across 

hundreds of temperate lakes, we sought additional mechanistic validation of our results 

by examining modeled water temperatures in a subset of lakes (n = 42). Through these 

analyses, we provide a robust assessment of how seasonal air temperature dynamics 

affect water quality amidst a changing climate. 
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2. Methods 

2.1 Dataset and data processing 

To explore associations between seasonal air temperatures and bottom-water 

dynamics, we analyzed a database of temperature and DO profiles from 615 widespread 

lakes, all of which exhibit stable summer thermal stratification (Lewis et al. 2023, 2024). 

This database includes a median of 30 years of data from lakes across 18 countries and 5 

continents (Figure 1). Lakes in the database have a median depth of 14 m (Zmax; range: 6–

370 m) and median surface area of 100 ha (range: 1–126,909 ha). Detailed data 

descriptions are provided by Lewis et al. (2023, 2024). All data analyses were performed 

in R, version 4.3.2 (R Core Team, 2023), and analysis code is archived on Zenodo (Lewis 

2024).  

 

2.1.1 Summer in-lake metrics 

We calculated mean summer water temperature and DO in surface and bottom 

waters for each lake-year following Lewis et al. (2024). Briefly, we interpolated summer 

temperature and DO profiles to a 1-m depth resolution, then averaged all depth-

interpolated data from the epilimnion and hypolimnion to generate surface- and bottom-

water means for each summer, respectively (Winslow et al. 2019). Summer was 

operationally defined as July and August in the northern hemisphere and January and 

February in the southern hemisphere, and changing the summer duration did not 

qualitatively affect results (Figure S1).  
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We calculated the rate of DO depletion in bottom waters as volume-weighted 

hypolimnetic oxygen demand (VHOD; hereafter oxygen demand) during the entire 

summer stratified period of each lake-year (see Lewis et al. 2024). Modeled and 

measured bathymetric contours for this analysis were provided by Lewis et al. (2023). 

We used maximum buoyancy frequency at the thermocline to assess the strength 

of thermal stratification. For each profile, we calculated maximum buoyancy frequency 

using rLakeAnalyzer, and then averaged values from all profiles collected throughout the 

summer separately for each lake-year (Winslow et al. 2019).  

To assess whether correlations between spring air temperature and summer 

bottom-water dynamics corresponded with summer stratification onset, we calculated the 

median date of thermal stratification onset across all lake-years. For each lake-year, we 

identified the latest non-stratified thermal profile before July (northern hemisphere) or 

January (southern hemisphere). If a subsequent stratified profile was recorded within one 

week, we approximated the onset of thermal stratification as the midpoint between these 

two profiles. Stratification was defined by a minimum density difference of 0.1 kg/m3 

(Wilson et al. 2020). 

 

2.1.2 Climate data 

We collated daily 2-m air temperature for 1980–2022 from the ERA5 climate 

reanalysis (Hersbach et al. 2019). ERA5 is a commonly used climate reanalysis product 

and provides meteorological data on a 0.25-degree global grid (Hersbach et al. 2019).  
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2.2 Interannual variability 

To assess which sub-annual periods of air temperature are most strongly 

correlated with interannual variability in summer water temperature and DO dynamics in 

each lake, we calculated the correlations between 30-day rolling mean air temperatures in 

January–August and four summer focal variables: surface-water temperature, bottom-

water temperature, bottom-water oxygen demand, and bottom-water DO. For this 

analysis, we used partial Spearman’s correlation accounting for measurement year to 

isolate the role of interannual variability, as opposed to long-term trends (see Section 2.3 

and Figure S2). We included all lakes with at least 10 years of paired data for air 

temperature and any of the four focal variables from 1980–2022. For DO, we only 

included lakes that had at least one year with DO >1 mg/L, as lakes that were consistently 

anoxic did not exhibit sufficient variability to assess effects of air temperature. Changing 

the duration of the rolling mean window did not substantially alter results (Figure S3).  

 

2.2.1 Seasonal Air Temperature Effect (SATE) 

We quantified the relative influence of summer vs. spring air temperatures on 

each summer focal variable (surface-water temperature, bottom-water temperature, 

bottom-water oxygen demand, and bottom-water DO concentration). First, we calculated 

the correlations between our summer focal variables and all possible 30-day rolling 

windows of spring air temperature during March–May (Rhospring) to identify which days 

yielded the maximum absolute correlation. We then repeated this analysis using all 
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possible 30-day rolling windows in July–August (Rhosummer). We compared the maximum 

summer correlation to the maximum spring correlation for each focal variable to calculate 

a Seasonal Air Temperature Effect (SATE) value following EQ1.  

EQ1: 𝑆𝑒𝑎𝑠𝑜𝑛𝑎𝑙 𝐴𝑖𝑟 𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 𝐸𝑓𝑓𝑒𝑐𝑡 (𝑆𝐴𝑇𝐸) = |𝑅ℎ𝑜𝑠𝑢𝑚𝑚𝑒𝑟|  − |𝑅ℎ𝑜𝑠𝑝𝑟𝑖𝑛𝑔|  

Consequently, positive values of SATE indicate a stronger correlation with 

summer air temperature and negative values indicate a stronger correlation with spring air 

temperature (Figure S4). Using the maximum correlation from spring and summer rather 

than, e.g., the mean correlation throughout these periods, allowed us to isolate the 

specific windows of air temperature that were most important in driving variation in each 

summer focal variable, as seasonal phenology (e.g., timing of spring thaw and 

stratification onset) varies with lake size, geographic location, wind dynamics, and other 

factors (Magee and Wu 2017; Woolway et al. 2021). 

We assessed how SATE may vary across lakes using multiple linear regression. 

For this analysis, we selected candidate explanatory variables that describe lake size 

(surface area and maximum depth) and stratification strength (median buoyancy 

frequency at the thermocline across all years), both of which were expected to mediate 

the influence of spring air temperatures on summer water quality. All explanatory 

variables were z-transformed prior to analysis. We selected the optimal model based on 

second-order corrected Akaike Information Criterion (AICc), using the R package 

MuMIn (Bartoń 2023).  
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2.3 Multiannual trends 

To assess the correspondence between water temperature and spring/summer air 

temperature trends, we calculated non-parametric trends in spring air temperature, 

summer air temperature, summer bottom-water temperature and summer bottom-water 

DO across all lakes. We accounted for variation in seasonal phenology across lakes by 

using the air temperature dates that were maximally correlated with bottom-water 

temperature and DO during the spring and summer periods respectively, as identified in 

section 2.2.1. Consistently anoxic lakes (maximum summer DO <1 mg/L) were excluded 

from the DO trend analysis. We used Sen’s slope as a non-parametric trend statistic and 

performed these calculations using the trend R package (Pohlert 2023).  

 

2.4 ISIMIP-lakes model-based verification 

We examined the robustness of our across-lake results by analyzing within-lake 

patterns over multiple decades with hydrodynamic modeling. We compiled daily water 

temperature estimates for 42 lakes in our dataset that were modeled as part of the Inter-

Sectoral Impact Model Intercomparison Project lakes sector (ISIMIP global lakes v3a). 

For this analysis, we used output from the widely-used General Ocean Turbulence Model 

(GOTM), which was also driven by ERA5 climate data (Golub et al. 2022). We limited 

our analysis to years ≥1980 to correspond with our empirical analyses above.  

Using the ISIMIP-modeled daily water temperatures of these 42 lakes, we re-ran 

the analyses described in sections 2.1 and 2.2. Modeled daily water temperature output 
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allowed us to precisely quantify the timing of summer stratification onset in each lake-

year. Consequently, we assessed whether the timing of stratification onset was related to 

the timing of peak correlation between spring air temperature and summer bottom-water 

temperature across lakes, and whether earlier stratification onset date was associated with 

increased summer bottom-water temperature. 

 

3. Results 

Across the lakes in this analysis, summer surface-water temperature tended to be 

more strongly correlated with summer air temperature than spring air temperature 

(Figures 1, S5, S6). Conversely, all of the summer bottom-water variables we examined 

in this study (i.e., bottom-water temperature, DO demand, DO concentrations, and DO 

saturation) were more closely correlated with spring air temperature than summer air 

temperature (Figures 1, S5, S6, S7). 

The relative influence of antecedent spring air temperatures (i.e., SATE) was 

mediated by stratification strength and lake size (Table S1). For both summer bottom-

water temperatures and DO concentrations, SATE was significantly related to buoyancy 

frequency and surface area, whereby bottom-water conditions in large, stably-stratified 

lakes were much more strongly correlated with spring air temperature vs. summer air 

temperature (Figure 3, Table S1). SATE for summer bottom-water oxygen demand was 

not significantly mediated by any lake characteristics included in the analysis (Table S1). 

The spring period just prior to the onset of summer thermal stratification tended to 

be the most influential in setting summer bottom-water temperature, oxygen demand, and 
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DO concentrations. Specifically, absolute correlations with air temperature increased for 

rolling windows of air temperature from the start of the year to late April (northern 

hemisphere) for all bottom-water variables, then declined rapidly at the transition from 

spring to summer (Figure 4). The peak correlation in all three bottom-water variables 

closely coincided with the median onset of stratification across lakes (Figure 4). 

Analyzing ISIMIP-modeled daily water temperatures, we found an approximately 1:1 

correlation between stratification onset date and the window of spring air temperature 

that was most correlated with summer bottom-water temperature (Figure S8). 

Furthermore, years with early onset of summer stratification tended to have increased 

summer bottom-water temperature within the time series of ISIMIP-modeled water 

temperature (1980–2022) at each lake (Figure S9). 

Decadal trends in summer bottom-water dynamics were significantly associated 

with trends in spring, but not summer, air temperature (Figure 5). Specifically, a 1 ºC 

increase in spring air temperature was associated with a 0.60 ºC increase in bottom-water 

temperature and a 0.56 mg/L decrease in bottom-water DO. Notably, across the lakes in 

this dataset, spring air temperature trends were less positive and more variable than 

summer air temperature trends (mean±SD = 0.07± 0.27 ºC/decade in spring vs. 0.27±0.13 

ºC/decade in summer from 1980–2022; Figure 5).  

 

4. Discussion 

Through our analysis of 615 widespread lakes, we found that spring air 

temperatures played a more important role in regulating bottom-water temperature and 
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DO dynamics than summer air temperatures (Figures 2, 5, S5). Our results help explain 

why previous studies have found little to no association between summer air temperature 

and summer bottom-water dynamics (Winslow et al. 2017; Pilla et al. 2020; Zhou et al. 

2023), and highlight the important, yet cryptic, role that climate change plays in driving 

changes in bottom-water temperature and DO.  

The mechanisms underlying an influence of spring air temperature on bottom-

water dynamics in temperate lakes are well-supported by decades of research (e.g., 

Dugan 2021; Oleksy and Richardson 2021) and by our integrated empirical and modeling 

approach. Prior to the onset of summer thermal stratification, heat and oxygen can 

exchange between air and water, then mix throughout the water column (Figure 2a). 

Atmospheric fluxes of heat and oxygen are subsequently limited throughout stratification. 

Consequently, the starting conditions at the onset of thermal stratification play an 

important role in shaping summer bottom-water dynamics, and bottom-water conditions 

may be more associated with spring, rather than summer, air temperature.  

We find that increased spring air temperature could contribute to bottom-water 

oxygen declines via at least three mechanisms. By increasing bottom-water temperature 

at the onset of thermal stratification, increased spring air temperature may (1) directly 

decrease the solubility of dissolved oxygen and (2) increase summer bottom-water 

oxygen demand (Figure 2). These effects are compounded by (3) earlier onset of thermal 

stratification during years with warm spring air temperature (Dugan 2021; Ladwig et al. 

2021; Jane et al. 2023; Figure S9). Consequently, both the solubility of dissolved oxygen 
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and the percent saturation of dissolved oxygen tended to be lower in lake-years with 

warm spring air temperature (Figures 2, S7). 

Ultimately, variation in spring air temperature is likely associated with 

simultaneous changes in ice dynamics, mixing period duration, and stratification onset 

date, and the relative importance of these factors in shaping summer bottom-water 

dynamics varies across lakes (e.g., Toffolon et al. 2020; Dugan 2021; Powers et al. 2022). 

Limited spring data availability prevented us from empirically examining these 

mechanisms, and more broadly, it is unlikely that long-term spring data exist across many 

widespread lakes due to the logistical challenges of sampling during intermittently ice-

covered periods. In the absence of spring observations, our analysis of ISIMIP-modeled 

daily water temperatures provided a complementary approach for determining the 

relationship between stratification onset and air temperature lags, yielding robust support 

for our empirical analysis. As stratification and ice dynamics continue to change across 

lakes worldwide, mechanistic characterization of the broad-scale patterns identified in 

this study will be helpful for predicting future changes in lake ecosystem function. 

Changes in spring air temperature, as described in our study, likely operate in 

addition to, and in interaction with, numerous other controls over bottom-water 

temperature and DO dynamics. Notably, our analysis was focused on temperate stratified 

lakes, and our conclusions may therefore not apply to tropical, boreal, or polymictic 

systems. Because the relative influence of spring vs. summer air temperatures was 

strongly mediated by the timing and strength of summer stratification, we expect that this 

effect would be substantially weaker in polymictic lakes. Wind patterns, which are 
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changing over time across many lakes, also exert a strong influence over stratification, 

ice, and mixing dynamics (Woolway et al. 2019; Janatian et al. 2020; Stetler et al. 2021). 

However, substantial uncertainty in locally downscaled wind data across lakes (e.g., Wu 

et al. 2024) limited our ability to include wind in our analysis. Confounding effects of 

wind, in addition to other chemical, biological, and hydrological drivers within and 

among lakes, may have contributed to slightly greater SATE estimates for modeled vs. 

observed water temperature (Figures 2b, S5). Ultimately, accounting for these additional 

impacts and characterizing seasonal air temperature effects across a broader latitudinal 

gradient will aid in predicting the effects of changing seasonal air temperatures across 

widespread lakes.  

Among the lakes examined in this analysis, increases in spring air temperature 

have been substantially slower and more variable than increases in summer air 

temperature (Figure 5). This seasonal difference in climate warming may explain why 

bottom-water temperatures are not warming as fast as surface-water temperatures in 

many lakes (Kraemer et al. 2015; O’Reilly et al. 2015; Richardson et al. 2017; Pilla et al. 

2020), though changes in bottom-water temperature are further regulated by changes in 

transparency, among other factors (e.g., Rose et al. 2016; Bartosiewicz et al. 2019). 

Because of these differences in warming, we would overestimate predicted lake bottom-

water warming and deoxygenation by a factor of four if we expected bottom-water 

dynamics to be driven by summer air temperature rather than spring. Over time, slower 

rates of bottom-water warming compared to surface-water warming may contribute to 

strengthened thermal stability (Kraemer et al. 2015; Crossman et al. 2016; Richardson et 
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al. 2017), which could potentially increase the relative importance of spring vs. summer 

air temperature across lakes (Figure 3).  

Our analysis indicates that for every 1 ºC increase in spring air temperature, we 

may expect approximately 0.60 ºC increase in summer bottom-water temperature and 

0.56 mg/L decrease in summer bottom-water DO (Figure 5), which will have important 

consequences for lake water quality. Increased bottom-water temperature and decreased 

bottom-water DO could lead to greater bottom-water methane accumulation (Juutinen et 

al. 2009; Hounshell et al. 2021; Soued and Prairie 2022), greater internal nutrient loading 

(Mortimer 1941; Nürnberg 1984; Orihel et al. 2017), and decreased habitat availability 

for aerobic organisms (e.g., Schindler 2017; Pilla and Williamson 2023), in addition to 

other effects on water quality. Ultimately, as climate change continues to alter ecosystem 

functioning in lakes around the world, our results emphasize that it may be necessary to 

consider both concurrent and antecedent conditions when predicting future water quality 

dynamics. 
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Chapter II Figures 

 

Figure 1: Map of all lakes included in this analysis (n = 615 stratified lakes). 
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Figure 2: Hypothesized (a) and observed (b) associations between seasonal air 

temperatures and summer water quality variables. (a) Background color indicates the 

thermal gradient in the lake, with pink indicating warm surface water during the period of 

thermal stratification. (b) Relative correlation between summer water quality variables 

and summer vs. spring air temperatures. Here, each data point represents one lake. Data 

availability differs among variables within our dataset, and the total number of lakes for 

each variable is indicated in the y-axis text.  

  



 

 

67 

 

 

Figure 3: For both summer bottom-water temperature (left) and summer bottom-water 

dissolved oxygen (right), the relative correlation with summer vs. spring air temperature 

(i.e., SATE) was mediated by thermal stratification and lake surface area. Thermal 

stratification was quantified as buoyancy frequency at the thermocline (multiannual 

median). Here, each data point represents one lake. 
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Figure 4: Across all lakes, summer bottom-water temperatures (left), oxygen demand 

(center), and dissolved oxygen (right) tended to be most strongly correlated with spring 

air temperatures. Here, each data point is the partial Spearman's correlation between 30-

day rolling mean air temperature and the specified variable, while accounting for 

measurement year. Correlations are calculated on an annual time step over the entire time 

series at a given lake (number of lakes given in panel title) and are summarized to mean 

(black line) and standard deviation (shaded ribbon). Ribbon color indicates whether the 

distribution of correlations across all lakes was symmetric about 0 (blue indicates a 

Wilcox test with p < 0.00001, whereas gray periods denote non-significant relationships). 

X-axis text indicates the right-aligned 30-day rolling window of air temperature, 

standardized to the northern hemisphere. Vertical dashed lines indicate the median onset 

of stratification across n = 27 lakes where stratification onset could be identified within 

one week from observations.  
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Figure 5: Across all lakes, spring (left), but not summer (right), air temperature trends 

were significantly associated with summer bottom-water dynamics. Here each point 

represents one lake. Blue and pink distributions at the top of each panel summarize the 

distribution of spring and summer air temperature trends, respectively, with the vertical 

gray lines denoting a 0 oC/decade air temperature trend. Lines in each panel indicate a 

linear regression between air and water temperature trends, with the regression equation 
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and significance presented at the top of the panel. A 1:1 relationship between air and 

water temperature trends is indicated by a light gray solid line in the top two panels. 

 



 

 

71 

 

Supporting Information for Chapter II 

 

Contents   

● Figures S1 to S9 

● Table S1 

 

Introduction 

This supporting information document provides 9 supplemental figures and one 

supplemental table that are referenced throughout Chapter II. 
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Figure S1: To test the sensitivity of our results to the specific time period used to 

calculate summer surface- and bottom-water means, we re-ran our analysis using two 

alternative definitions of summer (standardized to northern hemisphere months). In the 

analysis presented in the main text, we use means from July and August (panel a). In 

panel b, we shortened this window to July 15–August 31, following Jane et al. (2021). In 

panel c, we extended this window to June 1–August 31 (i.e., “JJA”; following IPCC 

2023). Ultimately all three temporal windows support that spring air temperature has a 

stronger effect on summer bottom-water temperature and dissolved oxygen than summer 

air temperature. Here, we exclude VHOD, which inherently had to be calculated during 

the entire summer stratified period (Lewis et al. 2024). 

 

https://www.zotero.org/google-docs/?TadkJ9
https://www.zotero.org/google-docs/?nBwOtw
https://www.zotero.org/google-docs/?nBwOtw
https://www.zotero.org/google-docs/?813f9a


 

 

73 

 

 

Figure S2: We tested the sensitivity of our results to the use of Spearman’s correlation 

(without accounting for measurement year, left panel) vs. partial Spearman’s correlation 

(accounting for measurement year, right panel). Ultimately both analyses support that 

spring weather has a stronger effect on summer bottom-water temperature and dissolved 

oxygen than summer weather.  
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Figure S3: To test the sensitivity of our results to the duration of rolling-mean air 

temperature we used, we re-ran our analysis using 10-day, 30-day (the window presented 

in the main text), and 50-day rolling means. Ultimately, the results from analyses using 

all three durations support that spring weather has a stronger effect on summer bottom-

water temperature and dissolved oxygen than summer weather.  
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Figure S4: Examples of the Seasonal Air Temperature Effect (SATE) calculation for 

summer surface-water (left) and bottom-water (right) temperature at Taylor Pond (Maine, 

USA). We calculated the correlation between 30-day windows of air temperature and 

each of our summer focal variables, then identified the maximum absolute correlation in 

spring and summer respectively (shaded in grey). We then subtracted the maximum 

spring correlation from the maximum summer correlation to get our final SATE value 

(bold red number). The positive number in the left panel indicates surface-water 

temperature was more closely associated with summer air temperature, and the negative 

number in the right panel indicates that bottom-water temperature was more closely 

associated with spring air temperature. 
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Figure S5: We assessed whether the correlation between spring air temperature and 

summer bottom-water temperature in our 615-lake dataset was also supported by daily 

modeled water temperature from 42 lakes. Specifically, we analyzed daily modeled water 

temperature from the widely-used General Ocean Turbulence Model (GOTM) lake 

thermodynamic model. The data were accessed from the Inter-Sectoral Impact Model 

Intercomparison Project (ISIMIP) lakes simulation (global lakes, v3a). Ultimately, our 

results with modeled water temperature provide further support for the conclusion that 

spring weather has a stronger effect on summer bottom-water temperature than summer 

weather.  
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Figure S6: Correlations of the four summer focal lake variables with spring air 

temperature (x-axis) and with summer air temperature (y-axis); each point represents one 

lake. Pink points indicate a stronger effect of summer air temperatures on the variable, 

whereas blue points indicate a stronger effect of spring air temperatures on the variable. 

The number of lakes on each side of the 1:1 line (grey) is indicated in the bottom-right 

and top left corners of each panel. Within each panel, the black circle represents the 

median correlation with spring and summer air temperature across all lakes for each 

variable. 
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Figure S7: Hypolimnetic dissolved oxygen (hypo. DO) concentration and saturation both 

tended to be more correlated with spring air temperature than summer air temperature. 

For lakes where DO saturation was not provided in the original data publication, it was 

calculated based on DO concentration, water temperature, and elevation using the rMR 

package in R (Moulton 2018). 
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Figure S8: Using modeled water temperature of n=42 lakes from the ISIMIP dataset, we 

calculated the median onset of thermal stratification at each lake and compared this date 

with the spring date of greatest absolute correlation with bottom-water temperature. Color 

indicates the Seasonal Air Temperature Effect (SATE), in which most lakes’ summer 

bottom-water temperatures were more correlated with spring (blue), compared to summer 

(red), air temperature.  
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Figure S9: Within the ISIMIP-modeled lake time series, earlier stratification onset dates 

in a given year tended to be correlated with increased late-summer hypolimnetic 

temperature. This negative correlation was observed at 32 out of the 40 ISIMIP-modeled 

lakes represented in our dataset. Here, colors delineate different lakes, and points 

represent lake-years of modeled data. Linear regressions with standard error were 

calculated for each lake individually and are plotted as lines on the figure.
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Table S1: The magnitude of Seasonal Air Temperature Effect (SATE) was mediated by three lake characteristics we were able to 

examine with our n=615 lake dataset: buoyancy frequency at the thermocline (a metric of stratification strength), maximum depth, and 

surface area. Here, we present the top linear models within two units of AICc for each of our four summer focal variables (surface-

water temperature, bottom-water temperature, bottom-water dissolved oxygen, and bottom-water oxygen demand). For each model, 

we provide model coefficients, degrees of freedom (df), log-likelihood, and AICc. We note that maximum depth and surface area were 

log-transformed, and all explanatory variables were z-standardized prior to analysis. For each variable, the model with the lowest 

AICc is in bold. 

 Intercept Buoyancy freq. Surface area Max. depth df Log-likelihood AICc 

Surface-water temperature 0.188    2 82.5 -161 

 0.188 0.01   3 83 -160 

 0.188  -0.003  3 82.6 -159 

 0.188   0.002 3 82.6 -159 

Bottom-water temperature -0.133 -0.069 -0.056  4 106.1 -204 

 -0.133 -0.071 -0.049 -0.013 5 106.7 -203 

Bottom-water dissolved oxygen -0.087 -0.030 -0.023  4 98.1 -188 

-0.087 -0.029  -0.023 4 98.1 -188 

 -0.087 -0.032 -0.015 -0.015 5 98.7 -187 

Bottom-water oxygen demand -0.058    2 74.5 -145 

 -0.058 -0.013   3 75.1 -144 

 -0.058   -0.007 3 74.7 -143 
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Abstract 

Declining oxygen concentrations in the deep waters of lakes worldwide pose a pressing 

environmental and societal challenge. Existing theory suggests that low deep-water dissolved 

oxygen (DO) concentrations could trigger a positive feedback through which anoxia (i.e., very 

low DO) during a given summer begets increasingly severe occurrences of anoxia in following 

summers. Specifically, anoxic conditions can promote nutrient release from sediments, thereby 

stimulating phytoplankton growth, and subsequent phytoplankton decomposition can fuel 

heterotrophic respiration, resulting in increased spatial extent and duration of anoxia. However, 

while the individual relationships in this feedback are well established, to our knowledge there 

has not been a systematic analysis within or across lakes that simultaneously demonstrates all of 

the mechanisms necessary to produce a positive feedback that reinforces anoxia. Here, we 

compiled data from 656 widespread temperate lakes and reservoirs to analyze the proposed 

Anoxia Begets Anoxia (ABA) feedback. Lakes in the dataset span a broad range of surface area 

(1–126,909 ha), maximum depth (6–370 m), and morphometry, with a median time series 

duration of 30 years at each lake. Using linear mixed models, we found support for each of the 

positive feedback relationships between anoxia, phosphorus concentrations, chlorophyll-a 

concentrations, and oxygen demand across the 656-lake dataset. Likewise, we found further 

support for these relationships by analyzing time series data from individual lakes. Our results 

indicate that the strength of these feedback relationships may vary with lake-specific 

characteristics: for example, we found that surface phosphorus concentrations were more 

positively associated with chlorophyll-a in high-phosphorus lakes, and oxygen demand had a 

stronger influence on the extent of anoxia in deep lakes. Taken together, these results support the 
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existence of a positive feedback that could magnify the effects of climate change and other 

anthropogenic pressures driving the development of anoxia in lakes around the world. 

 

1. Introduction 

Dissolved oxygen (DO) concentrations are declining in the bottom-waters of many 

aquatic ecosystems around the world (Jenny et al. 2016a; Schmidtko et al. 2017; Breitburg et al. 

2018; Jane et al. 2021; Zhi et al. 2023). These declines pose a significant threat to both marine 

and freshwater ecosystems, as low DO conditions can decrease habitat suitability for numerous 

aquatic organisms (e.g., Rosenberg et al. 1991; Vaquer-Sunyer and Duarte 2008; Schindler 2017; 

Pilla and Williamson 2023), and decrease redox potential, promoting methane production (e.g., 

Encinas Fernández et al. 2014; Vachon et al. 2017; Hounshell et al. 2021), and altering aquatic 

nutrient cycling (e.g., Hupfer and Lewandowski 2008; Middelburg and Levin 2009; Carey et al. 

2022a). In freshwater lakes, the trend of decreasing DO concentrations may be particularly 

severe, with rates of decline up to 10 times higher than those observed in marine ecosystems 

(Jane et al. 2021). As freshwaters are critical ecosystems for drinking water, recreation, 

irrigation, and biodiversity (Reynaud and Lanzanova 2017; Finlayson et al. 2018; Reid et al. 

2019; Lynch et al. 2023), understanding and addressing changes in freshwater DO is essential to 

ensuring water security and ecosystem functioning in the face of global change. 

Declines in bottom-water DO concentrations are often attributed to climate change and/or 

increased nutrient inputs (Jenny et al. 2016a; Bartosiewicz et al. 2019; Jane et al. 2023). 

Increased air temperatures have been shown to drive increased duration of thermal stratification 

(Foley et al. 2012; North et al. 2013; Oleksy and Richardson 2021; Woolway et al. 2021), which 

reduces or inhibits mixing of oxygen to the bottom waters (hypolimnion). Consequently, 
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increases in stratification duration may provide more time for hypolimnetic DO depletion to 

occur, resulting in lower late-summer DO concentrations and increased duration of anoxia. 

Changes in stratification duration appear to be a particularly important driver of DO declines in 

recent decades (ca. 1950-2020; Jane et al. 2023). However, historical nutrient inputs have likely 

also played a role in deoxygenation by increasing phytoplankton biomass and consequently 

oxygen demand (Jenny et al. 2016a; b). The relative importance of these two pathways to 

deoxygenation (i.e., greater stratification duration due to climate change and greater oxygen 

demand due to eutrophication) likely varies both among lakes and within lakes over time. 

Consequently, understanding interannual DO dynamics across many lakes may be critical to 

disentangling the independent effects of stratification duration and eutrophication amidst 

ongoing changes in global climate and land use (e.g., Moss 2011; Parmesan et al. 2022). 

Here, we analyze a positive feedback, derived from decades of aquatic research, by which 

anoxia (i.e., DO at or near 0 mg/L) during a given year begets increasingly frequent and severe 

occurrences of anoxia in subsequent years. In this “anoxia begets anoxia” (ABA) feedback, 

anoxic conditions promote internal phosphorus release, thereby stimulating phytoplankton 

growth and subsequent decomposition, which in turn fuels increased heterotrophic respiration 

and further accelerates hypolimnetic DO declines over time (Figure 1). As long-term 

limnological data have become increasingly accessible (e.g., Pilla et al. 2020; Jane et al. 2021), 

we now have the opportunity to test the strength and ubiquity of this feedback on a multi-

continental scale. 

While the individual relationships in the ABA feedback cycle (Figure 1) are well-

established, these relationships occur over multiple timescales and amidst numerous other 

interacting factors (e.g., climate variation) that could prevent the detection of the overall 
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feedback. Hypolimnetic anoxia has been shown to enhance internal loading of phosphorus from 

sediments (e.g., Mortimer 1941; Nürnberg 1984; Orihel et al. 2017; Figure 1a). However, while 

redox-controlled phosphorus release fluxes have received significant attention, sediment 

characteristics, microbial processing, and catchment inputs may also play important roles in 

phosphorus dynamics (e.g., Hupfer and Lewandowski 2008; Orihel et al. 2017). Increases in 

hypolimnetic phosphorus are expected to increase surface water (epilimnetic) phosphorus 

concentrations within a summer stratified period through both biological and physical processes 

(e.g., organism-mediated transport, diffusion, and internal seiche dynamics; Carpenter et al. 

1992; Kamarainen et al. 2009; Haupt et al. 2010; Cottingham et al. 2015) or during autumn mixis 

when epilimnetic and hypolimnetic waters homogenize (e.g., Nürnberg and Peters 1984, Wetzel 

2001; Figure 1b). Higher epilimnetic phosphorus concentrations in turn can stimulate 

phytoplankton growth in many lakes, thereby increasing chlorophyll-a (chl-a, Figure 1c; 

Schindler 1974), though many other important factors, including nitrogen concentrations, 

climate, and light availability, also contribute to phytoplankton growth (e.g., Paerl and Huisman 

2008; Reinl et al. 2023). Increased phytoplankton biomass and subsequent decomposition may 

fuel increased biological oxygen demand (Figure 1d; Pace and Prairie 2005; Müller et al. 2019; 

Ladwig et al. 2021) and result in earlier onset of anoxia (Figure 1e), although climate can also 

play an important role in driving DO dynamics in many lakes, as discussed above. Given the 

substantial complexity to each of these relationships, all operating on different time scales, it 

remains unclear the extent to which the full positive feedback plays a role in controlling DO 

dynamics within lakes around the world. 

Lake characteristics including size and residence time could potentially mediate the 

strength of the ABA feedback across lakes, though these relationships remain largely untested 
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because they can only be characterized with long-term monitoring data across many diverse 

lakes. Lakes with longer residence time or larger sediment area:volume ratios may have greater 

sediment-water interactions, increasing the influence of oxygen demand on hypolimnetic DO, as 

well as the influence of hypolimnetic DO on hypolimnetic TP (e.g., Jagtman et al. 1992). 

Likewise, lake size may control the importance of mixing dynamics between the epilimnion and 

hypolimnion, and residence time may affect the extent to which chl-a and hypolimnetic TP 

influence biogeochemical dynamics the following year (Wetzel 2001). While many of these 

expected relationships have not been assessed across lakes, an empirical analysis of data from 

2849 lakes suggests that the impact of phosphorus concentrations on chlorophyll-a may be 

stronger in shallow lakes relative to deep lakes, potentially due to differences in light availability 

and macrophyte cover (Zhao et al. 2023). Characterizing the effect of lake characteristics on the 

ABA feedback relationships is needed to identify which lakes are most susceptible to the 

feedback, enabling managers to prioritize conservation efforts across lakes. 

In this study, we analyzed data from 656 widespread temperate lakes to study the drivers 

and consequences of interannual changes in hypolimnetic DO. Our research had three primary 

goals: first, we assessed the extent of support for each of the hypothesized relationships between 

anoxia, hypolimnetic phosphorus concentrations, epilimnetic phosphorus concentrations, 

epilimnetic chl-a, and oxygen demand across and within lakes (Figure 1). Second, we analyzed 

records of air temperature at each lake to assess how the ABA feedback may interact with 

changes in climate (Figure 1). We focused on climate as an external driver of the ABA feedback 

in lieu of accessible nutrient loading records for the study lakes. Third, we analyzed whether the 

strength of ABA relationships may vary with lake characteristics including lake depth and 

residence time. While our multi-lake approach precluded detailed consideration of external 
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nutrient inputs and use of causal inference methods within a lake over time, analyzing data from 

many lakes was essential to testing the proposed relationships in this study and disentangling 

lake-specific effects amidst substantial heterogeneity. 

