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Abstract  

 The study of freshwater microbial ecology has the potential to improve our 

knowledge both of biogeochemical cycling in freshwater and of the ecology of microbial 

communities. However, this area of research also presents several challenges. The first 

is that most freshwater microbes cannot yet be cultivated in the lab. While the number 

of freshwater isolates is steadily increasing, the high levels of diversity observed in 

freshwater microbial communities make describing biogeochemical cycling one species 

at a time a herculean task. The second is the difficulties of experimentation in lakes - 

designated control or replicate lakes often make poor comparisons, mesocosm 

experiments are subject to bottle effects, and there are high levels of variability within 

these communities. In this thesis, I use time series of DNA and RNA sequencing data to 

investigate uncultured freshwater microbes, to view the microbial communities as 

whole, dynamic entities, and to provide statistical power to a system that is difficult to 

control and replicate.  

Using a multi-year time series of 16S rRNA amplicon data, I identify 

characteristic community members of bog lakes and assess their variability. By 

analyzing a multi-year metagenomic time series and genomes generated from that data, 

I compare microbial metabolisms between two lakes to infer differences in 

biogeochemical cycling. Finally, I use a two day time series of metatranscriptomics to 

learn how gene expression changes in day versus night and to learn how closely related 

taxa differentiate their niches and co-exist. This work adds to our knowledge of 

freshwater microbial ecology and can be used as a resource by other researchers. 
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Chapter 1: Introduction 

Microbes in freshwater ecology 

Microbes form the foundations of ecosystems, and the importance of the           

functions they perform far outweighs their cell sizes. They are responsible for fixing             

carbon and nitrogen from the atmosphere, recycling nutrients from higher trophic levels            

through decomposition, transforming inorganic nutrients such as nitrogen, phosphorus,         

and sulfur, and adding energy to ecosystems via photosynthesis. Without microbes,           

ecosystems could not support multicellular life or many of the ecosystem services on             

which humans depend. 

Freshwater ecosystems are both vital to human health and susceptible to issues            

caused by changes in their resident microbial communities. Beach closings and           

contaminated drinking water supplies are high profile examples of how microbes           

directly impact freshwater ecosystem services, but they can also have indirect effects,            

such as fish kills due to microbially-induced hypoxia ​(1) and the methylation of mercury              

to its more toxic form ​(2)​. Because microbes are at the base of the freshwater food chain,                 

seemingly minor changes in the microbial community can ripple throughout the entire            

ecosystem. 

Freshwater receives nutrients from surrounding terrestrial ecosystems, making        

lakes, ponds, and rivers “hot spots” of biogeochemistry at the landscape level ​(3)​. Much              

https://paperpile.