 

2. Methods 

2.1 Overview of data compilation and analysis  

Analyzing the ABA feedback required time series data for hypolimnetic DO, 

hypolimnetic total phosphorus (TP), epilimnetic TP, epilimnetic chlorophyll-a (chl-a), 

hypolimnetic oxygen demand, and climate records across numerous lakes (Figure 1). We 

compiled in-lake data from 656 geographically widespread stratified lakes to enable these 

analyses (2.2 Dataset compilation). We used linear mixed models, including relevant lags and 

climatic data when appropriate (2.3.2 Mixed effects modeling) to assess support for the ABA 

feedback relationships across all lakes. We then ran the same linear models within individual 

lakes when sufficient data were available to assess whether the strength of ABA relationships 

may vary with lake characteristics (2.3.3 Within-lake regressions). All data compilation and 

analyses are described in detail below. 

 

2.2 Dataset compilation 

2.2.1 In-lake data 

We synthesized data from a total of 656 temperate, seasonally-stratified lakes (Figure 2; 

Appendix S1: Text S1.1). Data were collated from Jane et al. (2021; n = 316 unique lakes not 

also available in the other datasets described here), the U.S. Wisconsin Department of Natural 

Resources (DNR; n = 163), the U.S. New Hampshire Volunteer Lake Assessment Program 
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(VLAP; n = 93), the U.S. Lake Stewards of Maine (LSM) Volunteer Lake Monitoring Program 

(n = 48), the U.S. Adirondack lakes database (Winslow et al. 2018; Leach et al. 2018; n = 17), 

and members of the Global Lake Ecological Observatory Network (GLEON; n = 29). 

Chlorophyll-a data from Filazzola et al. (2020) were added for n = 15 lakes for which we did not 

have any other chl-a data.  

Data availability and collection methods differed substantially among sites (documented 

in Lewis et al. 2023). For each site, we collated available data for DO, water temperature, TP, 

and chl-a, as well as lake metadata including geographic coordinates, depth (mean and 

maximum), surface area, and elevation (Lewis et al. 2023). Total nitrogen (TN) and dissolved 

organic carbon (DOC) were also compiled but were more limited in availability (n = 111 lakes 

for DOC and n = 119 lakes for TN), motivating us to primarily focus on TP in our analyses 

below. To harmonize multiple datasets, quality control was performed on all data, as described in 

the data publication (Lewis et al. 2023).  

In sum, the complete dataset consisted of 108,736 distinct water temperature and DO 

profiles across 656 lakes during 1938-2022 (Appendix S2: Figure S2.1). The median data 

duration was 30 years at each lake (range: 3–81 years). Lakes in the dataset had a median depth 

of 14 m (Zmax; range: 6–370 m), median surface area of 100 ha (range: 1–126,909 ha), and 

median elevation of 264 m (range: -215–2804 m). The lakes were located in 18 countries across 

5 continents, with latitudes ranging from -42.6 to 68.3 (Lewis et al. 2023).  

 

2.2.1.1 HydroLAKES 

We collated additional metadata for each lake using HydroLAKES, a global database of 

1.4 million lakes (with surface area ≥10 ha; Messager et al. 2016). For lakes with missing mean 
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or maximum depth (i.e., the depths were not reported with the data; n = 43), we used 

HydroLAKES data to fill in these values (Lewis et al. 2023). We also compiled residence time 

estimates from HydroLAKES to assess whether the strength of ABA feedback relationships may 

vary with differences in residence time across lakes. 

 

2.2.2 Epilimnetic and hypolimnetic concentrations 

2.2.2.1 Profile interpolation 

We interpolated all temperature and DO profiles to a 1-m resolution following Jane et al. 

(2021). Briefly, we selected all profiles with at least three depths, then used the pchip() function 

of the pracma R package (Borchers 2022) to interpolate measurements from the surface to the 

deepest sampled depth. 

To account for variation and error in sampling procedures, we implemented a 

standardized screening protocol to remove temperature and DO profiles that were substantially 

shallower or deeper than the reported maximum depth of the lake (Appendix S3).  

 

2.2.2.2 Mean concentrations 

We averaged data for all focal variables to an annual timestep using data from the entire 

stratified period and, separately, the late-summer period at each lake (Appendix S1: Text S1.2). 

The late summer (i.e., mid-July through August in the northern hemisphere, following Jane et al. 

2021) is when DO concentrations are likely to approach their lowest value (Wetzel 2001), and 

may consequently be a critical time period for some processes in the ABA feedback. Conversely, 

other processes occurring throughout the entire summer stratified period (e.g., oxygen demand, 
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hypolimnetic temperature) can also be critical to the ABA feedback, motivating the study of both 

periods within a year.  

For each profile during either the entire summer stratified period or the late-summer 

period, we calculated the depths of the top and bottom of the metalimnion (the middle thermal 

layer of the lake) using the rLakeAnalyzer R package (Winslow et al. 2019). We used mean 

metalimnion depths to estimate the bottom of the epilimnion and top of the hypolimnion for each 

lake-year. We then averaged all hypolimnetic and epilimnetic water quality measurements 

throughout the time-period of analysis, using interpolated profiles for temperature and DO and 

all measurements for TP, chl-a, TN, and DOC. To estimate the strength of stratification at the 

thermocline, we calculated maximum buoyancy frequency using rLakeAnalyzer (Read et al., 

2011; Winslow et al. 2019) for each temperature profile. Maximum buoyancy frequency was 

averaged throughout the stratified period for each lake-year (Table 1). 

 

2.2.3 Volume-weighted hypolimnetic oxygen demand 

We calculated volume-weighted hypolimnetic oxygen demand (VHOD; hereafter oxygen 

demand) within each lake-year, following Wetzel and Likens (2000). Briefly, we used measured 

or modeled bathymetric contours and interpolated DO profiles to calculate the volume-weighted 

hypolimnetic DO concentration for each sampling date, then used linear regression models to 

calculate the rate of decline in volume-weighted hypolimnetic DO concentrations within the 

summer stratified period. We calculated an oxygen demand rate based on the raw data, as well as 

a temperature-corrected oxygen demand rate following Pace & Prairie (2005). Detailed methods 

for both calculations are provided in Appendix S4.  
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2.2.4 Anoxic Factor 

Anoxic factor (AF) describes the spatial and temporal extent of anoxia within a lake, and 

is therefore a useful metric of deoxygenation in lakes that experience hypolimnetic anoxia 

(Nürnberg 1995; Nürnberg 2019). AF is expected to increase with increased oxygen demand and 

can predict internal TP loading in lakes that experience hypolimnetic anoxia (Nürnberg 1995; 

Nürnberg 2019; Figure 1). Here, we calculated AF within each lake-year following Nürnberg 

(1988) and Nürnberg (2019), modified to address limited data availability across and within 

lakes (Appendix S5). Briefly, we estimated the duration of anoxia using oxygen profiles, oxygen 

demand, and modeled turnover dates, and we used modeled or measured bathymetry to quantify 

the spatial extent of anoxia within each lake-year. The DO threshold for anoxia was defined 

operationally, as described below (2.3.3 Operational definition of anoxia), with detailed methods 

provided in Appendix S5.  

 

2.2.5 Climate data 

To disentangle the roles of changing climate and in-lake processes on DO dynamics in 

stratified lakes, we collated monthly air temperature and precipitation data for every lake in our 

dataset from the ERA5 climate reanalysis. ERA5 is a fifth-generation product from the European 

Centre for Medium-Range Weather Forecasts (ECMWF) and provides meteorological data from 

1959–2022 on a 0.25-degree global grid (Hersbach et al. 2019). For our analysis, we used the 

monthly 2-m air temperature and total precipitation ERA5 data products and found the closest 

gridded values for every lake in our dataset. We summarized “seasonal” air temperature and 

precipitation values by averaging across multiple months for each lake-year, with southern 

hemisphere data offset by six months. Spring values were calculated as the average of March and 
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April air temperature or precipitation (following, e.g., Williamson et al. 2015). While 

stratification onset varies across latitudes and lakes, these spring months are the most likely to 

correspond to ice melt and spring mixing across the temperate lakes in this study (Woolway et al. 

2021; Appendix S1: Figure S1.2). Summer values were calculated as the average of July and 

August air temperature or precipitation, as these summer months most closely correspond with 

our late-summer in-lake data and were the warmest two months on average across the dataset 

(Appendix S2: Figure S2.4). Winter temperature and precipitation were calculated as the average 

of January and February air temperature and precipitation. These winter months were, on 

average, the coldest months in our dataset (Appendix S2: Figure S2.4), and likely constituted a 

significant portion of the ice-covered period in lakes that experience seasonal ice cover 

(Magnuson et al. 2000).  

 

2.3 Data analysis 

To analyze the proposed ABA relationships, we used lag analysis (Section 2.3.1), mixed 

effects modeling (Section 2.3.2), and within-lake regressions (Section 2.3.3). All data analyses 

were performed in R, version 4.2.1 (R Core Team, 2021). Analysis code is archived as a Zenodo 

repository for reproducibility (Lewis and Lau, 2023).  

 

2.3.1 Lag analysis 

Several of the relationships in the proposed ABA feedback may operate across years, 

rather than within one year. To assess the appropriate lag for each step, we calculated the 

Spearman correlation between each variable of analysis and the preceding variable in the 

feedback cycle (e.g., between oxygen demand and chl-a; Figure 1) with 0, 1, and 2-year lags. 
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These correlations were calculated separately for each lake with at least 10 years of paired data 

for the target parameters. Across all lakes, we calculated whether the mean of the resulting 

distribution of correlations was significantly different than zero using Wilcox tests with α = 0.05.  

 

2.3.2 Mixed effects modeling 

To assess the proposed mechanisms by which anoxia could create a positive feedback 

that promotes subsequent anoxia (Figure 1), we used linear mixed models to estimate the 

magnitude and direction of effect for drivers of AF, epilimnetic and hypolimnetic TP, 

epilimnetic chl-a, and oxygen demand among lake-years. To assess the relationship between 

oxygen demand and hypolimnetic DO concentrations in lakes that did not experience anoxia 

(i.e., AF = 0 days throughout the entire time series), we conducted an additional regression 

analysis for oxygen demand and late-summer hypolimnetic DO concentrations, rather than AF 

(Appendix S6). Lake ID was included as a random effect on the intercept in all models. Mixed 

effect models were run using the package lme4 in R (Bates et al. 2023). 

For each response variable, we filtered all data to only include lake-years with complete 

data for all proposed explanatory variables (Table 1). We log-transformed chl-a and TP 

concentrations due to the substantial positive skew of these data, and we Z-standardized all 

explanatory variables. We fit linear mixed models for all possible combinations of explanatory 

variables and identified the best model using corrected Akaike Information Criterion (AICc). We 

report all selected models within two AICc units of the best model (Burnham & Anderson 2002). 

We assessed the multicollinearity of all models using the variance inflation factor, which we 

calculated using the vif() function from the package car in R (Fox et al. 2022).  
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We plotted the coefficient estimate for all fixed effects in the selected models to visually 

compare the magnitude of effect for each explanatory variable. For these visualizations, we 

calculated 95% confidence intervals of the fixed effects using the confint.merMod() function 

from lme4 (Bates et al. 2023).  

 

2.3.3 Operational definition of anoxia 

We used an operational DO threshold to define hypolimnetic anoxia, following other 

studies on anoxia in lakes (e.g., Elshout et al. 2013; Nürnberg et al. 2019; LaBrie et al. 2023). To 

identify this threshold, we performed a breakpoint analysis and piecewise regression for 

hypolimnetic DO and TP using the package segmented in R (Muggeo, 2023; Appendix S6: Text 

S6.1). We then added slope-difference (U) and change-point (G0) parameters for the breakpoint 

relationship, and used the resulting breakpoint as a threshold value for our calculation of AF 

(Appendix S5).  

 

2.3.4 Within-lake regressions 

To assess whether the across-lake trends identified using mixed models were observable 

within individual lakes, we performed linear regressions separately at each lake. For each of our 

focal response variables (see Table 1), we used the same model formulations from the across-

lakes analysis (i.e., the explanatory variables from Table 1 that were selected via AICc) to 

perform regressions within a lake. We saved the resulting coefficient estimates for each 

explanatory variable used to predict this focal response. We then plotted the distribution of 

coefficient estimates for all explanatory variables across all lakes, and we compared the median 

of these distributions to the mixed effect model coefficient estimates. For each response variable, 
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we only included lakes that had at least 10 years of paired data for the response variable and all 

selected explanatory variables. We removed n = 81 lakes that never experienced anoxia (i.e., AF 

= 0 throughout the timeseries) from the within-lake analysis of the drivers of AF. 

 

2.3.4.1 Driver analysis 

The coefficient estimates for explanatory variables included in the ABA feedback (e.g., 

the coefficient of epilimnetic TP for predicting epilimnetic chl-a) indicates the magnitude of the 

response, while accounting for other drivers (Table 1). As an exploratory analysis to assess 

which lakes are most susceptible to the ABA feedback, we analyzed whether there were 

significant differences in these coefficients based on differences in lake characteristics. For this 

analysis, we developed linear models predicting the coefficient estimate for each focal variable 

in the ABA feedback (Table 1) based upon (individually) maximum depth, surface area, mean 

depth, residence time, dynamic ratio (square root of lake area divided by mean depth; Håkanson 

1982), and mean concentrations of focal (ABA) variables (i.e., hypolimnetic DO, epilimnetic and 

hypolimnetic TP, epilimnetic chl-a, and oxygen demand). We then used AICc to select the 

model(s) with the greatest explanatory power. We did not assess more complicated model 

structures (e.g., multiple drivers and interaction effects) due to the relatively small sample size 

for some of these analyses (e.g., n = 35 lakes for oxygen demand).  

 

2.3.5 Climate effects 

To summarize the effects of climatic variation on oxygen dynamics, we analyzed 

monthly and annual air temperature data. First, we calculated correlations between monthly air 

temperatures and, separately, hypolimnetic temperature, oxygen demand, AF, and late-summer 
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DO concentrations (Appendix S8). Then, we summarized the effects of high and low annual air 

temperature anomalies on AF and late-summer oxygen concentrations (Appendix S8). 

 

3. Results 

3.1 Operational definition of hypolimnetic anoxia 

We identified a breakpoint relationship whereby hypolimnetic TP increased substantially 

after DO decreased below a threshold of 1.8 mg/L (56 µmol/L), averaged throughout the 

hypolimnion (Figure 3). Subsequently, we used 1.8 mg/L as our DO threshold for anoxia in all 

analyses. Of the 356 lakes with at least 10 years of hypolimnetic DO data, 146 lakes (34%) 

crossed the threshold of 1.8 mg/L during their time series (i.e., had at least one year with 

hypolimnion-averaged DO <1.8 mg/L and at least one year with DO ≥1.8 mg/L). Lakes that 

crossed this threshold (n = 146) were more common than lakes that had consistently anoxic (n = 

120) or consistently oxic (n = 90) hypolimnia. Furthermore, lakes that crossed the threshold of 

1.8 mg/L had lower DO concentrations in the year following the first year of anoxia than in the 

year prior to the first year of anoxia (Appendix S9; Figure S9.1).  

 

3.2 Regression analyses support expected relationships within and across lakes 

Our analyses across 656 lakes provided support for the ABA feedback. Of the 

explanatory variables used in our model selection process (Table 1), all variables that were 

predicted to promote the ABA feedback were found to be statistically significant drivers of their 

predicted responses (Figure 4), with expected temporal lags as applicable (0–1 years; Appendix 

S7). High AF was associated with high hypolimnetic TP (Figure 4a), and high hypolimnetic TP 

was associated with high epilimnetic TP, both within and between years (i.e., both Hypo TP and 
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Hypo TPt-1 had positive coefficients; Figure 4b). High epilimnetic TP was in turn associated with 

high chl-a within a year (Figure 4c), and high chl-a was associated with high oxygen demand 

(both VHOD and VHODstd 10ºC) the following year (Figure 4d; Appendix S10). Lastly, high 

oxygen demand was associated with greater AF in the lakes that experienced hypolimnetic 

anoxia (Figure 4e). For the lakes that did not exhibit anoxia during their time series, high oxygen 

demand was associated with low late-summer DO concentrations (Appendix S6).  

All of the ABA relationships observed to be significant across hundreds of lakes (n = 

111–386; Figure 4) were also supported by regression analyses conducted within individual lake 

time series (with n = 35–157 lakes for each analysis; Figure 5). The direction of each of the ABA 

relationships was identical within and across lakes (Figure 5). The magnitude of the median 

coefficient estimates for ABA explanatory variables within lakes (e.g., the coefficient for chl-a in 

the multiple linear regression with oxygen demand as a response variable) tended to be slightly 

smaller than the mixed model coefficient estimate (Figure 5) for each relationship, except for 

oxygen demand as a predictor of AF (Figure 5e).  

While the hypothesized ABA feedback was supported by regression analyses, variability 

in the focal response variables (i.e., AF, TP, chl-a, and oxygen demand; Table 1) was also 

modulated by additional driving factors, as expected (Figure 1; Appendix S8). Specifically, 

climatic variables were selected as part of the optimal model for nearly all focal variables: spring 

air temperatures were important drivers of AF and chl-a, spring and summer precipitation were 

significant drivers of epilimnetic TP, and winter precipitation was a significant driver of 

hypolimnetic TP (Figure 4; Figure 5). Water temperature also played a role in explaining 

variation in several focal responses: hypolimnetic temperatures were a significant predictor of 

both AF and oxygen demand (Figure 4; Figure 5). For all responses, we found substantial 
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variability in the random intercept of the mixed-model regressions among lakes (Table 2) and 

variability in within-lake regression coefficients (Figure 5), indicating external lake-specific 

factors that influence the state of each response variable at a given lake. Random effects were 

largest for AF, and residual standard deviation from mixed-model analyses was highest for 

oxygen demand and epilimnetic chl-a (Table 2).  

Across lakes, our analyses indicate that the relative strength of ABA relationships varied 

with lake characteristics. Specifically, the coefficient for the effect of epilimnetic TP on chl-a 

was larger for lakes with high mean epilimnetic TP values; the coefficient for the effect of 

oxygen demand on AF was larger for lakes with deep mean depth; and the coefficient for the 

effect of chl-a on oxygen demand was larger for lakes with long residence time (Figure 6). The 

other ABA feedback relationships were not significantly mediated by any one of our candidate 

predictors (Section 2.3.4.1).  

 

4. Discussion 

In analyzing ABA relationships both across and within 656 lakes, we found support for 

all linkages in the hypothesized ABA feedback (Figure 4; Figure 5). These results provide 

empirical support for the existence of a positive feedback mechanism that could intensify the 

development of anoxia in lakes around the world. Furthermore, our results indicate that the 

strength of these relationships likely varies with lake characteristics, including mean depth, TP 

concentrations, and residence time. To our knowledge, our work is the first to quantitatively 

document all of the relationships that enable anoxia to beget increasingly frequent or more 

intense anoxia in future years across a large, multi-continental dataset of lakes. 
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4.1 Decades of research facilitate identification of ABA feedback 

Individual relationships in the ABA feedback have been the subject of substantial 

research inquiry over the past century or longer (e.g., Sachs 1874; Thienemann 1928; Schindler 

1974). While these previous studies primarily focused on examining biogeochemical dynamics 

within one lake, they provided support for the individual relationships in the ABA feedback 

(Figure 1). Modeling studies provided a means of simultaneously considering all ABA 

relationships and have shown mechanistic support for the existence of an ABA feedback in 

seasonally-stratified lakes (Carpenter 2003; Carpenter and Lathrop 2008). However, model 

simulations have indicated that the susceptibility of individual lakes to a trophic regime shift, as 

a result of the ABA feedback, depends on multiple lake-specific parameters (i.e., macrophyte 

presence, temperature, mean depth; Genkai-Kato & Carpenter, 2005), highlighting the need for a 

multi-lake empirical approach.  

By synthesizing data across many lakes, our mixed model approach allowed us to 

identify biogeochemical dynamics that likely would have been difficult to detect in individual 

lakes. The strength of this approach is reflected in the fact that coefficient estimates from our 

mixed model regressions, which integrate data from many lakes, were typically slightly larger in 

magnitude than the median coefficient estimates of regressions run within individual lakes 

(Figure 5), although both approaches showed support for the existence of the ABA feedback. 

Across-lake regressions included a larger range of variation for predictor variables than is 

typically observed within individual lakes, which likely facilitated the detection of more 

substantial predictor-response effects. Through study of the hypothesized ABA feedback, we 

found support for several individual limnological relationships, some of which had not been 
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previously analyzed on a widespread scale. Below we discuss our findings for each ABA 

relationship and their implications in the context of previous work (Sections 4.1.1–4.1.5). 

 

4.1.1 Effect of anoxia on hypolimnetic TP (Figure 1a) 

In this study, we observed a strong positive relationship between hypolimnetic anoxia 

and TP concentrations both within and across lakes. Across lakes, our breakpoint analysis 

detected a threshold relationship whereby hypolimnetic DO had a stronger effect on TP when 

DO concentrations decreased to levels approaching anoxia (<1.8 mg/L; Figure 3). Our results 

reinforce previous research affirming that AF (the duration and spatial extent of anoxia) may be 

strongly positively correlated with hypolimnetic TP concentrations (Figure 4; Figure 5; e.g., 

North et al. 2014; Nürnberg et al. 2019). A threshold relationship between DO and TP is well-

supported by previous research across sediment core incubations, in situ sediment chamber 

measurements, and mass-balance whole ecosystem analyses (e.g., Einsele 1936; Mortimer 1942; 

Orihel et al. 2017; Anderson et al. 2021). Here, our threshold value of 1.8 mg/L DO, averaged 

throughout the entire hypolimnion, likely reflects DO conditions of ~0 mg/L near the sediment-

water interface (which inherently is challenging to quantify empirically), resulting in enhanced 

TP loading (Nürnberg 2019). We note that our identified breakpoint of 1.8 mg/L is also 

remarkably similar to those identified in previous sediment incubation work (Matisoff et al. 

2016; Doig et al. 2017; Orihel et al. 2017). Overall, this analysis indicates that the ABA 

mechanism may require hypolimnetic DO concentrations to decrease to low levels (i.e., <1.8 

mg/L) before a feedback effect will occur. 

In our dataset, it was common for lakes to cross the threshold of 1.8 mg/L (34% of n = 

356 lakes). Lakes where oxygen concentrations declined below 1.8 mg/L had lower DO 
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concentrations in the year following the onset of anoxia than in the year prior to the onset of 

anoxia (Appendix S9; Figure S9.1). While our dataset was not a random or fully representative 

sample of global lakes, the large number of lakes which crossed the 1.8 mg/L threshold in this 

study suggests that the ABA feedback may be prevalent.  

 

4.1.2 Effect of hypolimnetic TP on epilimnetic TP (Figure 1b) 

We found moderately strong support for an effect of hypolimnetic TP on epilimnetic TP 

both within one year and between years (i.e., hypolimnetic TP influences epilimnetic TP the 

following year). While the directionality of this relationship can be difficult to identify in the 

absence of detailed nutrient input data (i.e., epilimnetic TP can affect hypolimnetic TP, vice 

versa, or a third driver may simultaneously influence both), existing research provides strong 

support for this effect. Elevated hypolimnetic TP concentrations can increase epilimnetic TP 

concentrations within a summer stratified period through organism-mediated transport, diffusion, 

and internal seiche dynamics (e.g., Carpenter et al. 1992; Soranno et al. 1997; Kamarainen et al. 

2009; Nürnberg 2009; Haupt et al. 2010; Cottingham et al. 2015). At the onset of autumn 

mixing, the concentration of TP in the hypolimnion fundamentally determines the amount of 

potential TP input to the epilimnion, which can have legacy effects throughout the subsequent 

autumn, winter, and spring (e.g., Nürnberg and Peters 1984; Wang et al. 2019).  
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4.1.3 Effect of epilimnetic nutrients on epilimnetic chl-a (Figure 1c) 

We found a strong positive association between surface water TP concentrations and 

surface water chl-a, both within and across lakes, likely reflecting the fact that interannual 

variability in phosphorus concentrations can play an important role in regulating phytoplankton 

growth in lakes (Figure 4; Figure 5). Our study follows many decades of data that illustrate the 

positive effect of TP on phytoplankton biomass (Schindler 1974; Smith 1982; MacKeigan et al. 

2023). In this study, we were unable to identify an effect of epilimnetic TN concentrations on 

chl-a, suggesting that in these lakes, TP may play a more important role in regulating 

phytoplankton growth. However, we note that data availability was substantially greater for TP 

(n = 387 lakes) than for TN (n = 86 lakes), and complexities of nitrogen forms (not considered 

here) may hinder the detection of a nitrogen effect. Previous research has documented the 

importance of nitrogen for limiting or co-limiting phytoplankton growth in some lakes, over 

multiple timescales (Elser et al. 2007; Lewis Jr. and Wurtsbaugh 2008; Paerl et al. 2016; Scott et 

al. 2019; Lewis et al. 2020). Consequently, our study highlights the need for long-term, speciated 

nitrogen data to disentangle the role of nitrogen in the ABA feedback. 

 

4.1.4 Effect of epilimnetic chl-a on oxygen demand (Figure 1d) 

Support for the relationship between epilimnetic chl-a and oxygen demand was relatively 

weaker than for the other ABA relationships, although still consistent within and across lakes. 

We expected that this relationship would be more challenging to detect than the other ABA 

relationships due to high levels of spatio-temporal heterogeneity in chl-a and uncertainty 

associated with oxygen demand calculations (e.g., modeled bathymetry and the assumption of a 

closed system). Interestingly, the effect of chl-a appeared to occur at least as strongly between 
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years as within a year. Legacy effects of chl-a on oxygen demand are intuitive and expected, as 

decomposition of sediment organic matter (including settled phytoplankton biomass) may 

constitute the majority of the total hypolimnetic oxygen demand in many lakes (Steinsberger et 

al. 2020). Likewise, limited sampling of early-season bloom events could have partially obscured 

the role of within-year chl-a on oxygen demand. Regardless, our analyses provide support for 

both within-year and between-year effects of phytoplankton blooms in perpetuating anoxia.  

 

4.1.5 Effect of oxygen demand on hypolimnetic anoxia (Figure 1e) 

The positive relationship between oxygen demand and AF is well-supported by this study 

and is also intuitive: as biological and chemical demand for oxygen increases, the onset of anoxia 

is likely to occur earlier in the stratified period, increasing the total duration of anoxia (Figure 4; 

Figure 5). Furthermore, in lakes that did not experience anoxia throughout the time series of data 

used in this study, oxygen demand was negatively associated with late-summer DO 

concentrations (Appendix S6: Text S6.2), supporting that oxygen demand and DO 

concentrations are closely coupled in both oxic and anoxic lakes. Across the dataset, the effect of 

oxygen demand on hypolimnetic oxygen conditions occurred simultaneously with an additional 

positive effect of spring air temperatures (Figure 4; Figure 5, Appendix S6: Text S6.2), and in 

anoxic lakes AF was further regulated by autumn air temperatures (Figure 4; Figure 5). Positive 

associations between anoxia and spring and autumn air temperatures may highlight the important 

role that stratification duration (i.e., both onset in spring and end in autumn) can play in driving 

the spatial and temporal extent of anoxia (e.g., Nürnberg, 1995; Jane et al. 2023). Previous work 

has identified that the duration of summer stratification is increasing across many lakes 

(Woolway et al. 2021), driving decreased late-summer oxygen concentrations (Jane et al. 2023). 
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However, the factors that control oxygen demand are changing less consistently: temporal trends 

in hypolimnetic temperature are highly variable across lakes (Pilla et al. 2020; Richardson et al. 

2017), as are trends in chl-a from 1980–present (Kraemer et al. 2022). Consequently, it is not 

surprising that trends in oxygen demand appear to be inconsistent across lakes (Jane et al. 2023). 

In this study, our focus on annual and sub-annual timescales allowed us to more precisely 

investigate the mechanisms at play within and across 386 lakes (Figure 4E), identifying that 

variability in oxygen demand has the potential to drive a feedback effect in some lakes that 

experience hypolimnetic anoxia.  

 

4.2 Lake characteristics can increase susceptibility to the ABA feedback 

Through our cross-lake analyses, we identified that the ABA feedback may be stronger in 

some lakes than others. In particular, mean epilimnetic TP concentrations, mean depth, and 

residence time each modulated ABA feedback relationships (Figure 6).  

First, the effect of TP on chl-a was strongest in lakes with high mean epilimnetic TP 

concentrations, especially for lakes with TP concentrations greater than ~10 µg/L (Figure 6a). 

These mesotrophic to eutrophic/hypertrophic lakes also tended to experience substantial 

variability in epilimnetic TP concentrations, which likely made the effect of changing TP 

concentrations more detectable in our standardized linear regression analyses (Appendix S11: 

Figure S11.1). Ultimately, our finding that TP and chl-a are more closely correlated at high TP 

concentrations may provide some resistance to the initiation of the ABA feedback in oligotrophic 

lakes, while further accelerating the ABA feedback as eutrophication proceeds due to external or 

internal nutrient loading.  



 

 

108 

Second, the effect of the previous year’s chl-a on oxygen demand was strongest in lakes 

with long residence times (Figure 6b). In these lakes, decomposing chl-a and autochthonous 

organic carbon may have more time to settle and accumulate on the hypolimnetic sediments, 

fueling oxygen demand the following year. Conversely, the effect of the previous year’s chl-a on 

oxygen demand was negligible in lakes with residence time less than ~100 days (Figure 6b), as 

chl-a may be quickly flushed and exported downstream from these lakes. Consequently, lakes 

with longer residence time may be more susceptible to the ABA feedback. 

Third, the magnitude of the effect of oxygen demand on AF generally increased with 

increasing mean depth of the lake (Figure 6c). Mechanistically, deeper lakes often have 

relatively lower oxygen demand due to low sediment area to hypolimnetic volume ratios 

(Livingstone and Imboden 1996; Müller et al. 2012; Steinsberger et al. 2020). Consequently, 

variation in oxygen demand can substantially affect the amount of time it takes to reach anoxia in 

these deep lakes. Conversely, in shallow lakes, hypolimnetic DO concentrations may be more 

strongly impacted by factors other than oxygen demand, including hypolimnetic primary 

production, stratification phenology, and mixing events (Wetzel 2001). Ultimately, deep lakes 

(i.e., mean depth > 5 m; Figure 6) appear to have a particularly strong coupling between oxygen 

demand and AF, strengthening the ABA feedback in these lakes.  

Combined, these results suggest that deep mesotrophic or eutrophic lakes with long 

residence times are particularly likely to be susceptible to the ABA feedback, though more data 

are needed to test these hypotheses. Importantly, our identification of factors that may affect the 

strength of the ABA feedback across lakes would not have been possible without the use of a 

multi-lake dataset like the one analyzed in this study. 
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4.3 Climate change has the potential to trigger the ABA feedback 

Our analysis of 656 widespread lakes suggests a strong relationship between climate 

variation and deoxygenation. Importantly, this climate variability may have the potential to push 

hypolimnetic DO below the ~1.8 mg/L threshold that is associated with increased hypolimnetic 

TP release from sediment, thereby initiating the ABA feedback.  

 

4.2.1 High spring air temperatures are associated with anoxia 

Our results suggest that increased spring air temperatures can contribute to DO declines 

not only by prolonging summer stratification, as demonstrated previously (Woolway et al. 2021; 

Jane et al. 2023), but also by increasing chl-a, hypolimnetic temperature, and oxygen demand 

(Figure 4c; Appendix S8). While we saw a clear effect of spring air temperatures on 

hypolimnetic DO dynamics, we did not observe a similar effect for summer temperatures 

(Appendix S8: Figure S8.1). Spring may be a particularly influential time period for the DO and 

temperature dynamics of warm monomictic and dimictic lakes, as this period sets the beginning 

of stratification and the initial heat and oxygen content of the hypolimnion (Shatwell et al. 2019; 

Woolway et al. 2021; Jane et al. 2023). While mean air temperatures are increasing around the 

world as a result of anthropogenic climate change, these impacts are not consistent across 

seasons or locations (Masson-Delmotte et al. 2021). Specifically, the time period during which 

temperatures fall in the historical range of spring temperatures is shortening across Northern 

Hemisphere mid-latitudes, which are representative of most of the lakes in this study (Wang et 

al. 2021). Conversely, the time period during which temperatures fall in the historical range of 

summer temperatures is lengthening (Wang et al. 2021; Woolway 2023). Our work highlights 

the importance of accounting for these differential changes in seasonal air temperatures, not just 
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annual means, when anticipating how changes in climate may affect hypolimnetic DO dynamics. 

Furthermore, as spring air temperatures continue to increase across many lakes, our work 

suggests that these climatic changes may play a role in causing hypolimnetic oxygen 

concentrations to decline, potentially initiating the ABA feedback.  

 

4.4 Strengths and limitations of this analysis 

Using regression models within and across lakes, we were able to simultaneously analyze 

the extent of support for each of the relationships in the hypothesized ABA feedback. Lakes 

analyzed in this study span five orders of magnitude in surface area and two orders of magnitude 

in maximum depth (Zmax; Lewis et al. 2023). Amidst these substantial differences, we found 

consistent support for the ABA feedback relationships within and across lakes.  

While the dataset analyzed here is larger than those used in previous studies, data 

limitations continued to constrain our analysis. Specifically, we were unable to analyze the 

effects of external nutrient loads, or DOC concentrations on the ABA feedback due to lack of 

data, and we were unable to use causal inference methods to study ABA dynamics within 

individual lakes over time. Moreover, the majority (82%) of lakes analyzed here are temperate 

lakes located in the U.S.; consequently, results may not be fully generalizable to global lakes, 

and more research is needed to characterize DO dynamics in a broader, representative range of 

ecosystems, especially in tropical and southern hemisphere lakes. Our calculated AF values have 

substantial uncertainty, particularly with respect to stratification end dates, though we have done 

our best to minimize these uncertainties through detailed methodological testing (Appendix S5). 

To standardize across a wide range of lakes and sampling regimes, our analysis considered the 

entire hypolimnion as one homogenized layer, averaging over potentially meaningful variation in 



 

 

111 

DO dynamics across a depth gradient in the hypolimnion (e.g., LaBrie et al. 2023). Given the 

promising results we observed here, further exploration of depth-resolved DO declines across 

lakes likely has substantial potential to further our understanding of biogeochemical processing 

in lakes. 

 

4.5 Conclusions and global change implications 

We found widespread empirical support for the ABA feedback in analyzing time series 

data across 656 diverse lakes. Relationships were particularly strong between oxygen demand 

and AF; AF and hypolimnetic TP; and epilimnetic TP and chl-a. Conversely, the effect of 

epilimnetic chl-a on oxygen demand was comparatively less strong, though still detectable both 

within and across lakes. As oxygen concentrations are decreasing in many lakes around the 

world, accounting for the ABA feedback may help effectively prioritize restoration and 

conservation efforts. Notably, our work suggests that catchment-scale nutrient management may 

be particularly critical for preventing deterioration of water quality in lakes with late-summer 

hypolimnetic DO concentrations just above 1.8 mg/L that have not yet crossed this threshold. 

These lakes are less likely to currently experience feedback effects of anoxia, but may cross this 

threshold in the future, thereby initiating an ABA feedback that, once triggered, will make water 

quality management more challenging. As climate and land use continue to change on a global 

scale, understanding and accounting for the ABA feedback may enable more effective 

conservation of culturally, economically, and ecologically important lake ecosystems. 
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Chapter III Tables 

Table 1: Explanatory variables used for mixed model regression. We tested several possible 

explanatory variables for each response variable using a mixed model approach. The time period 

over which mean values were calculated for each lake-year is provided for all water column 

variables. For information on lags used, see Appendix S7: Figure S1–S5. Epilimnion and 

hypolimnion are abbreviated as epi. and hypo. throughout.  

Response  

variable 

Proposed explanatory  

variables 
Time period Motivation for inclusion 

Anoxic factor  Oxygen demand Stratified ABA feedback 

Spring average air temp.  Stratification onset 

Autumn average air temp.  Stratification end 

Winter average air temp.  Ice dynamics 

Hypo. temperature Late summer Solubility, stratification end 

    

Late-summer hypo. 

TP 

Anoxic factor Late summer ABA feedback 

Epi. TP Stratified Diffusion/sinking 

Maximum buoyancy frequency Stratified Diffusion 

Hypo. temp Late summer Temperature dependence of 

sediment flux 

Spring precipitation  Catchment inputs/flushing 

Summer precipitation  Catchment inputs/flushing 

Winter precipitation  Catchment inputs/flushing 

Mean TP measurement date Late summer Seasonal change 

    

Stratified epi. TP Hypo. TP Late summer ABA feedback 

Hypo. TP (t-1) Late summer Autumn mixing 

Epi. TP (t-1) Late summer Legacy effect 

Spring precipitation  Catchment inputs/flushing 

Summer precipitation  Catchment inputs/flushing 

Winter precipitation  Catchment inputs/flushing 

Maximum buoyancy frequency Stratified Diffusion 

Mean TP measurement date Stratified Seasonal change 

    

Stratified epi. chl-a Epi. TP Stratified ABA feedback 

Epi. TN Stratified Potential limiting nutrient 

Spring average air temp.  Temperature-dependence of 

phytoplankton growth Summer average air temp.  

 Mean chl-a measurement date Stratified Seasonal change 

    



 

 

132 

Oxygen demand Epi. chl-a Stratified ABA feedback 

Epi. chl-a (t-1) Stratified ABA feedback 

Hypolimnetic temp. Stratified Temperature-dependence of 

respiration 

Hypo. surface area to volume 

ratio 

Stratified Sediment oxygen demand 

Maximum buoyancy frequency Stratified Diffusion 
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Table 2: Random and residual variation from linear mixed models. Model structure and fixed 

effects are summarized in Figure 4. 

Response variable Random effect 

standard deviation 

(intercept) 

Residual standard 

deviation 

Anoxic factor (AF)  0.982 0.337 

Hypolimnetic TP 0.665 0.286 

Epilimnetic TP 0.248 0.340 

Epilimnetic chl-a 0.635 0.415 

Oxygen demand 0.630  0.597  
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Chapter III Figures 

 

Figure 1: The proposed positive feedback through which “anoxia begets anoxia” (ABA). 

Hypolimnetic anoxia results in internal hypolimnetic phosphorus (TP) loading (a), which in turn 

increases epilimnetic TP (b) and stimulates phytoplankton growth, resulting in increased 

chlorophyll-a (chl-a; c). Phytoplankton decomposition fuels increased oxygen demand rates (d), 

which further drive hypolimnetic oxygen declines (e). This feedback can be externally 

influenced by increased air temperatures (gray dashed lines), among other factors.  
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Figure 2: Data were compiled from a total of 656 widespread temperate lakes, with data 

availability differing across sites. (a): map of all sites included in this dataset. Note that due to 

overlapping data points, many sites are not visible. More detailed maps of the United States and 

Europe are provided in Appendix S2: Figure S2 and S3. Map lines delineate study areas and do 

not necessarily depict accepted national boundaries. (b): Summary of data availability for water 

temperature, dissolved oxygen (DO), total phosphorus (TP), and chlorophyll-a (chl-a) in the 

epilimnion (epi.) and hypolimnion (hypo.) of lakes in this study.  
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Figure 3: Piecewise mixed model regression identified a breakpoint in the relationship between 

hypolimnetic DO and TP at 1.8 mg/L DO. Here, points represent individual lake-years. 
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Figure 4: The proposed “anoxia begets anoxia” (ABA) feedback (bottom right) was supported by 

linear mixed model results across all variables (see Table 1). Here, panel titles indicate the 

response variable for each panel and y-axis labels indicate explanatory variables. X-axes indicate 

the magnitude and 95% confidence interval of the parameter estimate for each explanatory 

variable presented on the y-axis. The black vertical lines in panels a-e denote a parameter 

estimate of zero. Blue rectangles highlight drivers in the hypothesized ABA feedback (bottom 

right). Explanatory variables are ordered by the magnitude of the parameter estimate within each 

panel. 
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Figure 5: Linear regressions analyzing time series data within individual lakes provide further 

support for the proposed “anoxia begets anoxia” (ABA) feedback. Here, panel titles indicate the 

response variable for each panel and y-axis labels indicate explanatory variables. Individual 

points represent regression coefficients from within one lake. Density distributions describe the 

distribution of parameter values across lakes, with colors delineating the quartiles of the 

distribution (purple: 0-25%, blue: 25-50%, green: 50-75%, and yellow: 75-100%). Black and 

white circles at the bottom of each distribution mark the parameter estimate from the mixed 
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model analysis (Figure 4). The gray vertical lines in panels A-E denote a parameter estimate of 

zero. Blue rectangles highlight drivers in the hypothesized ABA feedback. Explanatory variables 

are ordered by the magnitude of the mixed-model parameter estimate for consistency with Figure 

4. All x-axes range from -1 to 1 to enable comparison among panels. 
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Figure 6: The strength of “anoxia begets anoxia” (ABA) feedback relationships may be 

modulated by lake characteristics. (a): The coefficient for the effect of epilimnetic total 

phosphorus (epi. TP) on chlorophyll-a (chl-a) was most positive in lakes with high mean 

epilimnetic TP. (b): The coefficient for the effect of the previous year’s chlorophyll-a (chl-a) on 

volume-weighted hypolimnetic oxygen demand (VHOD) was most positive in lakes with long 

residence times. (c): The coefficient for the effect of VHOD on anoxic factor (AF) was most 

positive in lakes with deep mean depths. This relationship was robust to including all data (solid 

regression line) and excluding disproportionately influential points (i.e., Cook’s distance greater 

than 3× the mean, n = 12 lakes; shown as a dashed line). Linear regressions are presented as 

solid lines.   
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Supporting Information for Chapter III 

Appendix S1: Stratification 

 

Contents 

This document describes the depth-cutoff used for stratification (Text S1.1; Figure S1.1) 

and the methods by which the stratified period was calculated at each lake (Text S1.2; Figure 

S1.2). 

 

Text S1.1: Effects of variation in depth cutoff 

The proposed ABA cycle includes distinct epilimnetic and hypolimnetic processes. 

Consequently, we removed n = 158 lakes that are < 6.4 m deep from further analysis (of an 

initial 822 lakes; Lewis et al. 2023), as these lakes are less likely to experience stable seasonal 

stratification (Kirillin & Shatwell, 2016). To test the effect of variation in this depth threshold, 

we re-ran our mixed model results with a 3 m, rather than 6.4 m, depth cutoff. While the total 

number of lakes and lake-years increased with the 3 m threshold, results did not differ 

substantially from those identified using the 6.4 m threshold (Figure S1, compared to Figure 4 in 

the main manuscript). 
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Figure S1.1: Mixed-model results using a 3 m depth cutoff did not differ substantially from those 

using a 6.4 m depth cutoff, as presented in Figure 4 of the main manuscript.  

 

Text S1.2: Multiple summer time-periods of analysis 

Stratified period 

To calculate epilimnetic and hypolimnetic boundaries during the entire summer stratified 

period, we identified the date of the last non-stratified profile in the before August 1 (northern 

hemisphere) or February 1 (southern hemisphere) and the first non-stratified profile after this 

date (Figure S2). Non-stratified profiles were identified as those with a water-column density 
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range of < 0.1 kg m-3 m-1 (Wilson et al., 2020). We then filtered the dataset to only include 

profiles collected between these two dates. The median Julian day of year for the latest non-

stratified profile in spring was 110 (northern hemisphere), while the median day of year for the 

earliest non-stratified profile in fall was 291 (northern hemisphere; Figure S2). For consistency 

across lakes, we also removed any remaining profiles that were before March 1 (northern 

hemisphere) or September 1 (southern hemisphere) and after November 30 (northern 

hemisphere) or May 31 (southern hemisphere) from the “stratified period” calculations (Figure 

S2).  

 

Late summer 

To calculate epilimnetic and hypolimnetic boundaries during the late-summer period, we 

filtered all data to July 15 through August 31 in the northern hemisphere and January 15–

February 28 in the southern hemisphere, following Jane et al. (2021). These dates were before 

the onset of fall mixing in the majority of lake-years (Figure S2). While the timing of fall mixing 

differed across years and lakes (Figure S2), using a standardized window of time to describe the 

late-summer period allowed us to account for variation in sampling timing across lakes and years 

(Jane et al., 2021). We identified and removed non-stratified profiles and removed lakes from 

further analysis if over 10% of the profiles during this interval were non-stratified (density range 

of < 0.1 kg m-3 m-1; n = 25). 



 

 

144 

 

Figure S1.2: Across all lake-years, the latest non-stratified profile before the middle of summer 

tended to be in mid-April, while the earliest non-stratified profile tended to be in mid-October 

(Southern hemisphere dates are offset by 6 months). Density curves represent the distribution of 

dates across all lake-years. Solid lines indicate the date range considered as potentially part of the 

stratified period, which was then further constrained by sampling data from each lake-year. 

Dashed lines mark the median for each distribution. Grey shading indicates the period considered 

for late-summer analysis, which was before the end of stratification for most lakes.  
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Appendix S2: Dataset description 

 

Contents 

This document provides four supplemental figures characterizing the temporal (Figure 

S2.1) and spatial (Figures S2.2 and S2.3) extent of the multi-lake database, as well as the 

climatological variability across lakes and seasons (Figure S2.4). 

 

 

Figure S2.1: Total data availability extended from 1938–2022, with greatest coverage from ca. 

1990–2020.  
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Figure S2.2: Detailed map of lake sites located in the United States of America that are used in 

this analysis. Points represent individual lakes. Map lines delineate study areas and do not 

necessarily depict accepted national boundaries. 



 

 

148 

 

Figure S2.3: Detailed map of European lake sites used in this analysis. Points represent 

individual lakes. Map lines delineate study areas and do not necessarily depict accepted national 

boundaries. 
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Figure S2.4: Mean monthly air temperature across study lakes. Here, lakes are separated into 

climate zones by latitude, where “cold” lakes are those between 60° – 90° absolute latitude, 

temperate lakes are those between 40° – 60° absolute latitude, and subtropical lakes are those 

between 23.5° – 40° absolute latitude.  
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Appendix S3: Depth Variation 

 

Contents 

This document provides text and one figure describing how temperature and oxygen profiles 

were filtered to remove profiles with outlying maximum depths. 

 

Text S1 

The deepest depth sampled for temperature and oxygen sometimes differed substantially 

among sampling dates within a lake. The reasons for this variability are manifold, including 

changes in lake water level or measurement protocol and errors in the dataset. Motivated by our 

focus on inter-annual patterns rather than extreme events, we implemented a standardized 

screening protocol to remove incomplete or abnormal temperature and oxygen profiles. First, we 

filtered out sampling days when only surface measurements were taken by removing profiles 

where the maximum sampling depth was under 2 m deep. We then removed profiles for which 

the maximum sampling depth was at least 30% above or below the reported maximum depth of 

the lake (i.e., deepest profile depth very shallow relative to maximum depth, or much greater 

than reported maximum depth). Lastly, for each lake, we identified and removed outlier 

temperature/oxygen profiles using the interquartile range outlier identification method (i.e., 

Tukey’s boxplot). Following this cleaning procedure, the mean percentage of the water column 

sampled across lakes was 90.3% (Figure S3.1). 
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Figure S3.1: Our standardized filtering procedure successfully reduced variation in maximum 

sampling depths, both across (a, b) and within (c, d) lakes. Here each data point represents a 

given lake, with the reported maximum depth of the lake on the x-axis.  
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Appendix S4: Volume-weighted hypolimnetic oxygen demand 

 

Contents 

This document provides supplementary information describing methods used to calculate 

volume-weighted hypolimnetic oxygen demand (VHOD; Text S4.1 and S4.2) and temperature-

corrected VHOD (VHODstd 10ºC; Text S4.3).  

 

Text S4.1: Bathymetry modeling 

Calculating VHOD requires an estimation of the bathymetric contours of the lake 

(Quinlan et al., 2005). Our dataset included measured hypsometry (area and depth intervals; e.g., 

using acoustic doppler current profiler data) for a small subset of lakes (n = 18). For these lakes, 

we interpolated from the measured bathymetric contours to 1 m intervals using a cubic spline 

function (Forsythe et al., 1977). Volume of each interval was calculated assuming a cylinder of 1 

m height and surface area equal to the average of lake area above and below this interval. For all 

other lakes, we modeled bathymetric contours using maximum depth, mean depth, and surface 

area following Håkanson (2005). Briefly, a “shape-factor” was calculated based upon the ratio of 

mean to maximum depth, and this shape factor was used to estimate lake area in 1 m intervals 

from the surface to the bottom of the lake. Volume of each interval was then calculated as above 

(Lewis et al., 2023).  
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Text S4.2: VHOD calculation 

We calculated VHOD for each lake-year in the dataset using interpolated dissolved 

oxygen (DO) profiles, hypolimnetic depths, and modeled bathymetry (Burns, 1995; Quinlan et 

al., 2005; Wetzel & Likens, 2000). 

First, we calculated volume-weighted hypolimnetic DO concentrations for each sampling 

date during the summer stratified period. DO profiles were filtered to hypolimnetic depths, and 

the concentration of DO in each 1 m interval was multiplied by the volume of that interval to get 

total DO mass. Total DO mass was then summed across all hypolimnetic depths for a given date 

and divided by total hypolimnetic volume to calculate a volume-weighted DO concentration for 

this date.  

Next, we restricted the data for each lake-year to the period of DO decline. If volume-

weighted hypolimnetic DO concentrations decreased below 1 mg/L in any profiles from a given 

lake-year, we identified the first occurrence of DO < 1 mg/L and only considered profiles before 

this date within that lake-year. For all other lake-years, we filtered out any profiles after the date 

of minimum volume-weighted DO concentration within the lake-year, as these profiles likely 

indicate intrusion of epilimnetic DO associated with weakening stratification, impeding the 

calculation of DO demand. 

For all lake-years with at least three DO depth-profiles remaining (n = 5385), we used 

linear regression to calculate the rate of decline in volume-weighted hypolimnetic DO 

concentrations within the summer, which we refer to as VHOD. To minimize the impact of 

confounding factors (e.g., DO measurement errors, uncertainty in hypolimnetic depth, physical 

mixing, or diffusion), we removed lake-years where time explained less than 50% of the 

variation in DO concentrations within the lake-year (R2 < 0.5; 4.6% of lake-years, n = 246). 
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Following this filtering process, no lakes had positive rates of change in volume-weighted 

hypolimnetic DO concentrations throughout the stratified period, and we were left with VHOD 

measurements from 5140 lake-years and 414 lakes.  

 

Text S4.3: Temperature-corrected VHOD 

As a supplemental analysis, we estimated the change in VHOD that would be expected 

based upon established relationships between respiration and temperature by calculating 

temperature-corrected VHOD rates (VHODstd 10ºC). We divided VHOD values for each lake-year 

by a correction factor based on the mean volume-weighted hypolimnetic temperature during the 

stratified period, following EQ1 (Pace & Prairie, 2005). 

𝐸𝑄1:     𝑉𝐻𝑂𝐷𝑠𝑡𝑑 10º𝐶  =  
𝑉𝐻𝑂𝐷

(𝐻𝑦𝑝𝑜. 𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒/10)0.65
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Appendix S5: Anoxic factor 

 

Contents 

This document describes the calculation of anoxic factor, with one text description (Text 

S5.1), one table (Table S5.1), and three figures (Figures S5.1–S5.3). 

 

Text S5.1: Anoxic factor calculation 

Anoxic factor (AF) describes the spatial and temporal extent of anoxia within a lake, and 

is calculated through the following equation (Nürnberg 1998): 

 

EQ1:  

𝐴𝐹 =  
𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑎𝑛𝑜𝑥𝑖𝑎 ∗  𝑎𝑛𝑜𝑥𝑖𝑐 𝑠𝑒𝑑𝑖𝑚𝑒𝑛𝑡 𝑎𝑟𝑒𝑎

𝐴0
 

where A0 is the total sediment area of the lake.  

 

The anoxic factor is typically calculated using distinct hypolimnetic layers to capture the 

dynamic spatial extent of anoxia throughout a summer stratified period. Here, we treated the 

entire hypolimnion as one layer. This approach corresponds with our treatment of total 

phosphorus and volume-weighted hypolimnetic oxygen demand (VHOD) throughout our 

analysis (e.g., Section 2.2.2 Epilimnetic and hypolimnetic concentrations of the main text). 

Comparison of AF calculated for the entire hypolimnion and for the hypolimnion divided in two 

layers showed close correspondence, though dividing the hypolimnion in two layers substantially 
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reduced the number of lake-years where we were able to estimate AF (n = 5489 vs. n = 3665 

lake-years; see below in S1.3 Two Layers).  

 

S5.1.1 Duration of anoxia 

We used two approaches to estimate the first day within a lake-year that exhibited anoxia 

(hereafter, anoxic onset). First, for lake-years when we multiple dissolved oxygen (DO) profiles 

within one week at the transition from oxic to anoxic conditions (defined as <1.8 mg/L; see 

Figure 4 in the main text), we interpolated between these profiles to determine the date of anoxic 

onset. Second, if we did not have multiple DO profiles within one week of anoxic onset but were 

able to calculate volume-weighted hypolimnetic oxygen demand (VHOD) for a given lake-year 

(see Section 2.2.3 Volume-weighted hypolimnetic oxygen demand in the main text), we then 

modeled the onset of anoxia as the date when volume-weighted DO was predicted to fall below 

our 1.8 mg/L threshold given the slope and intercept of the decline in hypolimnetic DO. For 

lake-years when we were able to calculate anoxic onset in both ways (i.e., interpolation between 

two profiles and using VHOD), these approaches were in very close agreement (R2 = 0.97; 

Figure S5.1), and we preferentially used the profile-based measurements when available. 

 



 

 

159 

 

Figure S5.1: Correspondence between anoxic onset (given as day of year on both axes) identified 

using two methods: interpolation between two DO profiles (x-axis) and modeled using VHOD 

(y-axis). 

 

We similarly used two approaches to estimate the end of anoxia (i.e., the first day of fall 

turnover). First, we identified all lake-years when we had water temperature profiles within one 

week surrounding turnover, and estimated the end of anoxia as being halfway between these 

profiles. For the remaining lake-years, we adapted the model from Nürnberg (1988, 2019) to 

predict the end of anoxia (i.e., end of stratification) based on hypolimnetic temperatures, mean 

lake depth, and latitude (EQ2). Because the duration of summer stratification is increasing in 

many lakes due to changing climate (Jane et al. 2023), we re-fit the model from Nürnberg (1988) 

using our data (n = 33 lakes; n = 66 lake-years) and using “year” as an additional factor in the 

regression. This produced a similar model output to that from Nürnberg (1988), with an 
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additional, positive effect of analysis year, as expected (EQ3, Table S5.1). Both the modified and 

unmodified Nürnberg (1988) models explained a substantial portion of the variation in our 

estimated stratification end dates (Figure S5.2), though the modified model had greater 

explanatory power (modified R2 = 0.72, unmodified R2  = 0.55) and thus was included in 

subsequent analyses in our study.  

 

EQ2 (Nürnberg, 1988):  

𝑙𝑜𝑔(𝑠𝑡𝑟𝑎𝑡𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝑒𝑛𝑑 𝑑𝑎𝑡𝑒)  =  2.62 − 0.116 ∗  𝑙𝑜𝑔(ℎ𝑦𝑝𝑜. 𝑡𝑒𝑚𝑝)  

              + 0.042 ∗  𝑙𝑜𝑔(𝑚𝑒𝑎𝑛 𝑑𝑒𝑝𝑡ℎ. )   

              − 0.002 ∗  𝑙𝑎𝑡𝑖𝑡𝑢𝑑𝑒   

 

EQ3 (modified using our dataset): 

𝑙𝑜𝑔(𝑠𝑡𝑟𝑎𝑡𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝑒𝑛𝑑 𝑑𝑎𝑡𝑒)  =  1.56 − 0.131 ∗  𝑙𝑜𝑔(ℎ𝑦𝑝𝑜. 𝑡𝑒𝑚𝑝)  

         + 0.007 ∗  𝑙𝑜𝑔(𝑚𝑒𝑎𝑛 𝑑𝑒𝑝𝑡ℎ. )   

         − 0.002 ∗  𝑙𝑎𝑡𝑖𝑡𝑢𝑑𝑒   

         + 0.0006 ∗  𝑦𝑒𝑎𝑟   
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Table S5.1: Linear model results for the model formulation adapted from Nürnberg (1988). 

Coefficient Estimate SE T p 

Intercept 1.562 0.298 5.24 < 0.001 

Hypo. temp -0.131 0.011 -11.33 < 0.001 

Mean depth 0.007 0.010 0.74 0.46 

Latitude -0.002 0.0003 -5.23 < 0.001 

Year 0.0006 0.0002 3.65 < 0.001 

 

 

Figure S5.2: Comparison of two methods of estimating the last day of anoxia within a lake-year 

(given as day of year in both axes). Modifying the model from Nürnberg (1988; left) improved 

model fit (right). We note that the performance of both models is comparable to that of the 

original Nürnberg (1988) paper, where R2 = 0.67.  
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S5.1.2 Sediment area 

We calculated anoxic sediment area as the sediment area that corresponds to the 

thermocline depth for a given year (to correspond with our use of hypolimnetic average DO), 

using modeled bathymetry (Appendix S4). 

 

S5.1.3 Split hypolimnion 

To assess the magnitude of uncertainty that results from the treatment of the hypolimnion 

as one unified layer, we re-ran the calculation of AF using two distinct hypolimnetic layers in 

each lake. We split the hypolimnion into two layers of equal depth and calculated anoxic onset in 

each layer following the methods above (S1.1 Duration of anoxia). We used the same anoxic end 

date for both layers, and we calculated the area of the shallower layer as the surface area of the 

top of this layer minus the surface area of the bottom layer. If data were available to successfully 

estimate anoxic duration for both layers, we then calculated AF as the sum of AF in each 

individual layer (Nürnberg 1998).  

Ultimately, the use of two hypolimnetic layers did not alter our AF calculations (Figure 

S5.3), though calculating AF with two hypolimnetic layers substantially reduced data availability 

from 5489 to 3665 lake-years. Consequently, to include as many lakes as possible in our study, 

we focused on the one-layer analysis for the manuscript. 
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Figure S5.3: Correlation between anoxic factor values calculated using one and two 

hypolimnetic layers. Points represent individual lake-years. 
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Appendix S6: Oxygen breakpoints 

 

Contents 

This document provides: 

1. Text description of the breakpoint analysis results for hypolimnetic dissolved oxygen 

(DO) and total phosphorus (TP; Text S6.1) 

2. The driver analysis results for hypolimnetic dissolved oxygen (DO) concentrations in 

lakes that did not experience anoxia throughout the time series of data used in this study 

(hereafter oxic lakes; Text S6.2) 

3. A supporting figure (Figure S6.1) and table (Table S6.1) 

 

Text S6.1 

As an operational definition of hypolimnetic anoxia, we calculated the breakpoint in the 

mixed model regression between hypolimnetic DO and hypolimnetic TP. Of the proposed 

explanatory variables for hypolimnetic TP (Table S6.1), the explanatory variables selected using 

AICc included hypolimnetic DO, epilimnetic TP, and winter precipitation. We ran a segmented 

regression using this model formulation, and the segmented regression identified a breakpoint of 

1.8 mg/L DO.  

 

Text S6.2 

Of the proposed explanatory variables for hypolimnetic DO (Table S6.1), the selected 

explanatory variables included spring air temperature, oxygen demand, oxygen measurement 

date. Both across-lake mixed model analyses and within-lake regressions indicated that oxygen 
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demand generally had a positive effect on late-summer hypolimnetic oxygen concentrations in 

oxic lakes (Figure S6.1). For the mixed model analysis, standard deviation of the random effect 

for lake ID was 0.82 and standard deviation of the residuals was 0.61.  

 

Table S6.1: Proposed explanatory variables for late-summer hypolimnetic DO. 

Response  

variable 

Proposed explanatory  

variables 
Time period Motivation for inclusion 

Late-summer 

hypolimnetic TP 
Hypolimnetic DO Late summer ABA feedback 

 Epi. TP Stratified Diffusion/sinking 

 
Maximum buoyancy 

frequency 
Stratified Diffusion 

 Hypo. temp Late summer 
Temperature dependence of 

sediment flux 

 Spring precipitation   Catchment inputs/flushing 

 Summer precipitation   Catchment inputs/flushing 

 Winter precipitation   Catchment inputs/flushing 

 
Mean TP measurement 

date 
Late summer Modeling control 

Late-summer 

hypolimnetic DO 
Oxygen demand Stratified ABA feedback 

 
Spring average air 

temp. 
 Stratification onset 

 
Summer average air 

temp. 
 Saturation 

 
Winter average air 

temp. 
 Ice dynamics 

 Hypo. temperature Late summer Saturation 

 
Mean DO measurement 

date 
Late summer Modeling control 
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Figure S6.1: Oxygen demand tended to have a positive effect on late-summer hypolimnetic 

dissolved oxygen in oxic lakes. Here, y-axis labels indicate explanatory variables. Individual 

points represent regression coefficients from within one lake. Density distributions describe the 

distribution of parameter values across lakes, with colors delineating the quartiles of the 

distribution (purple: 0-25%, blue: 25-50%, green: 50-75%, and yellow: 75-100%). Black and 

white circles at the bottom of each distribution mark the parameter estimate from the mixed 

model analysis. The gray vertical line denotes a parameter estimate of zero.  
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Appendix S7: Lags, multicollinearity, and alternative model structures 

 

Contents 

This document provides a supplemental table about alternative model structures (Table 

S7.1), a supplemental table describing multicollinearity of model results (Table S7.2), and five 

supporting figures to illustrate the relevant lags of each relationship in the hypothesized ABA 

feedback (Figures S7.1–S7.5).
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Table S7.1: Alternative models within 2 units AICc. 

Response 

variable Model selected AICc Other potential models (within 2 units AICc) AICc 

Anoxic factor 

 

Oxygen demand 

+ Spring average temp.  

+ Autumn average temp. 

+ Hypo. temperature 

4754 

 

None  

Late-summer hypo. TP Anoxic factor 

+ Epi. TP 

+ Winter precipitation 

870 Anoxic factor 

+ Epi. TP 

870 

Stratified epi. TP Hypo TP 

+ Hypo. TP (t-1) 

+ Epi. TP (t-1) 

+ Spring precipitation 

+ Summer precipitation 

+ Mean TP measurement date 

1131 Hypo TP 

+ Hypo. TP (t-1) 

+ Epi. TP (t-1) 

+ Spring precipitation 

+ Mean TP measurement date 

1129 

   Hypo TP 

+ Hypo. TP (t-1) 

+ Epi. TP (t-1) 

+ Mean TP measurement date 

1130 

Stratified epi. chl-a Epi. TP 

+ Spring average air temp. 

979 None  

Oxygen demand Epi. chl-a 

+ Epi. chl-a (t-1) 

+ Hypolimnetic temp. 

+ Hypo. surface area to volume ratio 

1668 Epi. chl-a (t-1) 

+ Hypolimnetic temp. 

+ Hypo. surface area to volume ratio 

1666 
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Table S7.2: Multicollinearity of explanatory variables from mixed model regression results, where VIF is the variance inflation factor. 

Response variable Explanatory variable VIF 

Anoxic factor 

 

Oxygen demand 

Spring average temp.  

Autumn average temp. 

Hypo. temperature 

1.01 

1.11  

1.01 

1.12  

Late-summer hypo. TP Anoxic factor 

Epi. TP 

Winter precipitation 

1.01 

1.01 

1.00 

Stratified epi. TP Hypo TP 

Hypo. TP (t-1) 

Epi. TP (t-1) 

Spring precipitation 

Summer precipitation 

Mean TP measurement date 

2.73 

3.09 

1.75 

1.03 

1.01 

1.04 

Stratified epi. chl-a Epi. TP 

Spring average air temp. 

1.00 

1.00 

Oxygen demand Epi. chl-a 

Epi. chl-a (t-1) 

Hypolimnetic temp. 

Hypo. surface area to volume ratio 

1.27 

1.25 

1.10 

1.04 
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Figure S7.1: Hypolimnetic TP (hypo. TP) tended to be positively correlated with the 

current year’s anoxic factor (AF). Here, each data point indicates the spearman's 

correlation between hypo. TP and AF at the specified lag within a given lake. 

Correlations are calculated on an annual time step over the entire time series at the lake. 

Boxplot color indicates whether the mean correlation across all lakes is significantly 

different than 0 (wilcox test; p < 0.05), and the number of lakes included at each lag is 

indicated above the boxplot.  
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Figure S7.2: Epilimnetic total phosphorus (epi. TP) tended to be positively correlated 

with the current and previous years’ (t and t-1) hypolimnetic total phosphorus (hypo. TP). 

Here, each data point indicates the spearman's correlation between epi. TP and hypo. TP 

at the specified lag within a given lake. Correlations are calculated on an annual time step 

over the entire time series at the lake. Boxplot color indicates whether the mean 

correlation across all lakes is significantly different than 0 (wilcox test; p < 0.05), and the 

number of lakes included at each lag is indicated above the boxplot.  
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Figure S7.3: Epilimnetic chlorophyll-a (chl-a) tended to be positively correlated with the 

current year’s epilimnetic total phosphorus (TP). Here, each data point indicates the 

spearman's correlation between chl-a and TP at the specified lag within a given lake. 

Correlations are calculated on an annual time step over the entire time series at the lake. 

Boxplot color indicates whether the mean correlation across all lakes is significantly 

different than 0 (wilcox test; p < 0.05), and the number of lakes included at each lag is 

indicated above the boxplot.  
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Figure S7.4: Volume-weighted hypolimnetic oxygen demand (VHOD) tended to be 

positively correlated with the current and previous years’ (t and t-1) epilimnetic 

chlorophyll-a (chl-a). Here, each data point indicates the spearman's correlation between 

VHOD and chl-a at the specified lag within a given lake. Correlations are calculated on 

an annual time step over the entire time series at the lake. Boxplot color indicates whether 

the mean correlation across all lakes is significantly different than 0 (wilcox test; p < 

0.05), and the number of lakes included at each lag is indicated above the boxplot.  
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Figure S7.5: Anoxic factor (AF) tended to be positively correlated with the current and 

second lag (t and t-2) volume-weighted hypolimnetic oxygen demand (VHOD). Here, 

each data point indicates the spearman's correlation between AF and VHOD at the 

specified lag within a given lake. Correlations are calculated on an annual time step over 

the entire time series at the lake. Boxplot color indicates whether the mean correlation 

across all lakes is significantly different than 0 (wilcox test; p < 0.05), and the number of 

lakes included at each lag is indicated above the boxplot.  
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Appendix S8: Air temperature analysis 

 

Contents 

This document provides text description of the air temperature analysis methods 

(Text S8.1) and results (Text S8.2), including two figures (Figures S8.1, S8.2) and one 

table (Table S8.1). 

 

Text S8.1: Methods 

To analyze how variation in monthly air temperatures influences hypolimnetic 

dissolved oxygen (DO) concentrations, we calculated for each lake the partial Spearman 

correlation between monthly air temperature and four variables—hypolimnetic 

temperature, volume-weighted hypolimnetic oxygen demand (VHOD), hypolimnetic DO, 

and anoxic factor (AF)—while accounting for measurement year. These correlations 

were calculated for each lake with at least 10 years of paired data for monthly air 

temperature and the target variable of interest. Year of analysis was included in these 

partial correlation analyses to address independent and confounding temporal trends that 

influence air temperature and target variables. We calculated whether the mean of the 

resulting distribution of correlations was significantly different from zero using Wilcox 

tests with α = 0.001, and we conducted analysis of variance (ANOVA) tests with Tukey 

post hoc tests when applicable to determine whether the distribution of correlations was 

significantly different between months. 

To summarize climate effects on hypolimnetic DO, we calculated spring air 

temperature and hypolimnetic DO anomalies (value minus the lake-wise mean over the 
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entire time series) for every lake-year in the dataset. We grouped air temperature 

anomalies into three approximately equal bins, then plotted the percentage of lake years 

in each bin that had DO anomalies < -0.2 mg/L, between -0.2 and 0.2 mg/L, and > 0.2 

mg/L. Through this analysis, we aimed to assess the magnitude of the effect that 

increasing air temperatures can have in driving interannual variability of DO.  

 

Text S8.2: Results 

 Across all lakes, spring air temperatures tended to be positively correlated 

with mean hypolimnetic temperature and VHOD, and negatively correlated with late-

summer hypolimnetic DO (Figure S8.1). One-way ANOVA tests indicated significant 

differences in the distribution of correlations between months of air temperature data for 

all four variables (Table S8.1). Tukey post-hoc tests identified the northern hemisphere’s 

March and April, and the southern hemisphere’s September and October air temperatures 

as the months that were most strongly correlated with all three variables.  

Analyzing across 477 lakes with available data, spring air temperature anomalies 

tended to be negatively correlated with hypolimnetic DO anomalies (Figure S8.2). Warm 

spring air temperatures (positive anomalies) were twice as likely to result in low 

hypolimnetic DO (negative anomalies) rather than high hypolimnetic DO (positive 

anomalies; Figure S8.2). 
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Figure S8.1: Across all lakes, spring air temperatures tended to be positively correlated 

with hypolimnetic temperatures (a), positively correlated with volume-weighted 

hypolimnetic oxygen demand (VHOD; b), negatively correlated with late-summer 

hypolimnetic dissolved oxygen (DO) concentrations (c), and positively correlated with 
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Anoxic Factor (AF; d). Here, each data point indicates the partial spearman's correlation 

between monthly air temperature and the specified variable (hypolimnetic temperature, 

VHOD, DO, or AF) while accounting for measurement year. Correlations are calculated 

on an annual time step over the entire time series at a given lake (number of lakes given 

in y axis title). Boxplot color indicates whether the distribution of correlations across all 

lakes is significantly different than zero (Wilcox test; p < 0.001). Letters above each 

boxplot delineate months with significantly distinct distributions (Tukey post hoc tests; p 

< 0.05). X-axis text indicates the air temperature month in either the Northern (N) or 

Southern (S) Hemisphere.  

 

Table S8.1: ANOVA results describing differences in the across-lake distribution of 

correlations between monthly air temperature data and three focal variables. Tukey post 

hoc test results are presented in Figure S1. 

Variable n (lakes) df F p 

Hypolimnetic 

temperature 

(stratified 

period) 

473 11 102.9 <0.001 

Oxygen demand 194 11 8.358 <0.001 

Late-summer 

DO 

286 11 16.14 <0.001 

Anoxic factor 168 11 10.56 <0.001 
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Figure S8.2: Using data available for 436 lakes, lake-years with positive spring air 

temperature anomalies were more likely to have negative hypolimnetic dissolved oxygen 

(DO) anomalies. Here, spring air temperatures are the mean air temperature combined 

across March and April (northern hemisphere) or September and October (southern 

hemisphere). Anomalies are calculated across all years at a given lake. The number of 

lake-years in each air temperature bracket is indicated at the top of the bar.  
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Appendix S9: First year of anoxia 

 

Contents 

This document provides one figure describing oxygen concentrations before and 

after the first year of anoxia (Figure S9.1). 

 

 

  



 

182 

 

 

Figure S9.1: Oxygen concentrations tended to be lower in the year following the onset of 

anoxia (1.8 mg/L) than in the year prior to the first occurrence of anoxia. Here each point 

represents one lake. Only lakes with data for consecutive years of DO > 1.8 mg/L, DO < 

1.8 mg/L, and the following year are presented (n = 48 lakes). All differences between 

groups are significant with p < 0.01 (two-way ANOVA based on oxygen status and lake 

ID; Tukey post hoc test). 
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Appendix S10: Temperature-corrected oxygen demand 

 

Contents 

This document provides text description of the driver analysis results for volume-

weighted hypolimnetic oxygen demand standardized to 10ºC (Text S10.1), along with a 

supporting figure (Figure S10.1) and table (Table S10.1).  

 

Text S10.1 

Of the proposed explanatory variables for VHODstd 10ºC (Table S10.1), three 

model formulations were statistically similar:  

1. Epi. chl-a (t-1): AICc = 2671 

2. Epi. chl-a (t-1) + epi. chl-a: AICc = 2671 

3. Epi. chl-a (t-1) + epi. chl-a + maximum buoyancy frequency: AICc = 2672 

We used the third model for the analyses below, though we note that all model 

formulations indicated a positive effect of epi. chl-a on VHODstd 10ºC. Using this model, 

both across-lake mixed model analyses and within-lake regressions indicated that chl-a 

had a positive effect on VHOD (Figure S10.1). For the mixed model analysis, standard 

deviation of the random effect for lake ID was 0.68 and standard deviation of the 

residuals was 0.67.  

  



 

184 

 

Table S10.1: Proposed explanatory variables for VHODstd 10ºC 

Response  

variable 

Proposed explanatory  

variables 
Time period Motivation for inclusion 

VHODstd 10ºC Epi. chl-a Stratified ABA cycle 

Epi. chl-a (t-1) Stratified ABA cycle 

Hypolimnetic temp. Stratified Temperature-dependence 

of respiration 

Hypo. DOC Stratified Organic matter for water-

column mineralization 

Maximum buoyancy 

frequency 

Late summer Diffusion 
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Figure S10.1: Chlorophyll-a tended to have a positive effect on VHODstd 10º. Here, y-axis 

labels indicate explanatory variables. Individual points represent regression coefficients 

from within one lake. Density distributions describe the distribution of parameter values 

across lakes, with colors delineating the quartiles of the distribution (purple: 0-25%, blue: 

25-50%, green: 50-75%, and yellow: 75-100%). Black and white circles at the bottom of 

each distribution mark the parameter estimate from the mixed model analysis. The gray 

vertical line denotes a parameter estimate of zero.  
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Appendix S11: Epilimnetic total phosphorus 

 

Contents 

This document provides two figures to describe the relationship between TP 

concentrations and chlorophyll-a in greater detail (Figures S11.1, S11.2). 

 

 

Figure S11.1: Lakes with high mean epilimnetic total phosphorus (epi. TP) tended to also 

have high variability (standard deviation; SD) in epi. TP concentrations. Here, each point 

represents one lake. 

 



 

187 

 

 

Figure S11.2: Lakes with low mean epilimnetic total phosphorus (TP) concentrations 

tended to have molar total nitrogen (TN) to total phosphorus (TP) ratios indicative of P 

limitation, though these lakes also showed the smallest effect of epilimnetic (epi.) TP on 

chlorophyll-a (chl-a). Molar ratios indicative of TN and TP limitation are drawn from 

Elser et al. (2009), following Lewis et al. (2020).  

 

  



 

188 

 

References 

Elser, J. J., M. E. S. Bracken, E. E. Cleland, and others. 2007. Global analysis of nitrogen 

and phosphorus limitation of primary producers in freshwater, marine and 

terrestrial ecosystems. Ecology Letters 10: 1135–1142. doi:10.1111/j.1461-

0248.2007.01113.x 

Lewis, A. S. L., B. S. Kim, H. L. Edwards, and others. 2020. Prevalence of 

phytoplankton limitation by both nitrogen and phosphorus related to nutrient 

stoichiometry, land use, and primary producer biomass across the northeastern 

United States. Inland Waters 1–9. doi:10.1080/20442041.2019.1664233 

 

 

 

 

 



 

189 

 

Chapter IV: Effects of hypoxia on coupled carbon and iron cycling differ between 

weekly and multiannual timescales in two freshwater reservoirs 

 

 

Abigail S. L. Lewis1, Madeline E. Schreiber2, B. R. Niederlehner1, Arpita Das1, Nicholas 

W. Hammond2, Mary E. Lofton1, Heather L. Wander1, Cayelan C. Carey1 

 

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

2 Department of Geosciences, Virginia Tech, Blacksburg, Virginia, USA 

 

Published in Journal of Geophysical Research: Biogeosciences with the citation: 

Lewis, A. S. L., Schreiber, M. E., Niederlehner, B. R., Das, A., Hammond, N. W., 

Lofton, M. E., et al. (2023). Effects of hypoxia on coupled carbon and iron 

cycling differ between weekly and multiannual timescales in two freshwater 

reservoirs. Journal of Geophysical Research: Biogeosciences, 128, 

e2022JG007071. https://doi.org/10.1029/2022JG007071 

 

This article is published in Journal of Geophysical Research: Biogeosciences as Open 

Access with a CC BY-NC copyright held by The Authors, giving the authors permission 

to republish in this dissertation.



 

190 

 

Key Points 

• A substantial fraction of sediment organic carbon (~30%) was bound to iron in 

two freshwater reservoirs 

• Short-term (2–3 week) periods of hypoxia decreased iron-bound organic carbon 

and total organic carbon in reservoir sediments 

• Multiannual periods of hypoxia increased total organic carbon in sediment, likely 

through decreased rates of respiration 

 

Abstract 

Freshwater lakes and reservoirs play a disproportionate role in the global organic 

carbon (OC) budget, as active sites for carbon processing and burial. Associations 

between OC and iron (Fe) are hypothesized to contribute substantially to the stabilization 

of OC in sediment, but the magnitude of freshwater Fe-OC complexation remains 

unresolved. Moreover, global declines in bottom-water oxygen concentrations have the 

potential to alter OC and Fe cycles in multiple ways, and the net effects of low-oxygen 

(hypoxic) conditions on OC and Fe are poorly characterized. Here, we measured the pool 

of Fe-bound OC (Fe-OC) in surficial sediments from two eutrophic reservoirs, and we 

paired whole-ecosystem experiments with sediment incubations to determine the effects 

of hypoxia on OC and Fe cycling over multiple timescales. Our experiments 

demonstrated that short (2–4 week) periods of hypoxia can increase aqueous Fe and OC 

concentrations while decreasing OC and Fe-OC in surficial sediment by 30%. However, 

exposure to seasonal hypoxia over multiple years was associated with a 57% increase in 

sediment OC and no change in sediment Fe-OC. These results suggest that the large 
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sediment Fe-OC pool (~30% of sediment OC in both reservoirs) contains both oxygen-

sensitive and oxygen-insensitive fractions, and over multiannual timescales OC 

respiration rates may play a more important role in in determining the effect of hypoxia 

on sediment OC than Fe-OC dissociation. Consequently, we anticipate that global 

declines in oxygen concentrations will alter OC and Fe cycling, with the direction and 

magnitude of effects dependent upon the duration of hypoxia. 

 

Plain Language Summary 

Freshwater lakes and reservoirs (hereafter: lakes) play a remarkably important 

role in the global carbon cycle, as important sites for both carbon sequestration and 

greenhouse gas emissions. The extent to which lakes sequester carbon vs. release 

greenhouse gases depends upon many factors, including associations between carbon and 

iron that can help to preserve carbon in sediment. However, global declines in freshwater 

oxygen concentrations have the potential to affect these chemical complexes. Here, we 

added oxygen to the bottom waters of a lake to test how changes in oxygen concentration 

affect carbon and iron cycling. We found that over short timescales (weeks), low oxygen 

conditions decreased the amount of carbon in sediment by breaking apart associations 

between iron and carbon that help retain carbon in sediment. However, over long 

timescales (years), low oxygen conditions appeared to increase carbon burial by 

decreasing the rate at which carbon inputs were decomposed. These results suggest that 

declining oxygen concentrations in lakes around the world may have important effects on 

global carbon cycling, with the direction and magnitude of the impact depending on the 

duration of low oxygen conditions. 
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1. Introduction 

Freshwater lakes and reservoirs are increasingly recognized as hotspots in the 

global carbon cycle (Bastviken et al., 2011; Battin et al., 2009; Carey, Hanson, et al., 

2022; Raymond et al., 2013; Tranvik et al., 2018). Due to high organic carbon (OC) 

loading from the surrounding watershed, lakes and reservoirs likely bury more OC than 

coastal sediments each year (Dean & Gorham, 1998; Knoll et al., 2013; Mendonça et al., 

2017; Pacheco et al., 2014; USGCRP 2018). Much of this OC remains sequestered in the 

sediments, especially in reservoirs, which may bury organic carbon at over six times 

higher rates than natural lakes (per unit area; Mendonça et al. 2017). However, OC inputs 

can also be respired to carbon dioxide and methane, making lakes and reservoirs a source 

of greenhouse gas emissions equivalent to 20% of the global emissions from fossil fuels 

(Deemer et al., 2016; DelSontro et al., 2018). The balance between carbon burial and 

emission in freshwater systems is controlled by numerous factors, notably including 

associations between OC and iron (Fe). To refine global carbon budgets and manage 

water resources in a changing world, it is critically important to quantify the role of Fe in 

OC cycling in lakes and reservoirs against the backdrop of rapidly-changing 

environmental conditions.  

Recent research suggests that associations between OC and iron (Fe) may play a 

critical role in OC sequestration, though the importance of Fe in freshwater OC dynamics 

is currently unresolved. Fe can promote OC stability through multiple mechanisms, 

including occlusion of OC in aggregates, which can result in physical inaccessibility to 

microbial degradation and subsequent burial of OC in deeper soil or sediment horizons 

(Kleber et al., 2015 and references therein). Consequently, protection of OC through 
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complexation with Fe may facilitate OC sequestration over decades to millennia (Kleber 

et al., 2015; Lalonde et al., 2012 and references therein). To date, most research on OC-

Fe cycling has focused on terrestrial and marine environments, where it has been shown 

that Fe-OC complexation can serve as an important mechanism for stabilizing OC, the 

so-called “rusty carbon sink” (e.g., Barber et al. 2017; Hemingway et al., 2019; Kramer 

& Chadwick, 2018; Lalonde et al., 2012). In contrast to terrestrial and marine 

ecosystems, only a few studies have explicitly examined Fe-OC in freshwater lakes and 

reservoirs. Peter and Sobek (2018) analyzed Fe-OC in surficial sediment from five boreal 

lakes that spanned a gradient of oxygen conditions and found that less than 11% of 

sediment OC was bound to Fe, in comparison with ~20% across a range of primarily 

marine sediments (Lalonde et al., 2012). Furthermore, Peter and Sobek (2018) found no 

association between Fe-OC content in sediment and oxygen in overlying water when 

comparing across lakes. However, it should be noted that the lakes in that study were 

particularly high in dissolved OC (DOC) concentrations (9–42 mg/L DOC) and may not 

be representative of all freshwater ecosystems. Bai et al. (2021) studied Fe-OC along a 

salinity gradient in a subtropical tidal wetland and similarly found that freshwater areas 

had lower levels of sediment Fe-OC (18% of sediment OC in freshwater and 29% in 

saltwater), but these results were attributed primarily to wetland plant characteristics, 

which may not be relevant in the bottom waters of lakes and reservoirs. Differences in 

sediment Fe-OC between freshwater and saltwater environments may be expected based 

on water column characteristics, as increasing ionic strength can increase aggregation and 

flocculation of Fe, with differential effects depending on the quantity and quality of 

organic matter (Heerah and Reader, 2022; Beauvois et al. 2021; Herzog et al. 2020).  
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Despite limited research on Fe-OC in freshwater sediments, there are multiple 

reasons to expect that Fe may play an important role in OC sequestration in some 

freshwater ecosystems. Concentrations of Fe and DOC are strongly correlated in many 

freshwaters (Björnerås et al., 2017; von Wachenfeldt et al., 2008; Weyhenmeyer et al., 

2014), and aqueous Fe concentrations are correlated with sediment OC accumulation in 

boreal lakes (Einola et al., 2011). Moreover, it is well-documented that DOC can be 

released from lake sediments under low-oxygen conditions, and this sediment flux is 

often attributed to reductive dissolution of Fe(III) (Brothers et al., 2014; Yang et al. 2014; 

Kim & Kim, 2020; Lau & del Giorgio, 2020; Peter et al., 2017). Still, few studies have 

examined whether reactions involving Fe-OC complexes are the driving force for 

observed correlations between dissolved Fe and OC (but see Peter et al. 2018). 

Furthermore, it remains unknown how the Fe-OC cycling occurring on sub-annual time 

scales may affect OC sequestration on the multi-annual timescales relevant for global 

carbon budgets. 

Over short timescales (days to weeks), Fe-bound OC (Fe-OC) complexes are 

sensitive to the redox conditions of the surrounding environment (Figure 1). Fe-OC 

complexes form under oxic conditions (Riedel et al., 2013), as Fe(III) is more effective at 

complexing with organic matter than Fe(II) (Nierop et al., 2002). Under hypoxic 

conditions (low oxygen, defined here as < 2 mg/L following, e.g., Yang et al. 2014), OC 

can be released from Fe-OC complexes through Fe(III) reduction and dissolution (e.g., 

Pan et al., 2016; Patzner et al., 2020; Skoog & Arias-Esquivel, 2009), which can either 

result directly from hypoxia or from redox-driven increases in pH that promote OC 

release (Kirk, 2004; Thompson et al., 2006). Given these conflicting patterns—i.e., that 



 

195 

 

Fe-OC complexes can be preserved over decades to millennia and yet may be unstable 

under the reducing conditions which commonly occur on day to month timescales in 

aquatic sediments—it remains unclear how changing oxygen dynamics will affect 

coupled OC and Fe cycling in freshwater ecosystems.  

Currently, the duration of bottom-water hypoxia is increasing in many lakes and 

reservoirs around the world (Bartosiewicz et al., 2019; Jane et al., 2021; Jenny et al., 

2016; Williamson et al., 2015), which could have varying consequences for OC 

sequestration (Figure 1). In many dimictic lakes and reservoirs, bottom-water hypoxia is 

interrupted by oxic conditions during spring mixing and fall turnover, resulting in 

dynamic oxygen conditions on the week to month scale. Combined, these short-term 

patterns sum to determine the net role of lakes and reservoirs in the global carbon cycle 

over multiannual timescales. Periods of hypoxia have the potential to decrease OC 

sequestration through reductive dissolution of Fe(III) in Fe-OC complexes (Chen et al., 

2020; Huang et al., 2021; Patzner et al., 2020). However, hypoxia also has the potential 

to increase OC sequestration by decreasing the rate of OC respiration (Carey et al., 2018; 

Carey, Hanson, et al., 2022; Hargrave, 1969; Peter et al., 2017; Sobek et al., 2009; 

Walker & Snodgrass, 1986), particularly if Fe-OC complexes are resistant to, or 

protected from, changes in oxygen concentrations in overlying water. Decreased OC 

respiration rates under hypoxic conditions is thought to occur primarily because 

respiration is less thermodynamically favorable in the absence of oxygen (e.g., Arndt et 

al., 2013; LaRowe & Van Cappellen, 2011). Because reductive dissolution of Fe(III) in 

Fe-OC complexes and decreased OC respiration under hypoxic conditions would have 

divergent effects on total OC sequestration, understanding the relative importance of 
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these two processes across multiple timescales is critical for predicting the effect of 

hypoxia on OC sequestration in the bottom waters of lakes and reservoirs (Figure 1). 

Analyzing the complex effects of oxygen on coupled OC and Fe cycling requires 

multiple experimental approaches. Field surveys have been effective at identifying 

correlations between OC and Fe (Björnerås et al., 2017; von Wachenfeldt et al., 2008; 

Weyhenmeyer et al., 2014). However, these observational approaches have limited 

capacity for identifying causal relationships. Whole-ecosystem experiments may be 

highly effective at identifying real-world impacts of freshwater oxygen on Fe and OC 

dynamics, while allowing for important ecosystem-scale processes such as turbulence 

and external loading (Carpenter, 1996; Dzialowski et al., 2014; Schindler, 1998). 

However, high levels of variability on a whole-ecosystem scale may limit the detection of 

subtle changes in OC and Fe processing. Small-scale incubations may be particularly 

useful for identifying changes that result from hypoxia (i.e., increased DOC and Fe 

release from sediment, decreased levels of Fe-OC, changes in sediment OC). However, 

small-scale incubations are limited by fouling and changes in microbial communities, 

among other microcosm effects, and do not reflect the full suite of processes that interact 

to control OC and Fe cycling in lakes and reservoirs. Consequently, integrating multiple 

approaches can provide complementary information on Fe-OC dynamics across spatial 

and temporal scales and overcome the limitations of single-approach studies.  

To analyze how hypoxia impacts OC and Fe cycling over multiple scales, this 

study paired whole-ecosystem oxygen manipulations with laboratory incubations. We 

had two objectives: (1) characterize Fe-OC (operationally defined as dithionite-

extractable OC) levels in sediment of two iron-rich reservoirs, and (2) analyze how 
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hypoxia affects coupled OC and Fe cycling over both short-term (2–4 week) and 

multiannual timescales. Through this work, we aimed to provide insight on how 

increasing prevalence and duration of hypoxia in lakes and reservoirs may affect the 

critical role of these ecosystems in the global carbon cycle. 

 

2. Methods 

2.1 Study Sites: Falling Creek and Beaverdam Reservoirs 

Falling Creek Reservoir (FCR; 37.30ºN, 79.84ºW) and Beaverdam Reservoir 

(BVR; 37.31ºN, 79.81ºW) are small (FCR: 0.12 km2, 9.3 m deep; BVR: 0.39 km2, 11 m 

deep), eutrophic drinking water reservoirs located in southwestern Virginia, USA 

(Hounshell et al., 2021; Figure 2). Both reservoirs are located in deciduous forested 

catchments, and both are dimictic, with summer stratified periods that typically last from 

May to October. BVR is located 3 km upstream of FCR and serves as the primary inflow 

source for FCR. Fe levels are high in surface water and groundwater from this region as a 

result of weathering and erosion of Fe-rich metamorphic rocks (53,466 mg/kg dry weight 

in sediment; Krueger et al., 2020; Chapman et al., 2013; Woodward, 1932). The bedrock 

underlying both reservoirs is layered pyroxene granulite (Virginia Division of Mineral 

Resources, 2003), and the primary soil series in the reservoir catchments is Edneytown 

Loam (Soil Survey Staff). The Köppen-Geiger climate designation of this region is Cfa: 

humid subtropical climate (Kottek et al. 2006). Both reservoirs have been owned and 

operated for drinking water provision by the Western Virginia Water Authority (WVWA) 

since their construction (FCR: 1898, BVR: 1872; Gerling et al., 2016; Hamre et al., 

2018). 



 

198 

 

A suite of variables are routinely sampled in FCR and BVR as part of a long-term 

monitoring program; all data analyzed in this manuscript are available in the 

Environmental Data Initiative (EDI) repository with detailed metadata (Carey, Lewis, 

McClure, et al., 2022; Carey, Wander, Howard, et al., 2022; Carey, Wander, McClure, et 

al., 2022; Lewis et al., 2022; Lewis, Schreiber, et al., 2022; Schreiber et al., 2022). 

 

2.2 Whole-ecosystem oxygenation experiments 

In 2012, FCR was equipped with a side-stream supersaturation hypolimnetic 

oxygenation (HOx) system to improve water quality in the reservoir (Gerling et al., 

2014). This type of HOx system functions by withdrawing water from the bottom of the 

reservoir, adding concentrated, pressurized oxygen gas (95% purity) to supersaturate the 

water with dissolved oxygen (DO), and then returning the oxygenated water at the same 

depth and temperature. Previous work in FCR has shown that the HOx system effectively 

increases DO concentrations throughout the hypolimnion without altering temperature or 

decreasing thermal stability (see Gerling et al., 2014). From 2013–2019, the HOx system 

in FCR was operated at variable rates, maintaining an oxygenated hypolimnion for at 

least part of the summer (Carey, Thomas, et al., 2022). Conversely, oxygenation was 

reduced in 2020 and 2021, resulting in median hypolimnetic DO concentrations < 1 mg/L 

throughout the summer stratified period. To assess the effects of multiannual changes in 

oxygen availability on OC and Fe-OC in sediment, we compared sediment core and 

sedimentation trap data from summer 2019 (which had a history of high-oxygen 

conditions during the preceding six years) to summer 2021 (which followed a summer of 
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hypoxic conditions in 2020; Figure S1). Sediment data were not collected in 2020 due to 

the Covid-19 pandemic.  

To assess how short-term changes in hypolimnetic DO concentrations impact Fe-

OC on a whole-ecosystem scale, we operated the HOx in FCR on a variable schedule 

throughout the summer of 2019 (Carey, Thomas, et al., 2022). Oxygen was added in 

approximately two-week intervals at a rate of 25 kg O2 day-1 to the whole hypolimnion. 

Between oxygenation periods, we allowed the hypolimnion to become hypoxic over 

periods of at least two weeks without oxygenation. Because hypolimnetic volume varied 

throughout the summer (generally decreasing throughout the summer as the thermocline 

deepened), the mean concentration of oxygen added to the whole hypolimnion 

throughout an oxygenation period in 2019 ranged from 0.80 mg L-1 day-1 to 0.90 mg L-1 

day-1.  

BVR does not have a HOx system and experiences seasonal hypoxia from May 

through November (Hounshell et al., 2021). Consequently, BVR serves as a reference 

ecosystem to analyze the effects of oxygenation in FCR.  

 

2.2.1 Oxygen 

We monitored DO concentrations throughout the full water column 

approximately two times per week in FCR and one time per week in BVR (Carey, Lewis, 

McClure, et al., 2022). High-resolution (~1 cm) depth profiles were taken using a 

conductivity, temperature, and depth profiler (CTD; Sea-Bird, Bellevue, Washington, 

USA) equipped with a DO sensor (SBE 43; Carey, Lewis, McClure, et al., 2022) from the 

reservoir’s surface to the sediments. We also measured dissolved oxygen using a YSI 
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ProODO DO probe when the CTD was not available due to maintenance (YSI Inc. 

Yellow Springs, Ohio, USA; Carey, Wander, McClure, et al., 2022). YSI measurements 

were taken at discrete 1 m depth intervals. For a comparison of YSI and CTD 

measurements, see Carey et al. (2022). 

 

2.2.2 Hypolimnetic Fe and DOC 

We collected water samples for DOC and Fe analysis at the deepest site in each 

reservoir with a 4-L Van Dorn sampler (Wildlife Supply Company, Yulee, FL, USA). 

Samples were collected once per week at seven depths in FCR (0.1, 1.6, 3.8, 5.0, 6.2, 8.0, 

and 9.0 m), which corresponded to the reservoir’s extraction depths, and five depths in 

BVR (0.1, 3.0, 6.0, 9.0, and 11.0 m). In 2019, we conducted a limited amount of 

additional sampling in FCR on a second day each week, and these measurements 

included DOC from 0.1, 1.6, 5.0, and 9.0 m depths.  

We analyzed DOC by filtering water samples through a 0.7-µm glass fiber filter 

into an acid-washed bottle, which was rinsed with the filtered water three times before 

sample collection. The filtered samples were frozen for less than six months before 

analysis on an OC analyzer (Elementar Vario TOC cube, following APHA standard 

method 5310B; American Public Health Association, 2018b).  

We collected both total and dissolved (filtered through 0.45-µm filters) samples 

for Fe. Samples were preserved in the field using trace metal grade nitric acid and 

analyzed using ICP-MS (Thermo Electron X-Series, Waltham, MA, USA) following 

APHA Standard Method 3125-B (American Public Health Association, 2018a; Krueger 

et al., 2020; Munger et al., 2019; Schreiber et al., 2022).  
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2.2.3 Fe-OC in sediments 

We analyzed the concentration of Fe-OC in surficial sediments from both FCR 

and BVR on multiple dates throughout the summer stratified periods of 2019 and 2021. 

In 2019, sediment cores in FCR were collected immediately before the HOx system was 

turned on or off, resulting in the most oxic or hypoxic conditions during that SSS 

activation or deactivation interval, respectively. Sediment cores at BVR were taken once 

in the middle of summer and once approximately two weeks before fall turnover in 2019. 

In 2021, sediment core samples were taken from both reservoirs on the same dates, 

approximately once per month. Additional sediment core samples were collected in 

March 2021, when both reservoirs were unstratified and had oxic hypolimnia.  

On each sampling date, we collected four replicate hypolimnetic sediment cores 

using a K-B gravity sediment corer (Wildlife Supply Company, Yulee, FL, USA). Cores 

were collected in the deepest part of each reservoir, approximately 20 m from where 

water samples were taken. In 2019, each core was capped and kept on ice while 

transported back to the lab, where the top 1 centimeter of sediment from each core was 

immediately extruded, collected, and frozen in scintillation vials for future analysis. In 

2021, cores were extruded in the field, and the samples were kept on ice while being 

transported back to the lab. 

 

2.2.4 Sediment traps 

To determine the amount of Fe-OC and total OC in samples of material settling 

from the water column (i.e., not estimate deposition rates), we deployed 19-L buckets 
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approximately 1 m above the sediments at the deepest point of each reservoir (8 m at 

FCR and 10 m at BVR). These sediment traps were deployed from June–December 2021 

and sampled every two weeks by slowly bringing the bucket to the surface, decanting and 

discarding water from the bucket, collecting up to 5 L of the remaining water and 

particulate matter, and transporting this material back to the lab on ice. Upon arriving at 

the lab, we allowed the particulates to settle for approximately 5 minutes before 

decanting and discarding as much water as possible and filling four 50-mL centrifuge 

tubes with the remaining material. The samples were centrifuged for 10 minutes at 3100 

rpm, then combined into one vial and frozen for later analysis. No sediment traps were 

deployed for Fe-OC analysis in 2019.  

 

2.3 Microcosm incubations 

To isolate the effects of oxygen from other interacting factors that affect Fe and 

OC on a whole-ecosystem scale, we conducted six-week microcosm incubations using 

hypolimnetic sediment and water from FCR. Incubations were conducted in 177-mL 

glass jars with two-piece gasket-sealed lids (Verones brand; Figure S2), after extensive 

pilot testing revealed that these jars were highly effective at maintaining hypoxic 

conditions when sealed (DO concentrations < 0.5 mg/L in this experiment) and oxic 

conditions when uncapped. We started the experiment with 102 microcosms split evenly 

into oxic (uncapped) and hypoxic (capped) treatments. After two weeks (similar to the 

2019 whole-ecosystem HOx manipulation), we switched the treatment of approximately 

half of the remaining microcosms, generating two additional oxygen regimes: hypoxic-



 

203 

 

to-oxic and oxic-to-hypoxic. Starting on week two, there were consequently a total of 

four oxygen regimes: hypoxic, oxic, hypoxic-to-oxic, and oxic-to-hypoxic.  

To set up the experiment, we collected sediment and water from the deepest site 

in FCR on 30 June 2021, when the hypolimnetic DO concentrations were < 0.5 mg/L. 

Water was collected from 9 m depth using a Van Dorn sampler, and sediment was 

collected from the same location using an Ekman sampler. Samples were transported on 

ice back to the lab, then homogenized by stirring and shaking. We used a syringe to add 

the sediment slurry (20 mL) to each jar, then slowly added 150 mL of hypolimnetic 

water, making an effort to minimize sediment disturbance. We stored the microcosms in 

an unlit incubation chamber at 15 ºC for the duration of the experiment, which 

corresponded to warm, end-of-summer conditions in the hypolimnion of FCR (Carey, 

Lewis, McClure, et al., 2022). 

 

2.3.1 Microcosm sampling 

Microcosms were sampled destructively for DO, total and dissolved Fe, total and 

dissolved OC, pH, sediment OC, and sediment Fe-OC. For the continuous oxic and 

hypoxic treatments, we sampled 3–6 replicates two times per week for four weeks (6 

replicates: days 2, 6, 9, 13; 3 replicates: days 16, 20, 23). We added additional sampling 

for the hypoxic-to-oxic and oxic-to-hypoxic treatments: these treatments were sampled 

for the first three days after switching the oxygen regime (days 14, 15, 16), twice the 

following week (days 20, 23), and one more time a total of four weeks from when 

treatments were switched (day 34), with three replicates analyzed per sampling event. All 

microcosms under a hypoxic treatment were sampled in an anaerobic chamber which 
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maintained mean ambient oxygen conditions <200 ppm (Coy Laboratory, Grass Lake, 

MI, USA) to reduce oxygen exposure during sampling. 

To begin sampling a microcosm, DO was measured using a YSI DO probe. While 

measuring DO, we used the probe to gently swirl the water in the microcosm, 

homogenizing the water sample while minimizing sediment disturbance. Next, we used 

an acid-washed syringe to withdraw 30 mL of water for total OC (TOC), 13 mL for total 

Fe, 30 mL of water for DOC, and 13 mL for dissolved Fe analyses. DOC samples were 

filtered through a 0.7-µm glass fiber filter, and dissolved Fe samples were filtered 

through 0.45-µm filters. After taking samples for Fe and DOC, we withdrew as much 

water as possible without disturbing the sediment and measured pH from this sample in a 

separate container using an Ohaus Starter 300 pH probe (Parsippany, NJ, USA). Finally, 

we swirled the sediment with remaining water (approximately 1–5 mL) and poured this 

mixture into a 20 mL glass EPA vial, which we then froze for Fe-OC analysis. Hypoxic 

microcosms were stored in the anaerobic chamber for approximately two hours before 

analysis to ensure oxygen concentrations in the chamber were sufficiently low before 

opening the jars. Oxic microcosms were sampled immediately after removal from the 

incubator.  

All microcosm samples were analyzed following standard methods. We stored 

TOC and DOC samples in bottles that had been acid-washed and rinsed three times with 

the sample water. All DOC and TOC samples were frozen for <6 months prior to analysis 

on an OC analyzer (Elementar Vario TOC cube, following Standard Method 5310B; 

American Public Health Association, 2018b) Fe samples were preserved using trace 

metal grade nitric acid and analyzed using the ferrozine method (Gibbs, 1979). We also 
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analyzed Fe samples from days 16 and 23 using inductively coupled plasma mass 

spectrometry (ICP-MS). All microcosm data are published with complete metadata in the 

Environmental Data Initiative repository (Lewis et al., 2022). 

 

2.4 Fe-OC analysis 

We analyzed the amount of Fe-OC in both the whole-ecosystem and microcosm 

sediment samples using the citrate bicarbonate dithionite (CBD) method (Figure S3). 

This method was first described for marine systems by Lalonde et al. (2012) and has 

since been adapted for freshwater lakes by Peter and Sobek (2018). It is important to note 

that our measurement of Fe-OC as the percentage of OC that is extractable using the 

CBD method is an operational definition (Fisher et al., 2021). CBD extractions have 

documented inefficiencies when extracting crystalline hematite (Thompson et al. 2019; 

Adhikiri & Yang, 2015) and carboxyl-rich compounds (Fisher et al. 2020). While Fe is 

the primary reducible metal that associates with OC, other metals, including aluminum 

(Al) and calcium (Ca), may also release OC during CBD extractions. However, previous 

work in soils found that CBD-extracted aluminum was approximately an order of 

magnitude lower than CBD-extracted Fe, and therefore quantitatively much less 

important (Sondheim and Standish, 1983). Moreover, we found that Fe was present in 

much (≥ 5 times) higher quantities than Al and Ca in water samples across all of our 

sediment incubation treatments (Lewis et al., 2022), further justifying our use of the 

operational term Fe-OC. We used the CBD method to enable comparisons both between 

oxygen treatments and with other published work that used the same general approach 

(e.g., Lalonde et al., 2012; Peter & Sobek, 2018). 
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Following the CBD method, each sediment sample was freeze-dried and divided 

into three treatments: initial, reduction, and control (Figure S3). “Initial” samples 

received no treatment and were used to measure the OC content of the sediment. 

“Reduction” samples were treated with a metal-complexing agent (trisodium citrate) and 

reducing agent (sodium dithionite) in a buffered solution (sodium bicarbonate) to 

measure how much Fe and OC were released as a result of Fe reduction. Control samples 

were used to account for the release of OC in the reduction treatment that resulted from 

processes other than Fe reduction. They were treated with the same buffer (sodium 

bicarbonate) and sodium chloride in the same ionic strength as the trisodium citrate and 

sodium dithionite of the reduction treatment.  

For both the control and reduction treatments, we measured 100 mg of 

homogenized, freeze-dried sediment into 15-mL polypropylene centrifuge tubes (Falcon 

Blue, Corning Inc., Corning, NY, USA). We then added 6 mL of either control or 

reduction buffer solution (0.11 M sodium bicarbonate) to each tube. The reduction buffer 

contained 0.27 M trisodium citrate, while the control buffer contained 1.6 M sodium 

chloride. After heating samples to 80ºC in an oven, 0.1 g sodium dithionite was added to 

the reduction samples and 0.088 g sodium chloride was added to control samples. 

Samples were kept at 80ºC for an additional 15 min, then centrifuged for 10 min at 3100 

RPM. The supernatant was discarded. This extraction process was repeated two more 

times for both treatments, resuspending the sediment pellet each time by vortexing with 

buffer solution (Peter and Sobek, 2018).  

Following the extraction step, samples were rinsed three times using OC- and Fe-

free artificial lake water. Artificial lake water was prepared by diluting Artificial Hard 
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Water from Marking and Dawson (1973) to 12.5% with Type I reagent grade water. We 

added 3 mL of artificial lake water to each tube and resuspended the sediment pellet 

using a vortex. Samples were then centrifuged for 10 min at 3100 RPM, and the 

supernatant was discarded. 

After extraction and rinsing, all sediment samples (including those in the initial 

treatment) were dried and acid-fumigated for 48 hours to remove remaining citrate and 

bicarbonate (Harris et al., 2001). Samples were then run on a CN analyzer (Elementar 

VarioMax, Ronkonkoma, NY, USA) to determine the amount of OC per unit mass of 

sediment. In these calculations, we adjusted sediment mass to account for Fe loss during 

control and reduction treatments (Lewis et al., 2022; Lewis, Schreiber et al., 2022; Peter 

and Sobek, 2018; Text S1). The amount of OC removed with Fe reduction (CBD-

extractable OC) was calculated as the difference between the OC content of the control 

and reduction samples and expressed as a percentage of the initial OC content of the 

sediment.   

 

2.5 Data analysis 

All analyses were performed in R (version 4.0.3; R core team 2020) using 

packages tidyverse (Wickham et al., 2019), lubridate (Grolemund & Wickham, 2011), 

ggpubr (Kassambara, 2020), egg (Auguie, 2019), rstatix (Kassambara, 2021), akima 

(Akima et al., 2022), colorRamps (Keitt, 2022), rLakeAnalyzer (Winslow et al., 2019), 

and tseries (Trapletti et al., 2022). All novel analysis code is archived as a Zenodo 

repository (Lewis, 2022). 
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2.5.1 Sediment Fe-OC characterization 

We calculated summary statistics to describe iron-bound organic carbon and total 

organic carbon in surficial sediment (2019 and 2021) and settling particulate material 

(2021 only) across both reservoirs. We then pooled data from both reservoirs to analyze 

the difference between settling material and surficial sediments using Welch’s t-tests. 

Because data were unavailable for settling material in 2019, the comparison of settling 

material to surficial sediment was limited to 2021 data only. 

 

2.5.2 Whole-ecosystem experiments: short-term responses 

We used Welch’s t-tests to assess whether sediment properties differed between 

the two-week periods of HOx activation compared to HOx deactivation during summer 

2019 in FCR. Sediment time series did not exhibit significant temporal autocorrelation, 

justifying this approach (Lewis, Schreiber, et al., 2022).  

To qualitatively assess whether oxygenation experiments led to differences in 

water column chemistry, we overlayed plots of DOC and Fe from the deepest sampling 

depth in each reservoir with dissolved oxygen at the same depths throughout the summer 

stratified period of 2019. 

 

2.5.3 Whole-ecosystem experiments: interannual differences 

We assessed whether there were significant differences in sediment properties 

among the four reservoir-years—BVR in 2019 (hypoxic), BVR in 2021 (hypoxic), FCR 

in 2019 (oxic) and FCR in 2021 (hypoxic). First, we used Levene tests to assess 
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homogeneity of variance among reservoir-years (Table S1). While Fe-OC (both per unit 

sediment and as a percentage of sediment OC) met the ANOVA assumption of 

homogeneous variance, total sediment OC did not. Consequently, we used one-way 

ANOVAs and Tukey post hoc tests for Fe-OC metrics but used Welch one-way 

ANOVAs and Games-Howell post-hoc tests, both of which account for unequal 

variances, for sediment OC (Tables S2 and S3). 

 

2.5.4 Microcosm incubations 

We used one-way ANOVAs and Tukey post-hoc tests to assess whether sediment 

properties differed between microcosm treatments, after testing for homogeneity of 

variance using Levene tests (Table S4). For this analysis, we used data from days 20 and 

23 (pooled together because replicates were sampled destructively), as these were the 

final days when data were available for all treatments.  

Equilibrium speciation-solubility calculations were conducted for day 23 of the 

microcosm experiments using the Spece8 module of Geochemists’ Workbench (GWB; 

Aquatic Solutions LLC, Champaign, IL, USA) and the wateq4f thermodynamic database 

(Ball & Nordstrom, 1991). The goal of the calculations was to assess the predicted 

speciation of Fe in the presence of OC under the environmental conditions of each 

microcosm treatment (following Oyewumi & Schreiber, 2017). Environmental conditions 

considered in this analysis included pH, DO, temperature, DOC, major cations (Ca, Na, 

K), Fe, and major anions (Cl, SO4; bicarbonate was not measured so we calculated 

bicarbonate concentrations via charge balance). Data for major cations and anions were 

drawn from ICP-MS analyses (described in 2.3.1 Microcosm sampling). We assumed that 
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DOC consisted primarily of humic acids (operationally defined within the wateq4f 

database) for the calculations. 

 

3. Results 

3.1 Fe-OC comprised a substantial portion of sediment OC and a smaller proportion of 

OC in settling particulate matter 

A substantial proportion of sediment OC was associated with Fe in both FCR and 

BVR. In FCR (averaged across 2019 and 2021), one gram of surficial sediment contained 

a mean of 481 µmol Fe-OC (±138, 1 SD), 31±8% of the total sediment OC pool (n=30). 

BVR had slightly lower Fe-OC than FCR on average, and one gram of surficial sediment 

contained a mean of 418±121 µmol Fe-OC, 24±7% of the total sediment OC pool (n=20). 

Total OC comprised 9±3% of sediment mass in FCR and 10±1% of sediment mass in 

BVR. 

Levels of Fe-OC, both as a fraction of sediment mass and as a fraction of total 

sediment OC, were significantly higher in sediment core samples than in settling material 

collected in hypolimnetic traps (Figure 3). In 2021, averaged across both reservoirs, one 

gram of the hypolimnetic surficial sediments contained a mean of 443±133 µmol of Fe-

OC (n=28), 69% higher than settling material collected in the traps, which contained a 

mean of 262±143 µmol Fe-OC (n=17; t32=-4.24, p<0.001; Figure 3a). A mean of 24±6% 

of the total sediment OC pool was bound to Fe in sediments (n=28), while only 9±4% of 

sediment OC was bound to Fe in settling material (n=17; t43=-10.44, p<0.001; Figure 3c). 

Total OC was 60% higher in settling material (µ=16.5±3.3) than in surficial sediments 

(µ=10.3±1.6; t20=7.33, p<0.001; Figure 3b).  
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3.2 Short-term hypoxia decreased sediment OC and Fe-OC on a whole-ecosystem scale 

Intermittent activation of the HOx in FCR in 2019 was associated with substantial 

changes in sediment characteristics. The amount of Fe-OC per g sediment was 30% lower 

during hypoxic (µ=394±173, n=9) compared to oxic (µ=560±70, n=7) periods in 2019 

(t11=-2.6, p=0.02; Figure 4b). Likewise, the total amount of OC (as a percentage of 

sediment mass) decreased by 30% during hypoxic (µ=6.0±1.55, n=11) compared to oxic 

periods (µ=8.5±0.8, n=7; t15=-4.6, p<0.001; Figure 4b). Fe-OC as a percentage of total 

sediment OC did not significantly change with variation in oxygen during these 

experiments (oxic: µ=36.7±3.8, n=7; hypoxic: µ=35.7±7.9, n=9; t12=-0.3, p=0.747; 

Figure 4c).  

In the hypolimnion of FCR, total Fe concentrations tended to increase as oxygen 

decreased and decrease as oxygen increased (Figure 5b). Consequently, Fe concentrations 

were generally lower in FCR compared to the unoxygenated reference reservoir (BVR) in 

2019. Trends in DOC were more variable, though DOC concentrations were typically 

highest when oxygen concentrations were low in FCR (Figure 5).  

 

3.3 Multiannual hypoxia was associated with increased sediment OC 

Activation of the oxygenation system increased summer hypolimnetic DO 

concentrations in FCR from 2014 through 2019, and lower oxygen addition rates allowed 

for primarily hypoxic conditions in 2020 and 2021 (Figure S1). BVR exhibited summer 

hypolimnetic hypoxia throughout the duration of the study (Figure S1). 
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In FCR, the amount of OC in surficial sediment increased by 57% as DO 

concentrations decreased from 2019 to 2021 (Figure 6b; Table S1, S2). Consequently, 

total OC was lower in FCR than BVR in 2019, but not in 2021 (Figure 6b; Table S1, S2). 

However, the amount of Fe-OC per gram of sediment did not change (Figure 6a; Table 

S1). As a result, the percentage of sediment OC that was bound to Fe decreased from 

2019 to 2021 in FCR (Figure 6c; Table S1, S3). None of these three sediment 

characteristics differed between 2019 and 2021 in BVR (Figure 6d–f; Table S1, S2, S3). 

 

3.4 Experimental microcosm incubations revealed rapid effects of hypoxia on Fe and 

OC   

Experimental microcosm incubations successfully established four distinct 

oxygen regimes. DO concentrations increased rapidly when hypoxic microcosms were 

unsealed and decreased rapidly when microcosms were sealed (Figure 7). At the 

transition from hypoxic-to-oxic conditions, DO concentrations increased to 

approximately the same level as the continuous oxygen treatment (~7 mg/L) within one 

day. At the transition from oxic-to-hypoxic conditions, DO concentrations decreased 

below 1 mg/L within one day and declined to 0 mg/L by the end of the experiment. 

Changes in oxygen conditions were associated with clear but asynchronous 

changes in aqueous OC and Fe. As microcosms switched from hypoxic-to-oxic 

conditions, TOC, DOC, and total Fe decreased near synchronously, while dissolved Fe 

decreased below detection within one day of oxygen exposure. At the transition from 

oxic-to-hypoxic conditions, DOC and TOC rapidly increased to the same level as 

microcosms that had experienced continuous hypoxia (~10 mg/L; Figure 7). However, 
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concentrations of both dissolved and total Fe only began to increase after three weeks of 

hypoxia (Figure 7). Measured DOC and TOC were strongly and linearly correlated, with 

DOC representing a mean of 96±14% of TOC (Figure S5); thus, we focus our discussion 

on DOC hereafter, but the same trends apply to TOC.  

At the end of the experiment, sediment OC differed significantly among 

treatments (one-way ANOVA: F3,20=9.09, p<0.001). Sediment OC was significantly 

higher in microcosms that started under oxic conditions (oxic: µ=4.6±0.3, oxic-to-

hypoxic: µ=4.5±0.3) than microcosms that started under hypoxic conditions (hypoxic: 

µ=4.0±0.0, hypoxic-to-oxic: µ=4.1±0.2; Figure 8). Fe-OC did not differ significantly 

between treatments as a proportion of sediment mass (F3,20=0.51, p=0.683) or as a 

proportion of sediment OC (F3,20=2.40, p=0.098). 

Speciation calculations (Table S5) based upon observed solution chemistry 

(Figure S6) suggest that oxygen conditions had primary control over Fe speciation, with a 

lesser impact on Fe-OC. The experiments that were maintained under hypoxic conditions 

had dominant Fe species of Fe(II), FeHCO3
+, FeCO3, and FeSO4 (all of these species 

contained Fe in its reduced state, Fe(II)). For all of the microcosms that were exposed to 

oxygen at any time (hypoxic-to-oxic, oxic-to-hypoxic, oxic), the dominant Fe species 

were Fe(OH)3, Fe(OH)2
+, Fe(OH)4

-, FeOH2
+ and FeHumate+ (all of these species 

contained Fe in the oxidized state, Fe(III)). pH remained circumneutral across all 

treatments (Figure S7). These results indicate that 1) exposure to oxic conditions at any 

time in the experiment shifted the dominant oxidation state to Fe(III); 2) under oxic 

conditions, and to a lesser extent, hypoxic conditions, Fe complexed with DOC. 
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4. Discussion 

Results from our whole-ecosystem manipulations suggest that oxygen affects 

coupled OC and Fe cycling differently over short-term (weekly) compared to long-term 

(multiannual) timescales (Figure 9). Short periods of hypoxia decreased total OC and Fe-

OC in surficial sediment and increased concentrations of DOC and Fe in overlying water, 

indicating that a portion of the sediment Fe-OC pool is sensitive to changes in oxygen. 

However, over longer timescales, low oxygen conditions in FCR from 2019–2021 were 

associated with a 57% increase in sediment OC, indicating that the effects of hypoxia on 

Fe-OC (i.e., dissociation of Fe-OC complexes) may be outweighed by decreases in 

respiration rates under hypoxic conditions. Microcosm incubations composed of slightly 

deeper sediment layers showed no significant change in sediment Fe-OC in response to 

hypoxia, suggesting that buried Fe-OC may be resistant to the effects of hypoxia. 

Notably, Fe-OC comprised nearly one-third of surficial sediment OC in both FCR and 

BVR—regardless of oxygen status—which is more than previously reported for 

freshwater lakes (Peter & Sobek, 2018). Below, we discuss short-term (section 4.1) and 

multiannual (section 4.2) results in the context of previous work, analyze net processing 

rates across the sediment-water interface (section 4.3), and discuss why Fe-OC levels 

may be higher in these reservoirs than other freshwater systems (section 4.4). 
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4.1 Short-term periods of hypoxia lead to release of Fe-protected OC and decrease total 

sediment OC 

Both whole-ecosystem and microcosm experiments suggest that short-term 

periods (i.e., weeks) of hypoxia can dramatically alter OC and Fe cycling. Whole-

ecosystem experiments revealed changes in hypolimnetic DOC and Fe, sediment OC, and 

sediment Fe-OC associated with water-column oxygenation (Figures 4, 5, 9), while 

microcosm incubations showed clear differences in aqueous Fe, and DOC and sediment 

OC among treatments (Figures 7, 8). The magnitude of these effects was substantial: on a 

whole-ecosystem scale, two weeks of hypoxic conditions decreased both sediment Fe-OC 

and total sediment OC by a mean of 30%. Declining Fe-OC and total OC in sediment, as 

well as concomitant increases in Fe and OC in overlying water, are consistent with the 

expectation that hypoxia causes reductive dissolution of Fe(III) in Fe-OC complexes, 

releasing soluble Fe and DOC on day to week scales (e.g., Carey et al., 2018; Pan et al., 

2016; Patzner et al., 2020; Peter et al., 2016; Skoog & Arias-Esquivel, 2009; Figures 1, 

9). 

Our results contribute to an accumulating body of evidence that short-term 

fluctuations in oxygen concentrations have important effects on OC storage in soils and 

sediment. Previous research has shown that recently-formed Fe-OC associations may be 

particularly prone to hypoxic release, and reduction of Fe(III) in Fe-OC compounds can 

increase OC respiration rates during hypoxic conditions (Chen et al., 2020). As a result of 

these and other processes, periodic fluctuations in oxygen conditions may sustain or 

stimulate respiration rates relative to both constant oxic and constant hypoxic conditions 
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(Bastviken et al., 2004; Huang et al., 2021). Furthermore, while OC released from Fe is 

likely to be aromatic and therefore potentially resistant to respiration (e.g., Riedel et al., 

2013), this OC is susceptible to photo-oxidation upon release as DOC to the water 

column. Here, we found substantial decreases in sediment OC and Fe-OC following two 

weeks of hypoxia, with restored OC and Fe-OC after two weeks of oxic conditions 

(Figure 4, S3), suggesting that at least a fraction of the sediment Fe-OC pool is sensitive 

to short-term changes in oxygen concentrations in overlying water on a whole-ecosystem 

scale.  

While sediment Fe-OC responded to oxygenation on a whole-ecosystem scale, 

Fe-OC did not vary significantly among oxygen treatments in experimental incubations, 

and observed changes in aqueous Fe and DOC in microcosms were asynchronous. These 

observations suggest that Fe may not be driving the observed oxygen-dependent changes 

in OC in microcosm sediments. We expect that this difference between microcosm and 

whole-ecosystem results may derive at least in part from the sediments we analyzed: 

whole-ecosystem samples were composed of the top 1 cm of sediment from sediment 

cores, while sediment for the experimental incubations was sampled using an Ekman 

grab sampler, and therefore included deeper layers of sediment. In soil, deeper horizons 

are thought to have more stable Fe-OC aggregates (Rumpel & Kögel-Knabner, 2011). 

Our results suggest that the same pattern may be true in sediments, resulting in burial of 

stable Fe-OC compounds in deeper sediments over time. 

Formation and dissociation of Fe-OC complexes are two of many ways in which 

Fe and OC are impacted by hypoxia; both Fe and OC can also respond independently to 

changes in DO concentrations. Fe is oxidized from Fe(II) (soluble) to Fe(III) minerals 
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(insoluble) both biotically and abiotically under oxic conditions (Kappler et al., 2021). 

Increased microbial biomass may be partially responsible for the increase in sediment OC 

under oxic conditions in experimental microcosms, as we observed the formation of 

orange (likely Fe-oxidizing) biofilms on top of the sediment layer in oxic microcosms 

(Figure S2). Fe reduction is also often associated with an increase in pH, which may 

increase the solubility of OC (Tavakkoli et al., 2015). However, pH did not differ 

consistently between microcosm treatments in this study and remained circumneutral on 

a whole-ecosystem scale (Figure S7 and S8). Likewise, other metals (e.g., aluminum, 

calcium, manganese) may release OC from sediment under hypoxic conditions, though 

the influence of these alternative metals on OC release is likely less quantitatively 

important than Fe (e.g., Wang et al. 2021). While these alternative mechanisms likely 

play a role in Fe and OC release, the decrease in Fe-OC and total OC following 

inactivation of the oxygenation system in FCR suggests that, at least for some surficial 

sediments, short (~2 week) periods of hypoxia can cause Fe-OC complexes to dissociate 

and decrease sediment OC burial on a whole-ecosystem scale. 

 

4.2 Over multiannual timescales, OC respiration rates play a greater role than Fe-OC 

in determining the net effect of hypoxia on sediment OC content 

Over multiannual timescales (2019–2021), exposure to seasonal hypoxia 

increased the amount of OC in sediments from FCR by 57% without changing the 

amount of Fe-OC (Figure 6). This clearly contrasts with short-term experimental results, 

which showed decreased OC content following short periods of hypoxia (section 4.3). 

While many factors could affect OC and Fe-OC over multiannual timescales, the fact that 
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no comparable effects were seen in the unoxygenated reference reservoir (BVR) suggests 

that these changes may be attributed to changes in DO concentrations in overlying water. 

Over two years of summer hypoxia, OC levels in sediment from FCR increased to the 

extent that they were no longer significantly different from the hypoxic reference 

reservoir (Figure 6), suggesting that legacy effects of oxygen conditions on total sediment 

OC may diminish after a two-year interval. 

Increases in sediment OC content with increased hypoxic duration are consistent 

with a reduction in sediment OC respiration rates under hypoxic conditions (Carey et al., 

2018; Hargrave, 1969; Walker & Snodgrass, 1986). OC respiration rates decrease under 

hypoxic conditions because OC must be broken down using alternative electron 

acceptors, which produce a lower energy yield (Bastviken et al., 2003, 2004). Previous 

work conducted in BVR found that CO2 was the dominant terminal electron acceptor in 

the hypolimnion during hypoxic summer conditions (producing CH4), and CO2 has one 

of the lowest energy yields of alternate electron acceptors (McClure et al., 2021). As less 

OC is respired in hypoxic hypolimnetic water and sediments, OC can consequently 

accumulate more quickly in surficial sediments. Our results suggest that over multiannual 

timescales, this process (decreased respiration under hypoxic conditions) outweighs the 

counteracting decrease in Fe protection of OC that we observed during short periods of 

hypoxia.  

Sediment Fe-OC content (per g sediment mass) did not significantly change after 

two years of hypoxic conditions in FCR (Figure 6), indicating that at least a fraction of 

these compounds are able to withstand fluctuations in environmental redox conditions. 

Long-term stability of Fe-OC complexes can be promoted by the formation of strong 
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chemical bonds between OC and mineral surfaces, and these bonds continue to form over 

time through the rearrangement of organic molecules (Kaiser et al., 2007). Likewise, 

associations between Fe and OC can help to maintain a pool of small (high surface area) 

Fe particles that are particularly likely to associate with OC, as associations with OC can 

inhibit the conversion of these particles into larger, more crystalline Fe forms (called 

Ostwald ripening; e.g., Hiemstra et al. 2019; Zhao et al. 2022). Decreased accessibility to 

microbial decomposition (e.g., through burial) may further increase the ability of Fe-OC 

compounds to persist over time (Kaiser & Guggenberger, 2003; Kleber et al., 2015). In 

FCR, the history of oxic conditions (2013–2019) may have contributed to the formation 

of particularly stable Fe-OC complexes in sediment, which were then able to withstand 

two summers of hypoxia.  

Importantly, much of the OC that accumulated under hypoxic conditions did not 

end up being bound to Fe. This result may be due to Fe oxidation state, as sorptive 

associations between DOC and Fe in sediment are much less likely to form if Fe is in a 

reduced state (Fe(II); Nierop et al., 2002). Changes in oxygen conditions are also likely to 

affect the composition of organic matter in sediments and in the water column (e.g., 

Riedel et al., 2013), potentially altering the capacity to associate with Fe. Because total 

OC increased following hypoxia and Fe-OC did not change, Fe-OC as a percentage of 

sediment OC was significantly lower after two years of hypoxia than before this hypoxic 

period. Declines in the percentage of OC that is bound to Fe may have important 

implications for ecosystem-scale carbon cycling, as OC that is associated with Fe is 

comparatively more protected from respiration (e.g., Chen et al., 2018, 2020; Hemingway 

et al., 2019; Kleber et al., 2005). Increased stocks of OC that are not associated with Fe 
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may increase rates of methane production and OC release from the sediment to the water 

column (e.g., Hounshell et al., 2021), and could increase aerobic respiration rates under 

subsequent oxic periods (e.g., Chen et al., 2020; Huang et al., 2021). 

 

4.3 Substantial OC and Fe cycling occurs at the sediment-water interface 

Notably, the OC content of the top 1 cm of sediment was significantly lower than 

that of settling particulate material in both FCR and BVR, and nearly three times as much 

of this OC was bound to Fe in sediments compared to settling material (Figure 3). These 

results imply a substantial level of OC and Fe processing at the sediment-water interface, 

and they reinforce previous research in suggesting that the sediment-water interface is a 

hotspot for biogeochemical cycling freshwater lakes and reservoirs (e.g., Dadi et al., 

2017; Hanson et al., 2015; Krueger et al., 2020).  

From a mass-balance perspective, the difference in Fe-OC between settling 

material and surficial sediments suggests that Fe-OC complexes are either formed or 

preferentially preserved (compared to OC that is not associated with Fe) in sediments. 

Preferential preservation of Fe-OC is well-supported, as complexation with Fe has been 

shown to decrease OC turnover rates across multiple ecosystems (Eusterhues et al., 2014; 

Kaiser & Guggenberger, 2003; Kalbitz et al., 2005; Kleber et al., 2005; Lalonde et al., 

2012; Mikutta & Kaiser, 2011). However, the difference in Fe-OC between settling 

material and surficial sediments likely also results in large part from Fe-OC associations 

formed in sediment (e.g., through adsorption of organic matter onto existing Fe minerals 

and Fe-OC complexes), as Fe(III) levels are much higher in sediments (e.g., Davison et 

al., 1991) and the composition of OC in sediments may be more preferable for 
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complexation with Fe. While we did not measure OC quality in this study, we anticipate 

that settling material may have higher autochthonous OC levels and be more rapidly 

respired, while sediment OC may be enriched in allochthonous aromatic OC, which 

preferentially associates with Fe (Kramer et al., 2012; Riedel et al., 2013; Shields et al., 

2016 ; Luo et al. 2022). Documenting changes in Fe-OC throughout the process of 

sediment diagenesis enhances our understanding of OC sequestration, as few if any 

previous studies have quantified the difference between Fe-OC inputs and stocks in 

aquatic sediments. 

 

4.4 High Fe-OC levels reflect site-specific characteristics 

On average, nearly one-third of surficial sediment OC was bound to Fe 

(dithionite-extractable) across two years in FCR and BVR (Figure 6). This percentage is 

far greater than that documented by Peter et al. (2018), where Fe-OC comprised ≤11% of 

total sediment OC across five boreal lakes. Furthermore, the levels of Fe-OC recorded 

here are higher than the mean of 21.5±8.6% reported for a broad range of marine 

sediments (Lalonde et al. 2012). With few other studies analyzing Fe-OC in freshwater 

lakes and reservoirs to date, our analysis provides new evidence that Fe-OC may play an 

important role in carbon sequestration in some freshwaters.  

Despite having higher Fe-OC levels (as a percentage of total sediment OC) than 

most aquatic sediments studied to date, other sediment characteristics in FCR and BVR 

are within the range of those measured in other locations. FCR and BVR have much 

lower sediment OC content than the boreal lakes analyzed by Peter and Sobek (2018; 14–

38% of sediment mass), but higher sediment OC than the primarily marine sediments 
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analyzed by Lalonde et al. (2012; 0–7% of sediment mass). Fe concentrations are high in 

sediment from FCR and BVR, with a mean of 53,466 mg/kg dry weight (Krueger et al., 

2020). However, Peter and Sobek (2018) observed low Fe-OC as a percentage of 

sediment OC (µ=6.7%) in one extremely high-Fe lake (Övre Skärsjön; 226,172 mg/kg 

reducible Fe in sediment). Likewise, pH in FCR and BVR is circumneutral (Figure S8), 

well within the range of 5.4–7.6 reported by Peter and Sobek (2018), and both Peter and 

Sobek (2018) and Lalonde et al. (2012) included a range of oxic and hypoxic sediments 

in their analyses.  

Differences in the percentage of organic matter that is bound to Fe may result 

from numerous site-specific factors. For example, increasing ratios of Fe:OC and 

increasing absolute concentrations of Fe and OC can all increase the amount of Fe-OC 

coprecipitation (Chen et al., 2016; Kleber et al., 2015 and references therein). Likewise, 

differing Fe forms, Fe-weathering rates, OC quality, and pH may also impact the 

formation and stability of Fe-OC complexes (Curti et al., 2021; Kaiser et al., 2007; Kaiser 

& Guggenberger, 2003; Kleber et al., 2015; Luo et al. 2022); these differences may 

derive from contrasting geology, catchment vegetation, and trophic status, among many 

other factors. Disentangling the multiple interacting factors that can influence Fe-OC 

dynamics across sites will require Fe-OC characterization at a greater number and 

diversity of lakes and reservoirs. Such research will be essential to understanding how 

freshwater OC sequestration may be affected by global changes in Fe concentrations 

(Weyhenmeyer et al., 2014), water temperatures (Dokulil et al., 2021; O’Reilly et al., 

2015), and pH (Garmo et al., 2014; Gavin et al., 2018; Stoddard et al., 1999), among 

other factors. 
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5. Conclusions 

Results from this study help reconcile previous Fe-OC research and shed light on 

how declining oxygen concentrations may impact the role of lakes and reservoirs in the 

global carbon cycle. Research across terrestrial soils and marine sediments has provided 

contradictory evidence that Fe-OC complexes are (1) readily dissociated under hypoxic 

conditions and (2) capable of promoting sediment OC burial into deeper (hypoxic) layers 

over the course of decades to millennia. Here, we find that the timescale of analysis plays 

a critical role in understanding the net effect of hypoxia on sediment OC and Fe-OC. 

Specifically, a portion of the Fe-OC pool in surficial sediment is highly responsive to 

hypoxia in overlying water on a weekly timescale, resulting in decreased sediment OC. 

However, over longer timescales, the decrease in OC that results from dissociation of Fe-

OC complexes is outweighed by the increase in sediment OC that results from slower 

respiration rates under hypoxia, and Fe-OC complexes buried in deeper sediment layers 

may be particularly resistant to hypoxic release. At both timescales, our results reinforce 

that Fe may serve as one of several important controls over OC cycling and sediment 

preservation of OC in freshwater ecosystems. As the duration of hypoxia increases in 

lakes and reservoirs, our results suggest that OC dynamics will respond non-linearly. 

While short periods of hypoxia may decrease OC burial, increasing prevalence and 

duration of hypoxia over multiannual timescales has the potential to increase OC burial in 

freshwater sediment, intensifying the role of freshwaters as sinks in the global carbon 

cycle.   
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Chapter IV Figures 

 

Figure 1: Conceptual diagram describing the hypothesized effects of changing oxygen 

conditions on coupled iron (Fe) and organic carbon (OC) interactions in a lake or 

reservoir. Under oxic conditions (top), complexation of Fe and OC (both through 

coprecipitation and adsorption) leads to increased concentrations of Fe-OC in sediments 

(increased Fe-OC protection), though oxic conditions may also lead to increased OC 

respiration rates. Under hypoxic conditions, reductive dissolution of Fe(III) in Fe-OC 
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complexes increases dissolved concentrations of Fe(II) and OC in the water column while 

decreasing the amount of Fe-OC in sediment (decreasing Fe-OC protection), though 

hypoxia may also decrease OC respiration rates. The net effect of these processes on OC 

sequestration remains unknown, motivating this study. This figure is a simplification of 

complex interactions happening on a whole-ecosystem scale, and focuses on 

hypothesized dominant processes operating on the timescale of days to years. 
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Figure 2: Falling Creek Reservoir (FCR; 37.30ºN, 79.84ºW) and Beaverdam Reservoir 

(BVR; 37.31ºN, 79.81ºW) are eutrophic drinking water reservoirs located in southwest 

Virginia, USA (data from Carey, Lewis, Howard et al. 2022, following Woelmer et al. 

2022). 
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Figure 3: Iron-bound organic carbon (Fe-OC; a), total sediment organic carbon (b), and 

Fe-OC as a percentage of sediment OC (c) all differed significantly between surficial 

sediment and settling particulate matter. Asterisks indicate statistical significance of the 

difference between surficial sediment and sediment traps: *** indicates p < 0.001 

(Welch’s ANOVA). Note that only 2021 data are presented because settling particulate 

material was not collected in 2019. 
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Figure 4: Iron-bound organic carbon (Fe-OC; a) and total organic carbon (b) in sediment 

were significantly higher under oxic compared to hypoxic conditions in Falling Creek 

Reservoir (FCR) during the summer stratified period of 2019. Fe-OC as a percentage of 

sediment OC did not differ significantly between hypoxic and oxic conditions. Here, oxic 

and hypoxic conditions are classified based upon mean oxygen levels during the two 

weeks preceding sampling (Figures 5, S4). Statistical significance of differences between 

oxic and hypoxic periods is indicated using asterisks: * indicates p < 0.05, *** indicates p 

< 0.001.  
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Figure 5: Increased dissolved oxygen concentrations (black lines) were associated with 

decreased dissolved organic carbon (brown lines; a) and total iron (Fe; slate blue lines; b) 

in the hypolimnia of Falling Creek Reservoir (FCR; left) and Beaverdam Reservoir 

(BVR; right) during the summer stratified period of 2019. All data presented are from the 

deepest sampling depth in each reservoir (9 m in FCR and 11 m in BVR). 
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Figure 6: Sediment organic carbon metrics differed significantly in association with 

oxygen on a multiannual scale. Metrics assessed include iron-bound organic carbon (Fe-

OC) (a), total sediment organic carbon (OC; b), and Fe-OC as a percentage of OC (c) in 

Falling Creek Reservoir (FCR) and Beaverdam Reservoir (BVR). Blue color indicates the 

reservoir-year with the highest mean oxygen (2019 in FCR) and letters delineate groups 

that are significantly different (p < 0.05; Table S1, S2, S3).  
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Figure 7: Varied oxygen regimes led to differences in water chemistry among 

experimental microcosm treatments. Metrics assessed include dissolved oxygen (DO), 

dissolved organic carbon (DOC), total iron (Fe), and dissolved Fe concentrations in 

microcosms that were sampled destructively over the course of 34 days. Vertical lines 

indicate when oxygen conditions were switched, creating the oxic-to-hypoxic and 

hypoxic-to-oxic treatments. 
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Figure 8: Experimental oxygen microcosm treatments altered some, but not all, sediment 

properties. Metrics assessed include moles of iron-bound organic carbon (Fe-OC) per unit 

sediment mass (a), total sediment organic carbon (b), and Fe-OC as a percentage of 

sediment OC (c). Letters delineate treatments that are significantly different (p < 0.05): 

no treatments were significantly different for Fe-OC metrics (a, c). Days 20 and 23 were 

chosen for statistical comparisons as the last days in the experiment when data were 

available from all treatments. 
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Figure 9: Experimental results suggest that the dominant process through which hypoxia 

affects sediment organic carbon differs between weekly and multiannual timescales. Left: 

in microcosm incubations, short-term (weeks) periods of hypoxia led to increased DOC 

and aqueous Fe, while decreasing sediment OC. On a whole-ecosystem scale, 

hypolimnetic Fe was closely correlated with oxygen concentrations, and short periods of 

hypoxia decreased both Fe-OC and OC in sediment. Consequently, Fe-OC protection 

appears to be a more dominant control on sediment OC sequestration than respiration on 

short timescales. Right: two years of summer hypoxia in FCR led to increased OC in 

sediment on a whole-ecosystem scale, suggesting that respiration may be a more 

dominant control on OC sequestration than protection by Fe on this timescale.  
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Text S1: Description of the calculations used to account for mass loss during control 

and reduction treatments.  

First, we calculated a correction factor based upon the difference between the 

initial dry mass of sediment added to the tubes (~100 mg) and the final mass of sediment 

remaining after extraction and drying (EQ 1). We then multiplied the mass of sediment 

used for CN analysis by this correction factor and added the product to the mass of 

sediment used for CN analysis again, yielding an estimate of what the total sample mass 

for CN analysis would have been if mass had not been lost during extractions (EQ 2). 

Next, we divided the measured OC mass from CN analysis by the corrected sediment 

mass and multiplied by 100 to get a corrected value for organic carbon as a percentage of 

sediment mass (EQ 3). To determine what percentage of sediment OC was associated 

with Fe (dithionite-extractable), we subtracted the corrected OC % in the reduction 

treatment from the corrected OC % in the control treatment, then divided by the OC % 

(uncorrected) in the initial sediment sample (EQ 4).  

EQ 1: 

𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑖𝑜𝑛 𝑓𝑎𝑐𝑡𝑜𝑟 =  
𝑖𝑛𝑖𝑡𝑖𝑎𝑙 𝑠𝑒𝑑𝑖𝑚𝑒𝑛𝑡 𝑚𝑎𝑠𝑠 − 𝑓𝑖𝑛𝑎𝑙 𝑠𝑒𝑑𝑖𝑚𝑒𝑛𝑡 𝑚𝑎𝑠𝑠

𝑓𝑖𝑛𝑎𝑙 𝑠𝑒𝑑𝑖𝑚𝑒𝑛𝑡 𝑚𝑎𝑠𝑠
 

 

EQ 2:  

𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 𝑠𝑎𝑚𝑝𝑙𝑒 𝑚𝑎𝑠𝑠

=  𝑚𝑎𝑠𝑠 𝑢𝑠𝑒𝑑 𝑓𝑜𝑟 𝐶𝑁 𝑎𝑛𝑎𝑙𝑦𝑠𝑖𝑠 (𝑚𝑔)

+ (𝑚𝑎𝑠𝑠 𝑢𝑠𝑒𝑑 𝑓𝑜𝑟 𝐶𝑁 𝑎𝑛𝑎𝑙𝑦𝑠𝑖𝑠 (𝑚𝑔) ∗ 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑖𝑜𝑛 𝑓𝑎𝑐𝑡𝑜𝑟) 
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EQ 3: 

𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 𝑂𝐶 (%) =
𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 𝑂𝐶 (𝑚𝑔)

𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 𝑠𝑒𝑑 𝑚𝑎𝑠𝑠
∗ 100 

 

EQ 4: 

Fe-OC (%) =  
𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 𝑂𝐶 % (𝑐𝑜𝑛𝑡𝑟𝑜𝑙) − 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 𝑂𝐶 % (𝑟𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛)

𝑂𝐶 % (𝑖𝑛𝑖𝑡𝑖𝑎𝑙)
∗ 100 
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Figure S1. Volume-weighted hypolimnetic oxygen concentrations were higher during the 

summer stratified periods (June–September) of 2014–2019 than 2020 and 2021 in Falling 

Creek Reservoir (FCR). Volume-weighted summer hypolimnetic oxygen concentrations 

were near zero in Beaverdam Reservoir (BVR), the hypoxic reference reservoir. Boxplots 

present the median, 75th quartile, and 25th quartile of dissolved oxygen concentrations 

that have been interpolated to a daily timestep. 
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Figure S2. Photo illustrating experimental microcosm set-up, with visual differences 

between treatments on day 13 of the experiment. Left: an oxic microcosm. Right: a 

hypoxic (sealed) microcosm. Note that the oxic microcosm has an orange biofilm 

overlying sediment, suggestive of oxidized Fe, while sediments and water in the hypoxic 

microcosm are darker, suggestive of reduced Fe. Microcosm containers were 177 mL 

glass jars with two-piece gasket-sealed lids (Verones brand). 
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Figure S3. Conceptual workflow for the citrate Bicarbonate Dithionite (CBD) method of 

Fe-OC analysis. Lyophilized sediment samples were divided into three treatments: initial, 

reduction, and control. “Initial” samples were used to measure the OC content of the 

sediment. “Reduction” samples were treated with a metal-complexing agent (trisodium 

citrate) and reducing agent (sodium dithionite) in a buffered solution (sodium 

bicarbonate) to measure how much Fe and OC were released as a result of Fe reduction. 

Control samples were treated with sodium chloride and the same buffer to account for 

release of OC that resulted from processes other than Fe reduction. Methods are 

described in more detail in the main text. 
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Figure S4. Intermittent operation of the hypolimnetic oxygenation system in Falling 

Creek Reservoir was associated with changes in sediment characteristics during the 

summer stratified period of 2019. Solid lines and dashed lines indicate activation and 

inactivation of the oxygenation system, respectively. Blue and black point colors indicate 

oxic and hypoxic conditions during the preceding two weeks, respectively. We note that 
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on one occasion (mid-July), the oxygenation system shut off prematurely and sediment 

samples were collected three days after the oxygenated period—these samples still 

experienced oxic conditions during the preceding two weeks and are therefore classified 

as “oxic.”  
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Figure S5. Measured dissolved organic carbon (DOC) and measured total organic carbon 

(TOC) were closely correlated in microcosm samples. The black diagonal line represents 

a 1:1 relationship between DOC and TOC. Linear regression results are shown by the 

blue line, with the equation and R2 of the regression presented in the top right corner. 
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Figure S6. Experimental oxygen treatments led to differences in the concentrations of 

many elements. Data graphed here are unfiltered samples from microcosms sampled on 

day 16 (red) and 23 (blue). The x-axis represents experimental treatment, where aa = 

Hypoxic, ao = Hypoxic-to-oxic, oa = Oxic-to-hypoxic, and oo = Oxic. Each panel is 

labeled with the elemental abbreviation, followed by the isotope measured.   
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Figure S7. pH remained circumneutral (6.5 – 7.3) across all experimental treatments 

throughout the duration of the microcosm incubations. Vertical lines indicate when 

experimental treatments were switched, creating the Oxic-to-hypoxic and Hypoxic-to-

oxic treatments.  
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Figure S8. Hypolimnetic pH remained circumneutral (6–8) in the hypolimnia of both 

Beaverdam (BVR; top) and Falling Creek (FCR; bottom) Reservoirs throughout the 

duration of this study (2019 and 2021). Heatmaps present data from weekly (BVR) or 

twice-weekly (FCR) depth profiles that have been interpolated to a daily timestep and 

among measurement depths. In 2019, high-resolution (~1 cm interval) depth profiles 

were taken using a conductivity, temperature, and depth profiler (CTD; Sea-Bird, 

Bellevue, Washington, USA). In 2021, pH measurements were taken at seven discrete 

depths in FCR (0.1, 1.6, 3.8, 5.0, 6.2, 8.0, and 9.0 m), which corresponded to the 

reservoir’s extraction depths, and five depths in BVR (0.1, 3.0, 6.0, 9.0, and 11.0 m). 
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Table S1. Levene tests and ANOVA results describing differences in sediment 

characteristics between BVR in 2019, BVR in 2021, FCR in 2019, and FCR in 2021. 

Values in bold were statistically significant (p<0.05) 

 Levene 

statistic 

Levene 

p-value 

Test used F df ANOVA 

p-value 

Fe-OC (% of 

sediment OC) 

1.21 0.32 ANOVA 17.2 3, 46 < 0.001 

OC (% of 

sediment mass) 

3.69 0.017 Welch’s 

ANOVA 

14.6 3, 28 < 0.001 

Fe-OC (µmol/g 

sediment) 

2.21 0.10 ANOVA 1.8 3, 46 0.16 
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Table S2. Games Howell post-hoc tests analyzing differences in sediment OC (% of 

sediment mass) among reservoir-years. Values in bold were statistically significant 

(p<0.05). 

Comparison Difference Lower 95% CI Upper 95% CI p-value 

BVR 2019-BVR 2021 0.41 -0.51 1.34 0.61 

BVR 2019-FCR 2019 -2.34 -3.62 -1.06 <0.001 

BVR 2019-FCR 2021 1.70 0.27 3.13 0.017 

BVR 2021-FCR 2019 -2.75 -4.13 -1.37 <0.001 

BVR 2021-FCR 2021 1.28 -0.23 2.80 0.12 

FCR 2019-FCR 2021 4.04 2.32 5.76 <0.001 
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Table S3. Tukey post-hoc tests analyzing differences in Fe-OC (% of sediment OC) 

among reservoir-years. Values in bold were statistically significant (p<0.05) 

Comparison Difference Lower 95% CI Upper 95% CI p-value 

BVR 2021-BVR 2019 -6.61 -13.94 0.73 0.09 

FCR 2019-BVR 2019 7.28 0.08 14.47 0.046 

FCR 2021-BVR 2019 -3.73 -11.06 3.61 0.53 

FCR 2019-BVR 2021 13.89 8.39 19.39 <0.001 

FCR 2021-BVR 2021 2.88 -2.80 8.56 0.54 

FCR 2021-FCR 2019 -11.00 -16.50 -5.51 <0.001 
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Table S4. Levene tests assessing homogeneity of variance among microcosm treatments 

at the end of the experiment (days 20 and 23) 

 df Levene 

statistic 

Levene 

p-value 

Fe-OC (% of 

sediment OC) 

3, 20 0.39 0.76 

OC (% of 

sediment mass) 

3, 20 2.81 0.07 

Fe-OC (µmol/g 

sediment) 

3, 20 0.51 0.68 
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Table S5. Log activity of Fe species in each of four treatments on day 23 of the 

microcosm experiments.  Speciation calculations were conducted using SPECE8 module 

of Geochemist's Workbench, using the wateq4 thermodynamic database. Bolded values 

show the top 5 highest activities for each condition.  

 Hypoxic Hypoxic to oxic Oxic to hypoxic Oxic 

   Fe2+                  -3.7599 -14.9723 -14.0942 -14.223 

   FeHCO3
+              -4.8094 -16.7332 -15.5919 -16.0846 

   FeCO3                 -5.8983 -17.7821 -16.6208 -17.3635 

   FeOH+            -6.3186 -17.5723 -16.6742 -17.053 

   FeSO4                 -6.4408 -17.1044 -15.9887 -15.9106 

   Fe(OH)2
+              -7.1404 -6.1546 -5.7579 -5.632 

   Fe(OH)3              -7.2287 -6.1446 -5.7279 -5.852 

   FeCl+                -8.0724 -18.7584 -18.4746 -18.4399 

   Fe(OH)4
-           -9.4087 -8.2846 -7.8479 -8.222 

   FeOH2+                -10.5786 -9.5746 -9.1979 -8.822 

   Fe(OH)2              -10.6099 -21.7423 -20.8242 -21.453 

   FeHumate+         -11.2688 -10.6659 -9.8711 -9.7085 

   FeHSO4
+               -12.483 -23.1866 -22.0909 -21.7628 

   Fe(OH)3
-              -14.1799 -25.2723 -24.3342 -25.213 

   Fe3+             -15.2486 -14.2846 -13.9278 -13.302 

   FeSO4
+                -16.1395 -14.6267 -14.0324 -13.1996 

   FeCl2+               -18.2211 -16.7307 -16.9682 -16.1788 

   Fe2(OH)2
4+    -19.7273 -17.7192 -16.9657 -16.214 

   Fe(SO4)2
-            -19.7305 -17.6688 -16.8369 -15.7972 

   FeCl2+                -22.0236 -20.0068 -20.8385 -19.8857 

   FeHSO4
2+             -22.5717 -21.0989 -20.5246 -19.4418 

   Fe3(OH)4
5+   -24.6059 -21.5538 -20.4036 -19.5259 

   FeCl3  -27.476 -24.9329 -26.3589 -25.2426 

   Fe(HS)2 -85.2473 -290.9054 -281.5707 -288.86 

   Fe(HS)3
-     -128.4289 -300 -300 -300 
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Abstract 

Near-term iterative forecasting is a powerful tool for ecological decision support 

and has the potential to transform our understanding of ecological predictability. 

However, to this point, there has been no cross-ecosystem analysis of near-term 

ecological forecasts, making it difficult to synthesize diverse research efforts and 

prioritize future developments for this emerging field. In this study, we analyzed 178 

near-term (≤10-year forecast horizon) ecological forecasting papers to understand the 

development and current state of near-term ecological forecasting literature and compare 

forecast accuracy across scales and variables. Our results indicate that near-term 

ecological forecasting is widespread and growing: forecasts have been produced for sites 

on all seven continents and the rate of forecast publication is increasing over time. As 

forecast production has accelerated, a number of best practices have been proposed and 

application of these best practices is increasing. In particular, data publication, forecast 

archiving, and workflow automation have all increased significantly over time. However, 

adoption of proposed best practices remains low overall: for example, despite the fact that 

uncertainty is often cited as an essential component of an ecological forecast, only 45% 

of papers included uncertainty in their forecast outputs. As the use of these proposed best 

practices increases, near-term ecological forecasting has the potential to make significant 

contributions to our understanding of forecastability across scales and variables. In this 

study, we found that forecastability (defined here as realized forecast accuracy) decreased 

in predictable patterns over 1–7 day forecast horizons. Variables that were closely related 

(i.e., chlorophyll and phytoplankton) displayed very similar trends in forecastability, 

while more distantly related variables (i.e., pollen and evapotranspiration) exhibited 
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significantly different patterns. Increasing use of proposed best practices in ecological 

forecasting will allow us to examine the forecastability of additional variables and 

timescales in the future, providing a robust analysis of the fundamental predictability of 

ecological variables. 

 

Introduction 

Nearly 90 years ago, Hodgson (1932) published what was arguably the first near-

term ecological forecast, using demographic trends to predict herring age structure one 

year into the future. Hodgson concluded by stating "... we hope that before long these 

prognostications will be issued with the same confidence as those which are broadcast 

daily by the Meteorological Office, and, once they are received with confidence by the 

trade, they should be of considerable financial value" (p. 118). During the past 90 years, 

advances in data availability, computational power, and statistical methodologies have 

enabled a substantial increase in the development and application of near-term ecological 

forecasts (Luo et al. 2011, Petrovskii and Petrovskaya 2012, Hampton et al. 2013, 

LaDeau et al. 2017). Near-term ecological forecasting has become an increasingly 

powerful tool for ecological decision support (Dietze 2017a, Henden et al. 2020, Carey et 

al. 2021) and has the potential to provide new insights into fundamental questions about 

ecological functioning and predictability (Petchey et al. 2015, Dietze 2017b, Dietze et al. 

2018). However, to this point, there has been no systematic analysis of the development 

or current state of near-term ecological forecasting literature, making it difficult to 

synthesize diverse research efforts and prioritize future developments for this emerging 

field. 



 

277 

 

Throughout the development of near-term ecological forecasting, there have been 

numerous calls for the adoption of standardized best practices (e.g., Clark et al. 2001, 

Pielke and Conant 2003, Harris et al. 2018, Dietze et al. 2018, White et al. 2019, Hobday 

et al. 2019, Carey et al. 2021). Developing and adhering to best practices advances the 

contributions of forecasting to both basic and applied research, as it allows for 

comparisons of forecast accuracy across forecast horizons (the amount of time into the 

future for which predictions are made) and increases the reliability of forecast products as 

decision support tools (Armstrong 2001). Recent interest in establishing best practices for 

ecological forecasting follows similar efforts in meteorology and economics, disciplines 

in which forecasting is well-established (Armstrong 2001, Hyndman and Athanasopoulos 

2018).  

While proposed best practices for near-term ecological forecasting differ among 

papers, a number of common themes related to forecast development, assessment, 

archiving, and decision support can be identified (Box 1; Appendix S1). As ecological 

forecasting has developed over the past several decades, we expect that adherence to 

these proposed best practices is increasing. However, without a comprehensive review of 

published ecological forecasts, it is difficult to assess which of the proposed best 

practices have been adopted and which should be prioritized for further advancement of 

the field (e.g., see Payne et al. 2017 for marine ecological forecasting). Ideally, best 

practices should evolve using a community-driven approach to enable buy-in and 

robustness to many applications (following Hanson et al. 2016); consequently, the list of 

proposed best practices in Box 1 is not exhaustive, and some of the practices may not be 
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appropriate for every forecasting application. However, these practices provide a 

framework to begin analyzing the state of the field.  

Adoption of these proposed best practices in near-term ecological forecasting may 

be particularly important to improving our understanding of forecastability across scales 

and variables. As the number of published near-term ecological forecasts has increased 

over the past several decades (Luo et al. 2011, Dietze et al. 2018), we now have an 

unprecedented opportunity to compare across studies and analyze the relative 

forecastability (defined here as realized forecast accuracy) of environmental variables at 

varying forecast horizons. Understanding ecological predictability is a fundamental goal 

in ecology (e.g., Gleason 1926, Clements 1936, Sutherland et al. 2013, Godfray and May 

2014, Houlahan et al. 2017, and references therein) and provides valuable information 

regarding the nature of ecological processes (Petchey et al. 2015). Ecological forecasting 

can be a particularly powerful test of predictability, as forecasting requires predicting 

beyond the range of observed data (Dietze et al. 2018). Thus, comparisons of 

forecastability complement and extend existing theoretical and modeling-based work that 

has predicted how various factors (e.g., forecast horizon, computational irreducibility) 

influence the relative predictability of ecological variables (Beckage et al. 2011, Petchey 

et al. 2015).  

In this study, we performed a systematic analysis of near-term ecological 

forecasting papers to examine the use of our proposed best practices over time (Box 1). 

To illustrate how proposed best practices can enable insights into fundamental ecological 

understanding, we then compared forecast accuracy across scales and variables. We 
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discuss the implications of our findings for further development and adoption of best 

practices within the near-term ecological forecasting research community. 

 

Methods 

We systematically reviewed literature on near-term ecological forecasting to 

determine how proposed best practices have been implemented over time and compare 

forecastability across ecosystems. First, we searched the Web of ScienceTM Core 

Collection [v.5.34] database (Clarivate Analytics, Philadelphia, USA) and reviewed 

abstracts to identify papers that reported near-term ecological forecasts (described in 

Literature search below). Two reviewers then independently read and analyzed each 

selected paper using a standardized matrix of criteria (Matrix analysis) and recorded 

forecast accuracy when reported. Once collated, we analyzed the full dataset to 

understand the development and current state of ecological forecasting (Dataset 

description and Assessment of forecasting best practice adoption). Finally, we analyzed 

forecast evaluation data to assess how forecast performance varied with forecast horizon 

for ecological variables with sufficient data (Comparing forecast accuracy across 

ecosystem and models).  

 

Literature search 

Creating an all-encompassing search query to identify near-term ecological 

forecasts presented three challenges: first, the term “near-term” was neither universally 

defined nor used in all papers that report near-term forecasts; second, there was no one 

search term that can match all papers describing ecological variables; and third, many 
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papers used the word “forecast” when talking about implications of their research, despite 

not actually reporting forecasting results in the paper. To address these challenges, we 

began by querying the Web of Science Core Collection [v.5.34] for “forecast*” in the 

title, abstract, or keywords of papers published in 301 ecological journals, then manually 

screened abstracts of all resulting papers. We conducted the Web of Science search on 18 

May 2020 and limited the search to articles and proceedings papers (hereafter, ‘papers’) 

published in English. This yielded 2711 results (Figure 1).  

We screened the abstracts of all 2711 papers and selected those that met three 

criteria: 

1. Papers had to include at least one forecast, which we defined as a prediction of 

future conditions from the perspective of the model; forecasts could be developed 

retroactively (i.e., “hindcasts”) but could only use driver data that were available 

before the forecast date (e.g., forecasted or time-lagged driver variables). 

2. The forecast had to be near-term, which we defined as predicting ≤10 years into 

the future (following Dietze et al. 2018).  

3. The forecast had to be ecological, which we defined as predicting a 

biogeochemical, population, or community response variable. This definition 

therefore excluded physical (e.g., streamflow or water temperature) and 

meteorological forecasts. Forecasts of human disease were only included if there 

was an animal vector. 

If the abstract indicated that the paper met all three criteria, it was moved to the 

second round of screening. Here, a second reviewer read the full paper to ensure that at 

least one forecast in the paper met all three criteria.  
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By the end of this screening process, we identified 142 near-term ecological 

forecasting papers out of the 2711 Web of Science results (Figure 1a, 1b). The initial 

Web of Science search did well at identifying studies with ecological focal variables, as 

74% of the initial search results were marked as 'ecological' during our review process. 

However, only 36% of papers from this search actually included forecasts (predicting 

future conditions from the perspective of the forecast model). Furthermore, of the 

ecological forecasts identified in this search (n = 669), only 21% met our near-term 

criteria by including forecast horizons that were ≤10 years; the majority of forecasts 

predicted ecological changes over multidecadal timescales (Figure 1b).  

Because ecological forecasts may be published in journals that are not categorized 

as “ecological” by Web of Science, we then searched all papers that were cited by the 

142 near-term ecological forecast papers we identified, as well as all papers that cited 

these studies. From the citing and cited papers, we selected those that were published in 

English and included “forecast*” in the title, abstract, or keywords, then screened the 

abstracts using our three criteria described above. Finally, a second reviewer read all 

papers that passed the abstract screening to confirm that at least one forecast in the paper 

met all three criteria. Searching the papers that cite and are cited by the near-term 

ecological forecasting papers from our initial search yielded proportionally more 

ecological forecasting papers than the initial Web of Science search. Of the 472 search 

results, 112 (24%) of these papers were identified as near-term ecological forecasts after 

two rounds of review (Figure 1a, 1c). Furthermore, this search highlighted predominantly 

near-term forecasts; 73% of the ecological forecasts identified in this search included 

forecast horizons that were ≤10 years (Figure 1c). After combining our initial search with 
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the citing and cited papers, 254 papers were included in our dataset for matrix review 

(Figure 1a).  

 

Matrix analysis 

We analyzed each of the 254 papers using a standardized matrix of questions 

(Appendix S2). This matrix was co-developed over several months of iteration and 

discussion by all authors within an Ecological Forecasting graduate seminar at Virginia 

Tech (January–May 2020). The final matrix used for this study included 58 fields of 

information about the forecast paper’s model(s), evaluation, cyberinfrastructure, 

archiving, and decision support (Lewis et al. 2021). 

 During the graduate seminar, we read and analyzed 10 papers as a group, 

ensuring that all reviewers understood how to interpret and answer questions in a 

consistent manner. Prior to the start of this analysis, reviewers also screened several 

papers independently and checked their responses with another reviewer, helping to 

ensure consistency between reviewers. For the matrix analysis described in this paper, all 

254 papers were read and analyzed independently by two reviewers, and reviewers then 

compared any differing answers to reach consensus on a final set of responses for each 

paper.  

During the matrix analysis, 76 papers were determined to not meet our criteria of 

being near-term ecological forecasts, despite having passed the initial rounds of 

screening. These papers typically used one or more data sources that became available 

after the forecast issue date, which was difficult to identify without reading the entire 
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text, including all supplementary information, in detail. These papers were excluded from 

the analysis, leaving 178 papers in the final dataset (Figure 1a).  

 

Dataset description 

To characterize the current state of near-term ecological forecasting, we began by 

analyzing the distribution of forecasts presented in the 178 papers across geographical 

locations, variables, and time scales, as described below.  

We classified the spatial scale of each forecast into five categories: point 

(localized to one discrete site, such as pollen forecasts for a city or algal forecasts for a 

lake), multipoint (several distinct forecast locations, such as three different lakes), 

regional (localized to a broad geographic region, such as coral bleaching forecasts that 

span a sea), national (spanning all of one nation, such as nationwide production of an 

agricultural crop), or global (such as coral bleaching stress in world oceans), and we 

calculated the percentage of forecasting papers within each of these categories. We 

recorded latitude and longitude of the forecast site(s) for point or multipoint forecasts or 

of the approximate centroid of the site for regional and national forecasts. 

Forecast variables were divided into two categories: organismal (population and 

community; e.g., white-tailed deer populations) and biogeochemical (e.g., 

evapotranspiration), and each paper was classified within one of 11 ecosystem types: 

forest, grassland, freshwater, marine, desert, tundra, atmosphere, agricultural, urban, 

global, other, where “other” included any ecosystem types that could not be classified 

within one of the other 10 categories (e.g., plant phenology across the entire United 

States). We recorded the number of years of data used to create each forecasting paper 
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(summed across model development, training, evaluation, etc.) and calculated the 

percentage of papers that used long-term datasets in their analysis, using the definition of 

long-term as any dataset with more than 10 years of data (Lindenmayer et al. 2012). 

 

Assessment of forecasting best practice adoption 

We synthesized proposed best practices for ecological forecasting from four 

recent papers—Harris et al. (2018), Hobday et al. (2019), Carey et al. (2021), and White 

et al. (2019), then selected all practices that were mentioned in at least two of these 

papers (Appendix S1). To analyze how adherence to the nine selected best practices has 

changed over time, we performed binary logistic regressions assessing how adoption of 

each best practice (binary yes/no) varied with publication year. Hodgson (1932) was 

excluded from this best practice analysis as a temporal outlier, leaving a dataset of papers 

published between 1980 and 2020. We used the following criteria in the matrix analysis 

to assess which proposed best practices (Box 1) were included in each forecasting paper:  

Forecast Requirements 

1. "Include uncertainty": uncertainty was included in forecast outputs 

2. "Report forecast accuracy": any form of forecast evaluation was reported (this 

includes Figures that compare forecasts and observations, as well as any 

evaluation metric) 

Decision Support 

3. "Identify an end user": A specific end user was mentioned  

4. "Make iterative forecasts": Forecasts were made repeatedly, incorporating new 

data over time. For this practice, we included all types of data assimilation, 
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including those that only updated the initial conditions of the forecast. As a 

separate analysis, we also determined whether the use of data assimilation 

methods that updated the parameters of the model (not just initial conditions) have 

increased over time 

5. "Automate forecasting workflows": at least one source of new driver and/or 

observation data was made available to the model in real time (<24 hours from 

collection) without any manual effort when the forecasting system was working 

as intended 

Research 

6. "Make data available": Data availability was specified 

7. "Archive forecasts": Text specified that forecasts were archived and available 

8. "Use null model comparisons": Forecasts were compared to a null model (e.g., a 

persistence or climatology null model) 

9. “Compare modeling approaches”: At least two modeling approaches that have 

different model structures (not including null models) were compared 

All analyses were performed using R version 4.0.3 (R Core Team 2020). 

 

Comparison of forecast performance across scales and variables 

To compare forecast performance across forecast variables, sites, and scales, it 

was necessary to identify an evaluation metric that is not dependent on the units or range 

of the forecast variable. For reasons discussed below, we chose R2 as our metric of 

forecast performance in this analysis. Petchey et al. (2015) recommend using the length 

of time until a forecast performs no better than a relevant threshold value as one way of 
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comparing between papers. However, this type of analysis would require that a threshold 

value be determined equitably for each forecast variable, which would be challenging 

across the numerous variables in our dataset. Performance of null models offers one 

objective way of determining these threshold values, but null models were not commonly 

reported in this dataset. Another means of comparing forecast performance would be to 

directly compare forecast accuracy using a standardized statistical score. Commonly used 

forecast evaluation metrics include root mean squared error (RMSE), mean absolute error 

(MAE), the coefficient of determination (R2), and bias (Petchey et al. 2015, Dietze 

2017a). To fully assess probabilistic forecasts, the continuous ranked probability score 

(CRPS) and ignorance can also be used (Roulston and Smith 2002, Gneiting et al. 2005). 

Among these, only R2 allows comparisons between forecasts that have different native 

units or forecasts for the same variable in very different ranges. Furthermore, more 

papers reported Pearson’s r or R2 (n = 56, 42%) than any other forecast performance 

metric in this dataset: for comparison, only 34% included RMSE and 20% included 

MAE. While the fact that R2 is typically bias-corrected makes it an imperfect metric of 

forecast performance, it remains widely reported and uniquely suited to inter-study 

comparisons.  

We recorded all R2 and Pearson's r data reported in papers in the dataset. 

Pearson’s r values were squared to yield R2 (following Rousso et al. 2020). We selected 

all forecast variables that had at least three papers and three forecast horizons 

represented, and we plotted forecast performance (in R2) as a function of forecast horizon 

for these variables. To allow comparability between variables, we limited the analysis to 

forecast horizons between one and seven days, which were reported for all variables 
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selected. Because some papers reported R2 individually for each plot, site, or year and 

others reported one overall evaluation per model, we averaged all R2 across sites and 

years for forecasts that used the same model within each paper.  

We used indicator variable analysis (Draper and Smith 1998) to compare the 

slope of R2 values over 1–7 day horizons among forecast variables by performing a 50% 

quantile regression that predicted R2 based upon indicator (“dummy”) predictors for all 

forecast variables, as well as terms for the interaction between all forecast variables and 

forecast horizon. Quantile regression was used rather than standard linear regression to 

account for heteroscedasticity and non-normal data distribution. The regression was 

performed using the package “quantreg” in R (Koenker et al. 2021). Indicator analysis 

compares the slope and intercept of the first indicator (“reference” indicator) to all 

subsequent indicators (Draper and Smith 1998). In this case, chlorophyll was used as the 

reference indicator to enable comparisons between phytoplankton and chlorophyll, two 

closely related forecast variables. We analyzed which terms were significant in the model 

to determine how patterns in forecast performance over time differed among forecast 

variables: significance was determined using the “wild” bootstrapping method to account 

for heteroskedasticity (Feng et al. 2011).  

 

Results 

Dataset description 

The number of ecological forecasts published each year has increased 

substantially over time: more papers were published in the last seven years of the dataset 

(2014–2020) than in the first 82 years (1932–2013; Figure 2). Forecast sites for these 
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papers were located on all seven continents (Fig 3a). The majority of forecast sites were 

located in the northern hemisphere (n = 211, 91%), especially the United States, China, 

and Western Europe (Figure 3a). The geographic scale of the forecasts was most often 

either point (n = 66, 37%), or regional (n = 66, 37%; Figure 3b).  

More ecological forecasts predicted organismal (population and community) 

variables than biogeochemical variables. Very few papers included forecasts for both 

biogeochemical and organismal focal variables (organismal: n = 146, 82%; 

biogeochemical: n = 43, 24%; both: n = 11, 6%; Figure 3c). The majority of papers 

predicted ecological processes in either marine (n = 49, 28%), freshwater (n = 41, 23%), 

or agricultural (n = 34, 19%) ecosystems (Figure 3). In particular, many papers predicted 

fish taxa (n = 25), phytoplankton taxa (n = 20), chlorophyll (n = 14), evapotranspiration 

(n = 14), pollen (n = 10), and crop yield (n = 9). 

Papers in this dataset included forecasts at a wide range of forecast horizons and 

were developed using diverse time steps, forecast horizons, and datasets. Among the 

forecasts surveyed in this analysis, 75% of papers predicted within one year into the 

future (n = 130; Figure 4). In particular, many papers either predicted 2–7 days into the 

future on a daily time step (n = 39, 23% of all papers) or one year into the future on a 

yearly time step (n = 30, 17%; Figure 4). The median temporal duration of data used to 

create a forecasting paper (summed over model development, training, evaluation, etc.) 

was 15 years (min. = 17 days, mean = 19.2 years, max. = 145 years; Figure 5), and 60% 

of papers (n = 107) used more than 10 years of data in the forecast paper. 

The 178 papers included in this analysis were published in 114 unique journals 

and conference proceedings (103 journals, 11 conferences). The journal with the greatest 
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number of papers represented in the dataset was Ecological Applications, which 

published a total of 14 near-term ecological forecasting papers. 

 

Adoption of proposed best practices is low but increasing over time 

Overall rates of best practice use are low but may be increasing. On average, 

papers used three of the proposed nine best practices (median and mode = 3, mean = 

2.83), but there was considerable variation: seven papers did not use any of the best 

practices, and one paper used eight of the best practices. The percentage of papers that 

demonstrated a given best practice did not exceed 50% for any practice except “Report 

forecast accuracy” (Figure 6). All but one (“Use null model comparisons”) of our 

proposed best practices have been increasingly adopted over time. However, the increase 

in adoption with time was only statistically significant (p < 0.05) for three practices: 

“Automate forecasting workflows,” “Archive forecasts,” and “Make data available” 

(Figure 6; Table 1).  

Of the Forecast Requirement best practices, “Include uncertainty” was 

demonstrated in 45% of papers and “Report forecast accuracy” was demonstrated in 75% 

of papers. Both of the Forecast Requirement best practices show a positive trend in 

adoption, though neither had a statistically significant relationship with publication year 

(Figure 6; Table 1). When uncertainty was included in forecasts (n = 80), the most 

commonly included uncertainty sources were observation uncertainty (48%), process 

uncertainty (40%), and parameter uncertainty (35%). Driver uncertainty was included in 

23% of papers that report uncertainty, and initial condition uncertainty was included in 

18%. Of the 80 papers that reported uncertainty, 55% did not specify a data-driven origin 
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of this uncertainty (e.g., ensemble model parameters, forecasted meteorological driver 

data) in the text. Only three papers partitioned uncertainty sources (Caughlin et al. 2019, 

Geremia et al. 2014, Dietze 2017b), and all of these papers were published in or after 

2014. All three papers quantified the influence of process, initial condition, and 

parameter uncertainty, and one partitioned driver uncertainty. Process uncertainty 

dominated total uncertainty for two papers (Geremia et al. 2014, Dietze 2017b), while 

initial condition uncertainty dominated in the third paper (Caughlin et al. 2019). Over 

70% of forecasts that did not report forecast evaluation in the text (n = 44) predicted at 

forecast horizons of at least one year; in comparison, 47% predicted at forecast horizons 

of at least one year in the dataset as a whole. As noted in the Methods, the most 

commonly reported metric of forecast performance was R2. 

Overall, 20% of papers identified a specific end user, 39% of papers made 

iterative forecasts, and 11% of papers included automated forecasting workflows. All 

three of these proposed best practices ("Identify an end user", "Make iterative forecasts", 

"Automate forecasting workflows") in the Decision Support tier showed positive 

relationships with publication year, but only "Automate forecasting workflows" 

significantly increased over time (Figure 6, Table 1). Of the papers that mentioned a 

specific end user (n = 35), 31% mentioned that the end user aided in forecast 

development and 46% mentioned that forecasts were in use by the end user. Data 

assimilation for iterative forecasts most often updated initial conditions but not 

parameters of the model (67% of the 69 iterative forecasts only updated initial 

conditions). However, data assimilation methods that updated the parameters of the 

model (not just initial conditions) have increased significantly over time (Table 1).  
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Overall, there was a wide range in the percentage of papers that used Research 

tier best practices. “Make data available” was demonstrated in 25% of papers, “Archive 

forecasts” was demonstrated in 8% of papers, “Use null model comparisons” was 

demonstrated in 12% of papers, and “Compare modeling approaches” was demonstrated 

in 47% of papers. Two of the five Research tier practices have increased significantly 

over time (“Make data available” and “Archive forecasts”; Table 1). “Use null model 

comparisons” was the only practice that has decreased in adoption over time (Figure 6). 

For papers that described forecast archiving (n = 15), the most common repository for 

archived forecasts was Zenodo (used in 20% of papers that archive forecasts); other 

papers used websites or other archives specific to the forecasting project. Only two of the 

seven papers that mentioned archiving forecasts on a website had links that were still 

functional as of 14 Jun 2021. Of the papers that used null models in this study (n = 21), 

62% used persistence null models and 48% used climatology null models. Two papers 

used both persistence and climatology null models. Of the papers that compared multiple 

modeling approaches (n = 84), a median of 3 different approaches were included (not 

including null models; mean = 5.4, max. = 49).  

 

Declines in forecast performance over increasing forecast horizons differ between 

variables 

Forecast accuracy data (R2) from at least three papers on 1–7 day forecast 

horizons were available for four forecast variables: chlorophyll, phytoplankton taxa, 

pollen, and evapotranspiration (ET). Forecast performance decreased with increasing 

forecast horizon for all forecast variables (Figure 7, Table 2). The slope and intercept of 
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forecast accuracy over increasing forecast horizons differed between variables, as 

revealed in our indicator analysis: the intercepts for pollen and ET were significantly 

lower than for chlorophyll, the reference indicator. In comparison to chlorophyll, forecast 

accuracy for pollen and ET decreased significantly more slowly over time. 

Unsurprisingly, the intercept and slope of phytoplankton were not significantly different 

from the intercept and slope of chlorophyll, the reference indicator (Figure 7, Table 2). 

 

Discussion 

Our systematic analysis of 178 near-term ecological forecasting papers 

demonstrates that the field of near-term ecological forecasting is widespread and 

growing: forecasts have been produced on all seven continents, and the rate of forecast 

publication is increasing over time. Although the overall implementation of proposed best 

practices is low, best practice use is increasing. In particular, the use of automated 

forecasting workflows, making data available, and archiving forecasts are all increasing 

significantly over time. We used this dataset of published studies to compare forecast 

accuracy across scales and variables, and we found that forecast accuracy decreased in 

consistent patterns over 1–7 day forecast horizons. Variables that were closely related 

(i.e., chlorophyll and phytoplankton) displayed very similar trends in predictability over 

increasing forecast horizons, while more distantly related variables (i.e., pollen, 

evapotranspiration) exhibited significantly different patterns.  
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Near-term ecological forecasting: state of the field 

As publication of near-term ecological forecasts continues to accelerate, 

evaluating the state of the field now can provide critical insight to help prioritize areas of 

improvement moving forward. Below, we discuss aspects of near-term ecological 

forecasting that are well-developed, those that are improving over time, and areas that 

may need improvement based upon the results of this analysis. 

 

Well-developed practices in near-term ecological forecasting: high rates of 

forecast assessment and model comparison 

Only one out of the nine proposed best practices was demonstrated in more than 

half of the papers in this analysis: report forecast accuracy. In this study, high rates of 

forecast assessment and reporting allowed us to compare forecast performance across 

scales and variables. While R2 was the most commonly reported forecast evaluation 

metric and served as an effective accuracy score for this preliminary analysis, it would be 

preferable to use a metric of forecast performance that is not bias-corrected. Other scale-

independent metrics of forecast performance include percentage errors (e.g., mean 

absolute percentage error; MAPE) or scaled errors (e.g., mean absolute scaled error; 

MASE; Hyndman and Athanasopoulos 2018). Percentage errors are not universally 

applicable because they penalize a lack of precision more heavily in a range closer to 

zero (in the units of the forecast), which is not valid for a number of forecast variables 

(e.g., temperature in units of Fahrenheit or Celsius, net ecosystem exchange of carbon 

dioxide; Hyndman and Athanasopoulos 2018). Scaled errors may present the most 

effective means of comparing forecasts with different ranges and units, however, they 
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require choosing a relevant null model (Hyndman and Athanasopoulos 2018), which is 

currently not common in near-term ecological forecasting literature (Figure 6).  

Of the papers that did not assess and report any metric of forecast accuracy, many 

(77%) predicted at forecast horizons greater than or equal to one year, suggesting that 

part of the reason these papers did not assess forecast accuracy may be the long time lag 

before data would be available for forecast evaluation. In cases when the forecast horizon 

is too far into the future to evaluate results, researchers could consider making and 

evaluating additional forecasts at short horizons to provide at least an intermediate 

evaluation of their forecasting system (Harris et al. 2018). Assessing hindcasts may also 

provide a means of evaluating the forecasting system, given sufficient historical data. 

Notably, many papers that included forecast assessment also compared multiple 

modeling approaches; 47% of papers in the dataset included model comparisons, despite 

the fact that this is a Research tier practice and may not be relevant to all applications. 

These high rates of model comparison may facilitate future analyses that determine 

relevant model structures for a variety of ecological applications (e.g., see Rousso et al. 

2020). 

 

Developments in near-term ecological forecasting: increasing automation 

and use of open science practices 

Over time, near-term ecological forecasting is becoming increasingly automated, 

creating forecast products that enable real-time decision support (Dietze et al. 2018). 

Forecast automation can be beneficial to decision support because it decreases the 

amount of manual effort required to create each forecast once the automated system is set 
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up and thereby increases the sustainability of iterative forecasting workflows (White et al. 

2019, Hobday et al. 2019, Carey et al. 2021). However, it is important to note that 

automated forecasting workflows may still require significant human effort to maintain 

cyberinfrastructure over time (Carey et al. 2021). While the increase in use of iterative 

forecasts over time was not statistically significant, the percentage of papers that use 

iterative workflows to update model parameters rather than just the initial conditions of 

the forecast has increased significantly (Table 1). Updating model parameters as new data 

are incorporated allows the forecasting system to learn over time and potentially make 

more accurate predictions in the future (Luo et al. 2011, Niu et al. 2014, Zwart et al. 

2019).  

Another area of promise is in the adoption of open scientific practices: both data 

publication and forecast archiving have increased significantly over the past 40 years. 

These advances likely reflect a broader movement for open scientific practices that has 

gained momentum over the past decade in response to intersecting needs for greater 

reproducible science, knowledge dissemination, and collaboration (e.g., Reichman et al. 

2011, Fecher and Friesike 2013, Beardsley 2014, Wilkinson et al. 2016, Munafò et al. 

2017, Powers and Hampton 2019). Further increases in the use of open scientific 

practices have the potential to increase the reproducibility of published forecasting 

literature while fostering collaboration and accelerating the development of the field. 
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Priorities for the future development of near-term ecological forecasting: 

uncertainty, end user engagement, and null models 

One of the most notable gaps identified in this analysis is the lack of specified 

uncertainty in published forecasts. Meaningful representations of uncertainty are 

considered so critical to forecast interpretation and evaluation that many definitions of 

ecological forecasts include uncertainty as an essential component (e.g., Clark et al. 2001, 

Luo et al. 2011, Harris et al. 2018, Dietze et al. 2018, Carey et al. 2021). However, only 

45% of papers included uncertainty in their forecasts. Lack of forecast uncertainty can be 

problematic in decision support because when uncertainty is not specified in a forecast 

output, forecast users create their own, often inaccurate, expectations of forecast 

uncertainty (Morss et al. 2008, Joslyn and Savelli 2010).  

Moving beyond specifying uncertainty to partitioning uncertainty into its 

component parts (e.g., initial condition, driver, parameter, and process uncertainty) 

provides information to help forecast developers prioritize improvements to their 

forecasting system and allows researchers to understand the constraints to predictability 

for a given ecological variable (Dietze 2017b). It is well established that forecasting 

meteorological conditions is a fundamentally chaotic problem, dominated by initial 

condition uncertainty (Kalnay 2003). Due to stabilizing feedbacks in ecological systems 

(e.g., carrying capacity, functional redundancy), other components of uncertainty are 

hypothesized to dominate ecological forecasts (Dietze 2017b). This hypothesis is 

partially supported by our dataset: initial condition uncertainty was the dominant source 

of forecast uncertainty in only one of three papers that partitioned uncertainty in this 

analysis. However, because uncertainty partitioning is a relatively new development in 
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ecological forecasting, the small number of studies that partition uncertainty currently 

prevents us from making conclusions about the limiting factors for predictability across 

variables and forecast horizons.  

While not all of the near-term ecological forecasts described in our dataset were 

designed for decision support, approximately 20% of papers mentioned a specific end 

user for their forecasts. Of these, nearly half specify that the forecasting system was in 

use by the specified end user (e.g., drinking water management organization, coral reef 

conservation agency, etc.). Designing forecasts for end users involves a variety of ethical 

considerations, including equity for end users, communication of forecast accuracy, and 

stakeholder education (Hobday et al. 2019). However, it was rare for a paper to include 

any explicit mention of ethical considerations made in designing the forecast (5% of 

papers overall; 25% of forecasts that are in use by an end user). Given the power of 

forecasts to inform decision support, education on how to navigate engagement with end 

users, and particularly any ethical considerations that must be made, may be useful in 

improving the utility of forecasts for stakeholder use. 

In this study, we found that the use of null model comparisons remains low and 

has not increased in adoption over time, despite the importance of this practice for 

contextualizing forecast skill (Harris et al. 2018, Dietze et al. 2018, White et al. 2019). 

For meteorological forecasting, comparing forecasts to a climatological null model has 

proved useful as a means of analyzing the limit of predictive skill and the comparative 

performance of weather forecasts across spatial and temporal scales (Buizza and 

Leutbecher 2015). Parallel advances in ecological forecasting may be enabled through 
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increased use of null model comparisons in the future (Petchey et al. 2015, Hyndman and 

Athanasopoulos 2018). 

 

Published forecasts provide insight into forecastability across scales and variables 

Analyzing forecastability across variables, we found that aquatic chlorophyll and 

phytoplankton taxa were more predictable than pollen and evapotranspiration at the 

shortest forecast horizons (chlorophyll: 1–5 days; phytoplankton: 1–7 days). However, 

the predictability of chlorophyll and phytoplankton decayed faster over increasing 

forecast horizons than that of evapotranspiration and pollen. Similar patterns in forecast 

performance for chlorophyll and phytoplankton likely result from the fact that these two 

ecological variables are closely related. Greater predictability of chlorophyll and 

phytoplankton than evapotranspiration and pollen at short forecast horizons likely 

indicates a greater degree of autocorrelation in these processes (Reynolds 2006), but 

predictability quickly decays over time due to bloom dynamics (e.g., Rigosi et al. 2011, 

Recknagel et al. 2016). The consistency of these patterns across 3–10 different papers for 

each forecast variable suggests that the relationship between forecast performance and 

forecast horizon could be a robust indicator of the predictability of other ecological 

processes. 

While this is a preliminary analysis limited to four ecological variables, it is 

among the first comparative tests that have analyzed forecastability across scales and 

variables, building on two previously published studies. Ward et al. (2014) analyzed the 

ability of multiple time-series models to predict 2379 vertebrate population datasets. 

They found that increased forecast performance (measured using MASE) was correlated 
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with long lifespans and large body size for fish and high trophic level for birds over 1–5 

year forecast horizons. Additionally, Rousso et al. (2020) performed a systematic review 

of cyanobacterial bloom forecasting literature and analyzed the relationship between 

forecast performance (R2) and forecast horizon for three types of models: artificial neural 

networks, decision trees, and genetic programming. They found that forecast 

performance decreased over 1–30 day forecast horizons, and forecasts created using 

greater amounts of historical data had superior forecast performance. Altogether, these 

first analyses of the forecastability of ecological variables highlight the growing 

applicability of forecasting to inform our understanding of ecological predictability. 

Accelerating forecast publication and increased adoption of proposed best 

practices will increase the statistical strength of future analyses to detect trends in 

forecast performance over increasing forecast horizons, including possible non-linear 

patterns. In particular, increased assessment and reporting of forecast accuracy ensures 

that published papers can be included in a meta-analysis of predictability; increased data 

publication allows reevaluation of forecasts; increased forecast archiving addresses 

publication biases in forecast results; increased use of null models allows researchers to 

analyze how the maximum length of time until a forecast performs no better than the null 

differs among variables; and increased quantification of uncertainty allows researchers to 

compare how uncertainty sources differ across scales and variables. 

 

Literature search process: observations and limitations 

While the rates of adoption of these proposed best practices (Box 1) are low 

overall, they are not necessarily unexpected. Different forecasting applications likely 
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require different best practices; in this analysis, we have divided our selected best 

practices among three categories: Forecast Requirements, Decision Support, and 

Research. However, this is a coarse delineation, and the last two tiers are not mutually 

exclusive: Decision Support practices can also be important for ecological understanding 

and vice versa. Ecological forecasting is an emerging discipline and many of these 

methods are still in development; notably, our list of proposed best practices was derived 

from papers that were all published within the last four years of the dataset (Harris et al. 

2018, Dietze et al. 2018, White et al. 2019, Hobday et al. 2019, Carey et al. 2021; 

Appendix S1). Ideally, best practices should evolve using a community-driven approach 

to enable buy-in and robustness to many applications (following Hanson et al. 2016). 

Armstrong (2001) proposed as many as 139 principles for forecasting at large, all of 

which could be relevant to ecological forecasting applications. If one had to wait to 

publish a forecast until it satisfied all potential best practices, it is likely that no 

forecasting papers would ever be published. Increasing the number of published 

ecological forecasts benefits the field of ecological forecasting even if forecasts do not 

follow all proposed best practices because the research community gains increasingly 

more information about the forecastability of ecological variables and the tools and 

techniques needed to make effective forecasts (Dietze et al. 2018). Still, as near-term 

ecological forecasting continues to grow, assessing the rate of best practice adoption now 

allows researchers to identify and prioritize areas for growth and education, 

simultaneously advancing the basic and applied value of ecological forecasting.  

Results from our literature search process highlight the decentralized nature of 

near-term ecological forecasting and the challenges associated with systematically 
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reviewing this literature. The 178 near-term ecological forecasting papers in this analysis 

came from 114 unique journals and conference proceedings, and no one journal 

published more than 15 near-term ecological forecasts papers in this analysis. 

Decentralized forecast publications may present a barrier to those interested in this 

literature, particularly because there is no one search term that comprehensively surveys 

the current near-term ecological forecasting literature. Many papers do not explicitly use 

the terms “near-term” or “ecological” when describing forecasts for a particular 

application, and only 5% of the results from our initial search for the term “forecast*” in 

ecology-related journal articles were identified as near-term ecological forecasts after two 

rounds of review (Figure 1). By systematically reviewing and synthesizing near-term 

ecological forecasting literature published to date, we aim to begin addressing this gap.  

Importantly, this comprehensive analysis of near-term ecological forecasting 

literature is limited to published forecast results. Operational forecasting systems that 

have not been described in peer-reviewed literature were not included (e.g., the U.S. 

National Oceanic and Atmospheric Administration, NOAA, has multiple operational 

forecasting systems for harmful algal blooms, fisheries, and coral reef bleaching that are 

available via websites). We anticipate that this exclusion may affect results in at least 

three ways: first, because unpublished operational forecasting systems are often used for 

decision support, the percentage of forecasting systems that connect to a specific end user 

is likely underrepresented in published literature. Second, both the need to refine 

forecasting models prior to paper submission and reviewer requests for forecast revisions 

may make it difficult to publish genuine forecasts. Because of this, most papers in this 

study are likely hindcasts or forecast reanalyses. Third, because of publication biases 
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(Dickersin 1990, Mlinarić et al. 2017), we anticipate that average forecast performance is 

artificially inflated in published literature relative to unpublished operational forecasts. 

As coordination within the near-term ecological forecasting discipline increases, 

surveying and comparing operational forecasts may become increasingly possible over 

time. 

 

Future needs in near-term ecological forecasting 

Looking to the future, advancing the field of near-term ecological forecasting will 

involve a suite of technological, organizational, and educational advances. First, the low 

level of adoption of the proposed best practices suggests that increased coordination 

within the ecological forecasting research community for developing common 

forecasting standards (e.g., Dietze et al. 2021), best practices, and vocabulary will 

advance near-term ecological forecasting. Second, we find that incorporation of 

uncertainty and use of null models are critical gaps in ecological forecasting literature 

where education may be needed. The creation of additional educational resources will 

enable more forecasts to be created and facilitate the adoption of best practices in 

ecological forecasting. Third, our analysis strongly suggests that long-term data are an 

important resource for near-term ecological forecast development and assessment. In our 

dataset, 60% of published near-term ecological forecasting studies used >10 years of 

ecological data when developing, calibrating, and assessing their forecasts (Figure 5). 

Long-term support for data collection will likely be necessary to advance the field. 

Finally, our analysis indicates that near-term ecological forecasting may be 

disproportionately centered in the northern hemisphere, particularly the United States of 
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America, Western Europe, and China. This result follows the disproportionate 

representation of these geographic regions across all sciences (UNESCO 2015). Lack of 

forecast locations in other countries, particularly in the southern hemisphere, is a 

detriment to the field as a whole, as the full diversity of ecological systems is not 

represented in ecological forecasting research to date.  

While there are a variety of challenges and opportunities facing the development 

of near-term ecological forecasting, the literature indicates that the field has grown 

significantly over the past 90 years. Near-term ecological forecasting is now widespread, 

and the rate of forecast publication continues to increase over time. Moving forward, 

near-term ecological forecasting is well-positioned to transform ecological management 

and provide critical insight into the predictability of ecological variables.  
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Box 1: Proposed best practices for ecological forecasting, drawn from peer-reviewed 

literature: Harris et al. (2018), White et al. (2019), Hobday et al. (2019), and Carey et al. 

(2021). Forecast Requirements include traits of forecasting systems that are essential to 

the development of a forecast. Decision Support practices are those that are particularly 

helpful if the forecast will be applied as a decision support tool. Research practices 

include characteristics of a forecasting system that are particularly suited to enabling the 

advancement of fundamental ecological understanding across studies. Importantly, these 

last two tiers are not mutually exclusive: Decision Support practices can also be 

important for ecological understanding and vice versa. 

Forecast Requirements 

1. Include uncertainty 

a. Meaningful representations of uncertainty are important to forecast 

interpretation and evaluation, so much so that uncertainty is identified as 

an essential component of many ecological forecast definitions (Clark et 

al. 2001, Luo et al. 2011, Harris et al. 2018, Dietze et al. 2018, Carey et al. 

2021).  

2. Report forecast accuracy 

a. Assessing and reporting forecast accuracy allows end users to understand 

the reliability of the forecasting system (Harris et al. 2018, Hobday et al. 

2019) and provides the near-term ecological forecasting research 

community with increased insight into the tools and techniques needed to 

produce effective forecasts (Dietze et al. 2018). Furthermore, assessing 

and reporting forecast accuracy contributes to our understanding of 

ecological predictability by facilitating comparisons of forecast accuracy 

across scales and variables (Beckage et al. 2011, Petchey et al. 2015). 

Decision Support 

3. Identify an end user 

a. One of the goals of ecological forecasting is to aid in decision-making. 

The first step in this process is to identify a specific end user and consider 

their needs throughout forecast development (Dietze et al. 2018, Hobday 

et al. 2019, Carey et al. 2021). 

4. Make iterative forecasts 

a. Iterative forecasts incorporate new data as they become available, 

providing updated predictions that can aid in continuous decision-making 

and forecast improvement (Dietze et al. 2018, Hobday et al. 2019, Carey 

et al. 2021).  
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5. Automate forecasting workflows 

a. End-to-end automation of the forecasting workflow (from data processing 

to forecast communication) allows for more frequent forecast outputs and 

more sustainable forecasting infrastructure (Dietze et al. 2018, White et al. 

2019, Hobday et al. 2019, Carey et al. 2021). This practice is particularly 

relevant for forecasts with horizons of days to months that are rerun often 

to provide updated information.  

Research  

6. Make data available 

a. To ensure full forecast reproducibility and allow future research to build 

off of existing forecasting workflows, all data and code used to create 

forecasts should be findable, accessible, interoperable, and reusable 

(FAIR; Wilkinson et al. 2016, Harris et al. 2018, Dietze et al. 2018, White 

et al. 2019, Carey et al. 2021). 

7. Archive forecasts 

a. Archiving forecasts as they are created provides a means of demonstrating 

when forecasts were made and tracking forecast improvement over time 

(Harris et al. 2018, Dietze et al. 2018, White et al. 2019, Carey et al. 

2021). 

8. Use null model comparisons 

a. Comparing forecasts to simple, standard baselines (e.g., persistence or 

climatology null models) allows researchers to compare forecastability 

across systems (Petchey et al. 2015) and evaluate the amount of 

information contained in the forecasts (Harris et al. 2018, Dietze et al. 

2018, White et al. 2019). 

9. Compare modeling approaches 

a. Comparing multiple modeling approaches (e.g., process-based and 

empirical approaches, alternative model drivers, alternative mathematical 

representations of mechanistic processes) can provide insight into the 

nature of ecological processes and develop a better understanding of the 

circumstances under which different modeling approaches are most 

effective (Harris et al. 2018, White et al. 2019). 
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Chapter V Tables 

Table 1: Logistic regression results for each proposed best practice based on n = 177 

papers (one paper from 1932 was excluded from this analysis). Statistically significant p 

values are in bold. In addition to the nine proposed best practices, statistics are included 

for the use of iterative forecasting to update model parameters. 

 Estimate Standard error Z value P value 

Include uncertainty 

  Intercept -7.615 35.157 -0.217 0.83 

  Year 0.004 0.017 0.211 0.83 

Report forecast accuracy 

  Intercept -59.665 38.486 -1.550 0.12 

  Year 0.030 0.019 1.579 0.11 

Identify an end user 

  Intercept -86.809 52.611 -1.650 0.10 

  Year 0.042 0.026 1.624 0.10 

Make iterative forecasts 

  Intercept -14.147 36.152 -0.391 0.70 

  Year 0.007 0.018 0.379 0.71 

Make iterative forecasts (updating model parameters) 

  Intercept -182.741 85.680 -2.133 0.03 

  Year 0.090 0.043 2.111 0.04 

Automate forecasting workflows 

  Intercept -237.502 100.550 -2.362 0.02 

  Year 0.117 0.050 2.344 0.02 

Make data available 

  Intercept -252.217 69.775 -3.615 <0.001 

  Year 0.125 0.035 3.602 <0.001 

Archive forecasts 

  Intercept -308.891 136.546 -2.262 0.02 

  Year 0.152 0.068 2.247 0.03 

Use null model comparisons 

  Intercept 33.795 50.388 0.671 0.50 

  Year -0.018 0.025 -0.710 0.48 

Compare modeling approaches 

  Intercept -41.332 35.718 -1.157 0.25 

  Year 0.021 0.018 1.154 0.25 
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Table 2: Indicator variable analysis results comparing the slope of R2 values over 1–7 day 

horizons among forecast variables. Chlorophyll was treated as the reference variable for 

the analysis. Statistically significant p values are in bold. 

 Estimate SE t P value 

Chlorophyll (reference; n = 68 data points from 8 papers) 

  Intercept 0.98 0.025 39.53 <0.001 

  Horizon -0.08 0.012 -6.78 <0.001 

Phytoplankton (n = 33 data points from 8 papers) 

  Intercept 0.04 0.055 0.71 0.48 

  Horizon 0.02 0.016 1.06 0.29 

Pollen (n = 110 data points from 3 papers) 

  Intercept -0.29 0.043 -6.62 <0.001 

  Horizon 0.05 0.014 3.94 <0.001 

Evapotranspiration (n = 113 data points from 10 papers) 

  Intercept -0.26 0.059 -4.40 <0.001 

  Horizon 0.05 0.015 3.46 <0.001 
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Chapter V Figures 

 

Figure 1: Systematic literature analysis methods. a: Flow chart of literature review 

process. b and c: Venn diagrams illustrating the number of studies that met each of our 

three criteria after two rounds of review (abstract and paper reviews) for our original Web 

of Science search (b) and a search of citing and cited papers (c).  
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Figure 2: Number of near-term ecological forecasts published per year. Five papers from 

the final year (2020) are not plotted because data for this year are incomplete: only papers 

indexed on Web of Science by the date of our search (18 May 2020) were included in this 

study.  
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Figure 3: Description of ecological forecasting papers identified in this study. a: Map of 

all forecasts: regional and national studies are shown in large transparent points near the 

center of the forecast region, while point and multipoint forecasts are shown in small 

opaque points. b: Bar chart illustrating the spatial extent of the forecast for each paper—

point, multipoint (several distinct points), regional (a broad region that does not follow 

national bounds), national, or global (for details about how spatial extent was determined, 

see Lewis et al. 2021). c: Bar chart illustrating the class—organismal (population or 

community) or biogeochemical—of the forecast variable for each paper. Fill colors 
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illustrate ecosystem type. Forecasts that could not be matched to one of our nine 

ecosystem types have been labeled “other.”  
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Figure 4: Relationship between time step and forecast horizon of forecasting papers. 

Colors and numbers within each square indicate the number of papers corresponding to 

that combination of time step and forecast horizon (darker colors indicate more common 

combinations). White areas indicate combinations of time step and horizon that were not 

represented in the dataset. Papers that did not have a defined horizon (e.g., predicting end 

of summer harvest) or that did not specify time step/horizon were omitted (n = 10). 
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Figure 5: Histogram illustrating the total number of years of data used to develop each 

forecasting paper, summed across model development, training, evaluation, etc. Vertical 

lines represent the median (left) and mean (right) number of years used. 

 



 

323 

 

 

Figure 6: Best practice adoption over time. Points demarcate whether or not an individual 

paper demonstrated the best practice (1 = observed, 0 = not observed), and lines represent 

logistic regression results. Significance of the year term in the regression is indicated 

using asterisks: * indicates p < 0.05, *** indicates p < 0.001. One paper from 1932 was 

excluded from this analysis. 
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Figure 7: Relationship between forecast performance and forecast horizon (Horiz) for 

four forecast variables: chlorophyll (Chl), phytoplankton (Phyto), pollen, and 

evapotranspiration (ET). Different papers are indicated by points of different colors and 

shapes. Within a paper, forecasts using the same model were averaged (across sites, 

years, etc.). Rightmost panel: model predictions from the quantile regression indicator 

analysis. 
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Supporting Information for Chapter V 

Appendix S1: Table of best practices referenced in previous publications 

 

Table S1: Proposed best practices for ecological forecasting. Each column lists the practices that are specifically outlined in a given 

paper, and practices are aligned into rows with the same or similar proposed practices. We note that White et al. (2019) synthesized 

many of the best practices mentioned by Dietze et al. (2018). The Dietze et al. (2018) paper is not included here because it did not 

provide a defined list of practices (as provided by the four other papers in this table).  

Reference This manuscript  Harris et al. (2018)  White et al. (2019)   Hobday et al. (2019)  Carey et al. (2021) 

Title Increased adoption of 

best practices in 

ecological forecasting 

enables comparisons 

of forecastability 

Forecasting 

biodiversity in 

breeding birds using 

best practices. 

Developing an 

automated iterative 

near-term forecasting 

system for an 

ecological study 

Ethical 

considerations and 

unanticipated 

consequences 

associated with 

ecological forecasting 

for marine resources 

Advancing lake and 

reservoir water 

quality management 

with near-term, 

iterative ecological 

forecasting 

Description Proposed best 

practices 

Best practices for 

making and 

evaluating ecological 

forecasts 

Key practices for 

automated iterative 

near-term ecological 

forecasting 

Principles for ethical 

forecasting 

Lessons learned from 

iterative near-term 

forecasting for 

management 
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 Include uncertainty Pay attention to 

uncertainty 

Focus on uncertainty Representation of 

uncertainty 

 

 Assess and report 

forecast skill 

Validate using 

hindcasting 

 
Skill assessment 

 

 Identify an end user 
  

Engagement and 

education 

Human-centered 

design improves the 

utility of forecasts for 

managers 

 Make iterative 

forecasts 

  
Delivery failures Sustainability plans 

are needed for short- 

and long-term 

forecasting system 

maintenance 

 Automate forecasting 

workflows 

 
Automated end-to-

end reproducibility 

Ongoing delivery Cyberinfrastructure is 

not trivial 

 Make data available 
 

Rapid data release 

under open licenses 

 
Forecasts should be 

reproducible and 

archived 

 Archive forecasts Publicly archive 

forecasts 

Publicly archive 

forecasts 

 
Forecasts should be 

reproducible and 

archived 

 Use null model 

comparisons 

Compare multiple 

modeling approaches 

(specifically 

Compare forecasts to 

simple baselines 
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mentions null 

models) 

 Compare modeling 

approaches 

Compare multiple 

modeling approaches  

Compare and 

combine multiple 

modelling approaches 

  

 
 

Use time-series data 

when possible 

   

 
 

Use predictors related 

to the question 

   

 
 

Address unknown or 

unmeasured 

predictors 

   

 
 

Include an 

observation model 

   

 
 

Assess how forecast 

accuracy changes 

with time-lag 

   

 
  

Frequent data 

collection 

  

 
  

Best practices in data 

structure 
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Best practices in 

software 

development 

  

 
  

Support easy 

inclusion of new 

models 

  

 
   

Conflicts of interest 
 

 
   

Ecosystem health 
 

 
   

Equity for end users 
 

 
   

Unintended 

consequences 

 

 
   

Review of 

performance 

 

 
    

Uncertainty 

partitioning informs 

forecast interpretation 

and forecast 

improvement 

 
    

Building and 

maintaining a 

forecasting system 

takes an 

interdisciplinary, 
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highly coordinated 

team 

 
    

Let your forecasting 

goals guide your 

modeling approach 
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Appendix S2: List of standardized criteria used to assess each paper 

1. Paper title 

2. Digital object identifier (doi) 

3. Author list 

4. Year of publication 

5. Journal or conference in which the paper was published 

6. Forecast spatial scale, classified into five categories 

7. Geographic coordinates of the forecast site using decimal degrees. Locations for 

regional and national forecasts are approximately the center of the forecast area 

8. Forecast ecosystem: forest, grassland, freshwater, marine, desert, tundra, 

atmosphere, agricultural, urban, global, other 

9. Forecast class: biogeochemical or organismal (population or community) 

10. Identity of forecast variables 

11. Model dimension: 0D, 1D, 2D, 3D 

12. Model type: empirical (dependent on correlative or statistical relationships) or 

process-based (explicitly simulating ecological processes). For forecasting 

workflows that involve a pipeline of multiple models, this refers to the “final” 

model that forecasts the forecast variable of interest 

13. If specified: more detailed description of model: for example, Bayesian 

hierarchical, machine learning, named model (e.g., PROTECH), etc. 

14. Are meteorological covariates used in this forecast? 1 = yes, 0 = no 

15. Are physical covariates (e.g., streamflow) used in this forecast? 1 = yes, 0 = no 

16. Are biological covariates used in this forecast? 1 = yes, 0 = no 
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17. Are chemical covariates used in this forecast? 1 = yes, 0 = no 

18. Does the paper include an ensemble forecast (ensemble within model)? 1 = yes, 0 

= no 

19. Number of ensemble members 

20. Does the paper use an ensemble of models to produce one output? 1 = yes, 0 = no 

21. How many models in the ensemble model 

22. Are multiple models with different model structures compared (NOT including 

null models)? 1 = yes, 0 = no 

23. How many models with different structures are compared? 

24. Was a forecast null model (persistence or climatology) included? 1 = yes, 0 = no 

25. How many null models? 

26. What type of null model (climatology or persistence)? 

27. Maximum time into the future that the forecast predicts in this paper, described in 

days 

28. Time step of forecast output. For example, a forecast that gives predictions for the 

next 16 days but was only run once a week would have a time step of one day (not 

one week) 

29. Are the forecasts described in the papers iterative (i.e., data updating forecasts 

iteratively)? Any form of iteration counts here: updating initial conditions with 

new data, refitting the model to incorporate new data, updating parameter values, 

etc. State updating via the autoregressive term counts as data assimilation for 

autoregressive models 
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30. What technique of data assimilation was used? For example, KF, enKF, refit, 

update IC, etc. 

31. Extent to which uncertainty is included in the forecast, classified within 5 

categories:  

a. no (this model does not contain uncertainty) 

b. contains (the model contains uncertainty, but uncertainty is not derived 

from data; e.g. uncertainty comes from spin-up initial conditions or hand-

tuned parameters) 

c. data_driven (the model contains data-driven uncertainty; e.g. uncertainty 

in meteorological drivers) 

d. propagates (the model propagates some source of uncertainty) 

e. assimilates (the model iteratively updates uncertainty through data 

assimilation) 

f. NOTE: this is assumed to be a hierarchy (e.g. if the forecast contains data 

driven uncertainty and propagates that uncertainty, it would be marked 

"propagates") 

32. What sources of uncertainty were incorporated? 

33. Was observation uncertainty included? 1 = yes, 0 = no 

34. Are at least two different sources of uncertainty quantified and compared? 1 = 

yes, 0 = no. NOTE: the two sources may be in the same category of uncertainty—

e.g. two forms of driver data) 

35. Initial condition uncertainty partitioned? 1 = yes, 0 = no 

36. Driver uncertainty partitioned? 1 = yes, 0 = no 
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37. Parameter uncertainty partitioned? 1 = yes, 0 = no 

38. Process uncertainty partitioned? 1 = yes, 0 = no 

39. Other partitioned sources of uncertainty? 1 = yes, 0 = no 

40. If at least two categories of uncertainty were partitioned, what was the dominant 

source of uncertainty? 

41. If the dominant source varies by forecast horizon, season, etc. please describe 

here 

42. Paper states that forecast was evaluated? 1 = yes, 0 = no 

43. Forecast evaluation results reported in paper? 1 = yes, 0 = no 

44. List all skill metrics used (e.g. R2, RMSE, bias, MAE). SD and Bayesian credible 

intervals are not skill metrics 

45. Is forecast performance assessed at multiple forecast horizons (results must be 

reported in paper/supplemental info)? 1 = yes, 0 = no 

46. Maximum forecast horizon such that the forecast was better than the null model 

(out of any models used) 

47. Temporal coverage of data used to create this forecasting paper  

48. Was new data (driver and/or observations) available to the model in real time 

(<24 hours from collection) without any manual effort when the system was 

working as intended? 1 = yes, 0 = no 

49. Forecast archiving described in text? 1 = yes, 0 = no 

50. Repository in which forecasts are archived 

51. Archiving website is still accessible via the link in the paper as of 14 Jun 2021? 1 

= yes, 0 = no 
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52. Text specifies that driver data are publicly available to reproduce the forecasts? 1 

= yes, 0 = no 

53. Specific end user identified (proper noun)? 1 = yes, 0 = no 

54. Partnership with the end user in forecast development mentioned in paper? 1 = 

yes, 0 = no 

55. Forecast being used by the end user according to paper? 1 = yes, 0 = no 

56. Forecast delivery method identified? 1 = yes, 0 = no 

57. Forecast delivery method? 

58. Any ethical considerations mentioned? 1 = yes, 0 = no 
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Chapter VI: Synthesis 

Overview 

Anthropogenic climate and land use change have profoundly impacted lakes 

worldwide, disrupting both local ecosystem services and global biogeochemical cycling. 

Throughout my dissertation, I used diverse analyses to build a predictive understanding 

of how bottom-water dissolved oxygen may mediate water quality in the face of global 

change (Chapter 1 Figure 1). My dissertation demonstrates that increasing prevalence and 

duration of summer bottom-water anoxia may be driven in part by increased spring air 

temperature and the legacy effects of previous years of anoxia (Chapters II and III). In 

turn, bottom-water anoxia has important consequences for the biogeochemical cycling of 

iron, phosphorus, and organic carbon in the bottom waters and sediments of temperate 

lakes (Chapters III and IV). Ultimately, predicting future changes in bottom-water 

biogeochemistry will require both fundamental ecological understanding and rigorous 

conceptual and methodological frameworks for the quantitative prediction of future 

ecosystem states (Clark et al., 2001; Dietze et al., 2018; Luo et al., 2011). In Chapter V, I 

explored the emerging field of near-term ecological forecasting as one approach to meet 

this need. I documented that near-term ecological forecasting is widespread and growing, 

and the application of proposed best practices is increasing over time. Through these four 

chapters, my dissertation provides mechanistic characterization of the effects of climate 

change on water quality in lakes worldwide, laying the foundation for forecasts that can 

be used to anticipate, mitigate, and preempt future water quality declines. 

Several themes emerged across the chapters of my dissertation, which I describe 

in more detail throughout the six sections of this Synthesis (section names are italicized 
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below). First, on a high level, my dissertation demonstrates the importance of 

characterizing summer bottom-water biogeochemistry in lakes (See: Importance of 

bottom water analysis, below). Second and third, I identified multiple Drivers of bottom-

water dissolved oxygen dynamics and Consequences of bottom-water dissolved oxygen 

declines throughout Chapters II–IV. Synthesizing across these three chapters provides 

complementary insight into biogeochemical dynamics in the bottom waters of temperate 

lakes. Fourth, both the drivers and consequences of bottom-water anoxia appear to be 

influenced in large part by antecedent conditions prior to the onset of anoxia, which I 

discuss in Ecological memory and legacy. Fifth, the four chapters of my dissertation span 

multiple scales of analysis; individually, each of these scales provides an important but 

limited perspective on ecological function, and combining research across multiple scales 

can provide more comprehensive insight into biogeochemical dynamics (Strengths and 

limitations of dissertation approaches). Lastly, I hope that my dissertation research can 

contribute to the development of future analyses on lake ecosystem function. In the 

section Future Research, I highlight three directions that I anticipate could be particularly 

important avenues of future research building upon my dissertation. 

 

Importance of bottom-water analysis 

While surface-water dynamics may be characterized across hundreds of thousands 

of widespread lakes using remote sensing (Khandelwal et al., 2022; Topp et al., 2021; 

Yang et al., 2022), bottom-water data collection is often more resource-intensive, 

logistically challenging, and expensive. Bottom-water data collection typically entails 

either physically traveling to the waterbody and conducting manual profiles from a boat 
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or purchasing and maintaining in situ sensors. As a result, there are substantial disparities 

in data availability for surface- vs. bottom-water variables. In Chapters II and III, I 

compiled and analyzed one of the largest existing databases that include both surface and 

bottom-water temperature and dissolved oxygen data in lakes, and I was only able to 

characterize ~600 lakes (Lewis et al., 2024). Conversely, remote sensing and other 

technologies have enabled studies of surface water quality across >600,000 lakes 

worldwide (Khandelwal et al., 2022).  

Despite these disparities, my dissertation research highlights the critical 

importance of studying bottom water conditions to understand whole-lake dynamics. For 

example, Chapter II demonstrates that if we expected bottom-water temperature and 

dissolved oxygen to be driven by the same factors as surface water temperature (i.e., 

spring vs. summer air temperature), we would overestimate trends in bottom-water 

temperature and dissolved oxygen by a factor of four. This mischaracterization of 

bottom-water temperature and dissolved oxygen would in turn have important 

implications because of the whole-ecosystem effects of bottom-water dissolved oxygen 

dynamics on carbon and nutrient cycling (Chapters III and IV). As climate and land use 

change continues to alter lake ecosystem function (e.g., Jane et al., 2021; Jenny et al., 

2016; O’Reilly et al., 2015), my dissertation research highlights the importance of 

continuing and expanding data collection for bottom-water processes.  

 

Drivers of bottom-water dissolved oxygen dynamics 

Multiple factors can contribute to variation in summer bottom-water dissolved 

oxygen concentrations over time, as identified in Chapters II and III of my dissertation. 
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Understanding the relative importance of these drivers may help predict where and when 

lakes are likely to experience the negative effects of hypoxia and anoxia. Both Chapters 

II and III highlight that spring air temperature is one particularly important driver of 

bottom-water dissolved oxygen concentrations. Increased spring air temperature may 

contribute to oxygen declines by prolonging summer stratification (Jane et al., 2023; 

Woolway et al., 2021), as well as by increasing hypolimnetic temperatures, which will in 

turn drive increased rates of respiration and increased oxygen demand (Chapters II and 

III; Pace & Prairie, 2005; Yvon-Durocher et al., 2012). Notably, the importance of spring 

air temperature as a driver of bottom-water dissolved oxygen is likely to be particularly 

pronounced in large, stably-stratified lakes, where we observed stronger seasonal 

ecological memory for bottom water temperature and dissolved oxygen (Chapter II).  

In addition to air and water temperature (e.g., Jane et al., 2023; Pace & Prairie, 

2005), variation in bottom-water dissolved oxygen may also result from changes in 

organic matter availability (e.g., Bastviken et al., 2003, 2004; Müller et al., 2012). 

Specifically, in Chapter III, we found that summer bottom-water oxygen demand was 

positively associated with surface chlorophyll-a (a metric of phytoplankton biomass) 

during both the current and previous summer. Averaged across all lakes, bottom-water 

temperature played a relatively greater role than chlorophyll-a in determining the rate of 

summer oxygen demand. However, the relative importance of chlorophyll-a as a driver of 

summer oxygen demand increased with longer residence time across lakes (i.e., 

accounting for bottom-water temperature and other factors; Chapter III). Notably, we 

found that spring air temperatures had a positive effect on both summer chlorophyll-a and 

summer bottom-water temperatures (Chapters II and III), indicating that increased spring 
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air temperature may contribute to increased summer bottom-water oxygen demand via 

multiple potential mechanisms. Ultimately, variation in both bottom-water temperature 

and surface phytoplankton biomass will likely be most influential in driving anoxia in 

deep lakes, as the effect of oxygen demand on the spatial and temporal extent of anoxia 

(i.e., “anoxic factor”; Nürnberg, 1995, 2019) increased with greater mean lake depth 

(Chapter III). In sum, Chapters II and III highlight that multiple drivers can contribute to 

interannual variability in summer bottom-water dissolved oxygen, and the relative 

importance of these factors may vary across lakes as a result of both lake morphometry 

and residence time.  

 

Consequences of bottom-water dissolved oxygen declines 

In Chapters III and IV, I assessed how anoxia may alter ecological functioning in 

lakes by mediating the flux of phosphorus (Chapter III) and organic carbon (Chapter IV) 

across the sediment-water interface. Decades of research using both sediment core 

incubations and whole-ecosystem oxygenation have established that anoxia can increase 

total phosphorus (TP) accumulation in bottom waters, at least in part through reductive 

dissolution of Fe(III) in Fe-bound phosphorus (Fe-P) complexes (Beutel & Horne, 1999; 

Einsele, 1936; Mortimer, 1942; Orihel et al., 2017 and references therein). However, Fe 

can also form redox-sensitive complexes with organic carbon (OC; Barber et al., 2017; 

Hemingway et al., 2019; Lalonde et al., 2012; Moorhead et al., 1999), which have been 

less examined than Fe-P in freshwater sediments. The discrepancy between the 

fundamental characterization of Fe-P and Fe-OC motivated divergent scales of analysis 

for two of my dissertation chapters: whereas Chapter III built upon previous experimental 
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work to assess how anoxic TP dynamics shape water quality on an international scale 

(i.e., across >600 lakes on five continents), Chapter IV focused on a more fundamental 

characterization of Fe-OC using microcosm and whole-ecosystem experiments across 

two reservoirs. Ultimately, these two chapters provide complementary insight that 

contributes to a more robust understanding of bottom-water biogeochemistry under 

dynamic oxygen conditions. 

Synthesizing freshwater Fe-OC research (e.g., Chapter IV) with previous research 

on Fe-P highlights that these two types of biogeochemical complexes exhibit similar 

dynamics, despite often being studied separately. Notably, the total pools of Fe-P and Fe-

OC both appear to include substantial fractions that are stable under reducing conditions, 

despite containing some redox-sensitive fractions in surficial sediment (Chapter IV; 

Hupfer & Lewandowski, 2008; Li et al., 2015; Peter & Sobek, 2018; Wen et al., 2020). 

Short-term experiments and laboratory incubations often document reductive dissolution 

of surficial Fe complexes, resulting in release of Fe, phosphate, and DOC from sediment 

(Albright & Wilkinson, 2022; Orihel et al., 2017; Peter et al., 2017 and references 

therein). However, factors other than Fe binding may play an equal or greater role in 

governing long-term TP and OC retention in sediments (e.g., Hupfer & Lewandowski, 

2008; Katsev et al., 2006; Li et al., 2015; Peter & Sobek, 2018). For example, we found 

in Chapter IV that total OC in sediment increased in sediment following multiple years of 

summer anoxia, likely due to decreased respiration rates under anoxic conditions. 

Conversely, if the main driver of sediment OC had been Fe-OC complexation, we would 

have expected to see decreased total OC in sediments following multiple years of anoxia 

due to reductive dissolution of Fe(III) in Fe-OC compounds. Research on Fe-P has 
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similarly shown that the rate of TP input to sediments and organic P speciation may play 

a greater role than Fe-TP dynamics in determining net TP retention in sediments (Joshi et 

al., 2015; Reitzel et al., 2007). Despite these findings, redox conditions in bottom waters 

likely still play an important role in governing the accumulation of TP within the water 

column. For example, in Chapter III, we found that the anoxic factor (i.e., the spatial and 

temporal extent of anoxia; Nürnberg, 1995) was significantly correlated with bottom-

water TP concentrations both across lakes and within lakes over time.  

Importantly, one driver that likely regulates both Fe-P and Fe-OC dynamics 

across lakes is the availability of Fe in sediments. In Chapter IV, we found that a much 

higher fraction of sediment organic carbon was bound to iron in two iron-rich, low-DOC 

freshwater reservoirs (∼30%), compared to the high-DOC systems that had been studied 

previously (0–11%; Peter & Sobek, 2018). Motivated by similar findings for Fe-TP, 

addition of Fe-based compounds has been used as a water quality remediation approach 

to increase the retention of TP in sediments (e.g., Cooke et al., 2005; Münch et al., 2024). 

When Fe is limiting, phosphate appears to have an inhibitory effect on the complexation 

of Fe and OC, as TP and OC compete for both coprecipitation with Fe and adsorption on 

Fe(III) mineral surfaces (Luo et al., 2022). However, Fe, OC, and TP can also co-

precipitate to create ternary OC-P-Fe compounds, enhancing sediment retention of both P 

and OC (Luo et al., 2022).  

In sum, synthesizing my Ph.D. research in combination with previous literature, it 

appears that (1) anoxia can contribute to increased bottom-water TP and DOC 

concentrations in lakes, (2) these relationships are driven in part by complexation with 

Fe, and (3) other factors may have equal or greater importance in governing TP and OC 
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retention in sediment over multiannual timescales. Furthermore, the effects of anoxia on 

OC and TP are not only similar across the two compounds but directly shaped by 

interactions between OC and TP (e.g., ternary OC-P-Fe compounds, competition for 

binding with Fe). Consequently, future analyses that consider both Fe-OC and Fe-P will 

likely be helpful to better understand the biogeochemical dynamics of both compounds 

under varying oxygen conditions.  

 

Ecological memory and legacy 

Across ecosystems and variables, ecological memory and legacy effects have 

gained increasing attention in recent decades to describe the influential role that 

antecedent conditions can play in driving changes in population, community, and 

ecosystem dynamics (e.g., Dugan, 2021; Hanson et al., 2023; Ogle et al., 2015; Pilla et 

al., 2023; Van Meter et al., 2018). Memory and legacy are variably defined across 

analyses (e.g., Moorhead et al., 1999; Ogle et al., 2015), and my dissertation chapters 

illustrate the breadth of these terms. In particular, Ogle et al. (2015) differentiate between 

exogenous and endogenous ecological memory, where exogenous memory describes the 

effects of antecedent external factors (e.g., meteorology) on an ecosystem, and 

endogenous memory describes the effects of historical states internal to the ecological 

variable of interest. Through Chapters II and III, we show that both exogenous and 

endogenous ecological memory govern summer bottom-water oxygen dynamics: 

exogenous memory of spring air temperature influences summer dissolved oxygen 

concentrations (Chapter II), as does endogenous memory of dissolved oxygen 

concentrations the previous summer (Chapter III). Notably, whereas ecological memory 



 

344 

 

often exerts a secondary influence relative to current conditions, bottom-water dynamics 

in lakes represent an interesting case study for a system in which exogenous ecological 

memory of spring air temperatures plays a more important role than current summer air 

temperatures in shaping summer bottom-water dissolved oxygen concentrations (Chapter 

II).  

Differences in ecological memory among lake variables may have implications 

for future efforts to forecast water quality. While forecast performance is expected to 

degrade across increasing forecast horizons for all variables (Chapter V), ecological 

memory may play a role in regulating the degradation rate. For example, because summer 

surface water temperatures are more strongly influenced by summer air temperature than 

spring air temperature, season-ahead forecasts of summer surface water temperature 

made at the start of summer stratification may be limited by the performance of season-

ahead meteorological forecasts of summer air temperature (Bauer et al. 2015). 

Consequently, we would expect a relatively rapid rate of degradation in the performance 

of surface water temperature forecasts over the seasonal forecast horizon. Conversely, a 

season-ahead forecast of bottom-water temperature made at the start of summer 

stratification may be expected to perform comparatively better throughout the duration of 

summer stratification, as summer bottom-water temperature is more strongly influenced 

by the known (i.e., recently observed) spring air temperature than the forecasted summer 

air temperature (Chapter II). We would expect this pattern to occur specifically in 

forecast models that include air temperature as a covariate, which is likely necessary for 

accurate predictions of both surface and bottom-water temperature (Chapter II). 

Ultimately, testing the relationship between ecological memory and predictability will 
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require the production and comparison of forecasts for multiple lake variables that are 

differentially governed by antecedent vs. concurrent conditions.  

 

Strengths and limitations of dissertation approaches 

Throughout my dissertation, I used multiple methods and scales of analysis to 

characterize fundamental biogeochemical mechanisms, assess the ecosystem-level 

relevance of these mechanisms, and identify future ecological research priorities. Each 

approach (i.e., microcosm incubations, whole-ecosystem experiments, analysis of 

observational data from many lakes, and synthetic literature review) has distinct strengths 

and limitations, and combining multiple approaches provided complementary insight into 

bottom-water dissolved oxygen dynamics. Below, I describe each of the four major 

approaches I used in my dissertation, with their corresponding strengths and caveats. 

First, investigations on microcosm scales have provided insight into the 

fundamental drivers and consequences of oxygen declines, both in my dissertation and 

across previous research (e.g., Bastviken et al., 2004; Peter & Sobek, 2018; Chapter IV). 

However, microcosm incubations are limited by potential fouling and changes in 

microbial communities, among other abstractions, and microcosms inherently do not 

reflect the full range of processes that interact to control oxygen dynamics in lakes and 

reservoirs (e.g., Carpenter, 1996; Schindler, 1998). Notably, in Chapter IV, our 

microcosm results likely had limited applicability on a whole-ecosystem scale, as we 

observed microbial biofilms in oxic microcosms, which altered microcosm OC dynamics. 

Similar biofilms were never observed at the study reservoir on a whole-ecosystem scale, 

likely due to turbulence near the sediment, among other factors. Despite this limitation, 
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the microcosm incubations were ultimately still valuable as a means of identifying that 

Fe-OC compounds buried in deeper sediment may be more resistant to reductive 

dissolution than newly-formed surficial Fe-OC in reservoir sediments. 

Second, whole-ecosystem experiments provide an excellent means of testing the 

effects of altered environmental conditions in a real-world environmental context 

(Carpenter, 1996; Dzialowski et al., 2014; Schindler, 1998). However, variability on a 

whole-ecosystem scale may limit the capacity to detect subtle changes that could be 

better identified by microcosm-scale research (Drenner & Mazumder, 1999), and whole-

ecosystem experiments are often limited by the fact that they can be intensive and 

difficult to replicate. In Chapter IV, whole-ecosystem experiments allowed us to 

characterize the effects of dynamic oxygen conditions on biogeochemical cycling over 

multiple timescales. However, we were only able to include two oxic periods and three 

hypoxic periods during a summer of intermittent oxygenation, and we were only able to 

characterize these dynamics in two reservoirs (one oxygenated reservoir and one 

reference reservoir), which are not representative of all freshwater systems. 

Consequently, additional approaches are needed to assess whether the results from our 

whole-ecosystem experiments will be applicable to other waterbodies.  

Third, field surveys and observational analyses across many lakes are useful for 

demonstrating the broad applicability of mechanisms identified in more localized 

research. In Chapters II and III, we built upon previous small-scale experimental analyses 

to assess support for seasonal ecological memory and the Anoxia Begets Anoxia 

feedback across >600 widespread lakes. A fundamental goal of both projects was to 

identify whether the strength of these interactions varied depending on the characteristics 
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of the lake (e.g., lake size), which would not be possible without analysis of many lakes 

worldwide. However, observational analyses of widespread lakes are fundamentally 

limited in their ability to assess causal relationships. In Chapter II, we partially addressed 

this gap by using hydrodynamic model output from 42 lakes in our dataset, which 

provided further support for the seasonal ecological memory effect in the bottom waters 

of temperate lakes. However, future research will be required to partition the relative 

importance of ice dynamics, mixing period duration, and stratification onset date, among 

other factors in shaping summer bottom-water dynamics across lakes. Importantly, the 

datasets used for analysis of widespread lakes rarely provide a comprehensive or 

unbiased representation of ecosystems worldwide. In the database analyzed in Chapters II 

and III, the majority (82%) of lakes were in temperate climate zones, primarily in the 

United States; consequently, results are likely not generalizable to the global population 

of lakes, and more research is needed to characterize DO dynamics in a broader, 

representative range of ecosystems.  

Finally, prioritizing and leveraging these diverse research approaches requires 

thoughtful consideration of the broader state of existing knowledge. As such, literature 

review can also be a useful means of helping to understand ecological dynamics. In 

Chapter V, our systematic review of 178 near-term ecological forecasting papers allowed 

us to analyze progress in this emerging field, identify spatial biases in existing forecast 

sites, and help prioritize future directions. Comparing multiple published forecasting 

studies also allowed us to identify that the rate of decline in forecast performance differed 

among ecological variables over 1–7 day ahead forecast horizons. However, this analysis 

(as with many other meta-analyses) was notably limited by the fact that we only 
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considered published literature, and operational forecasting systems that had not been 

described in peer-reviewed literature were excluded from our study. Future trans-

disciplinary research and collaborations will be needed to characterize operational 

ecological forecasting infrastructure that is unpublished or only available in gray 

literature. Altogether, microcosm incubations, whole-ecosystem experiments, large-scale 

observational analyses, and literature review all provide important but limited 

perspectives on ecological function, and studies across multiple scales and approaches are 

needed to provide complementary insight into the processes governing biogeochemical 

dynamics in lakes worldwide.  

 

Future research 

The chapters of my dissertation lay the foundation for future analyses of 

freshwater biogeochemical dynamics across multiple scales. In particular, there are three 

research directions that I consider to be particularly important ways of building upon the 

strengths and limitations of my dissertation research: (1) building forecasts of bottom-

water dissolved oxygen dynamics, (2) characterizing spatiotemporal scales of variability 

in bottom-water dynamics, and (3) quantifying trends in bottom-water carbon cycling 

dynamics across widespread lakes. Below, I outline existing progress and research 

questions for each of these three directions. 

 

Building towards forecasts 

Forecasting future anoxia may be critical to lake management amidst global 

change. In particular, my research highlights that management to preempt the first 
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occurrence of anoxia in a lake may be substantially more effective than management to 

restore ecological function after oxygen concentrations have already declined (i.e., due to 

the ABA feedback; Chapter III). In Chapter V, I explored near-term ecological 

forecasting as an emerging field focused on addressing this need for anticipatory 

predictions. Motivated by this body of work, a key next step will be to develop scalable 

near-term forecasts for bottom-water dissolved oxygen in lakes, which can aid in both 

understanding and managing lake ecosystem function. 

My dissertation highlights several covariates that will likely be important to 

include in models for generating summer bottom-water dissolved oxygen forecasts. 

Specifically, spring air temperature just prior to the onset of summer stratification 

appears to be a key covariate for predicting summer bottom-water temperature and 

dissolved oxygen (Chapter II). Likewise, chlorophyll-a concentrations during both the 

forecasted summer and the previous year have the potential to affect the rate of oxygen 

demand, with concentrations the previous year being marginally more important (Chapter 

III). In Chapter V, we found that the performance of chlorophyll-a forecasts decreases 

rapidly over 1–7 day forecast horizons, indicating that it may be difficult to use 

forecasted chlorophyll-a as a driver of dissolved oxygen beyond one week in the future. 

However, year-ahead forecasts of bottom-water dissolved oxygen that are able to 

assimilate observed (i.e., rather than forecasted) chlorophyll-a data may be especially 

useful and effective. More broadly, dissolved oxygen forecasts may be expected to 

perform well over longer horizons than chlorophyll-a given the strong role of ecological 

memory in governing summer bottom-water dissolved oxygen (Chapters II and III). As 

these forecasts are developed, it will likely be important to engage with end users early 
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on and compare multiple modeling approaches, following our proposed best practices in 

near-term ecological forecasting (Chapter V). Ultimately, the development and 

evaluation of bottom-water dissolved oxygen forecasts has the potential to contribute to 

both fundamental understanding of bottom-water dynamics and near-term ecological 

management goals. 

 

Spatiotemporal scales of variability in surface- and bottom-water dynamics 

A second avenue for future research would be to explicitly characterize 

landscape-scale spatial relationships that drive variation in surface- and bottom-water 

biogeochemistry. In Chapters II and III, I analyzed a large database of many lakes 

worldwide. Following many previous lake studies (e.g., Jane et al., 2021; Pilla et al., 

2020), I treated each lake as an independent replicate in these analyses. However, 

catchment- to regional-scale factors likely drive spatial autocorrelation in biogeochemical 

dynamics among lakes (e.g., Pham et al., 2008) and synchrony in how in-lake 

biogeochemical variables change over time within a region (Lottig et al., 2017; 

Magnuson et al., 2004; Walter et al., 2017), potentially confounding these analyses. In 

general, the assumption of independence may be more justified for bottom-water vs. 

surface-water processes due to seasonal stratification, which partially isolates bottom-

waters from regional variation in terrestrial and atmospheric processes. However, my 

dissertation also highlights that bottom-water biogeochemistry is shaped by regionally 

consistent changes in spring air temperature and nutrient loading (Chapters II and III). 

Therefore, characterizing spatial autocorrelation and synchrony in both surface-water and 

bottom-water biogeochemical variables across many lakes is necessary as a first step to 
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clarify the relative importance of in-lake vs. external drivers of change. This initial 

characterization can then be used to inform the development of future models that couple 

catchment and in-lake data to predict changes in bottom-water biogeochemistry across 

space and time. 

 

Trends in bottom-water carbon cycling dynamics across widespread lakes 

Climate-driven changes in bottom-water dissolved oxygen dynamics have the 

potential to alter carbon cycling processes in lakes worldwide (e.g., Chapter IV), which 

may feed back to alter the global carbon cycling processes that shape Earth’s climate 

(Chapter 1 Figure 1). However, limited characterization of bottom-water greenhouse gas 

dynamics across regional to global scales has prevented the mechanistic incorporation of 

these processes to more accurately predict greenhouse gas emissions from lakes amidst 

global change. Future efforts to (1) compile data for bottom-water dissolved organic 

carbon, carbon dioxide, and methane and (2) characterize patterns in bottom-water 

carbon cycling across space and time will help advance our understanding of how 

changes in bottom-water dissolved oxygen are altering freshwater carbon cycling 

worldwide. 

Existing research suggests that declining oxygen concentrations may increase 

dissolved organic carbon flux out of sediment (Chapter IV; Carey et al., 2022; Peter et 

al., 2017), decrease respiration rates (Chapter IV; Carey et al., 2018; Hargrave, 1969; 

Sobek et al., 2009; Walker & Snodgrass, 1986), and disproportionately promote the 

accumulation of methane, vs. carbon dioxide, in bottom waters (Hounshell et al., 2021; 

Juutinen et al., 2009; Soued & Prairie, 2022). Consequently, based on oxygen declines 
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alone, there may be reason to expect that dissolved organic carbon concentrations are 

increasing, carbon dioxide concentrations are decreasing, and methane concentrations are 

increasing in the bottom waters of widespread lakes. Importantly, however, bottom-water 

carbon dynamics are also strongly influenced by numerous other factors including water 

temperature, dissolved organic matter inputs, stratification duration, and mineral 

availability, all of which are also changing over time in many lakes (Björnerås et al., 

2017; Jane et al., 2023; Monteith et al., 2007; O’Reilly et al., 2015; Pilla et al., 2020; 

Weyhenmeyer et al., 2014). Altogether, understanding the dynamic role of lakes in the 

global carbon cycle will require integrated approaches, including long-term monitoring 

data on a global scale.  

 

Conclusion 

Throughout my dissertation, I built a predictive understanding of how bottom-

water dissolved oxygen may mediate water quality in lakes amidst global change. I 

characterized both causes (e.g., increased spring air temperature) and consequences (e.g., 

altered biogeochemical cycling) of changes in bottom-water dissolved oxygen across 

multiple scales of analysis, and I analyzed the development of near-term ecological 

forecasting as an emerging subdiscipline that may aid in management of future water 

quality dynamics.  

My dissertation highlights that water quality management needs may vary over 

short- and long-term timescales, with local to global scope. Over short-term timescales 

(e.g., days to years), local adaptation measures may be useful for maintaining sufficient 

water quality to support drinking water, recreation, and other ecosystem services, which 
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may be aided by the use of near-term ecological forecasts. Local and regional catchment 

management can also be useful in helping to decrease nutrient inputs to lakes, though 

lake water quality improvement may take years to decades due to legacies of historical 

nutrient loading. Ultimately, climate change has been identified in my dissertation and 

previous research as one of the most important factors governing lake oxygen declines 

across recent decades (e.g., 1950–present). Addressing climate change will require 

concerted efforts on a global scale. While it may take centuries to see the impacts of 

climate mitigation on lakes, these efforts are profoundly important for conserving 

ecological function across freshwater ecosystems.  
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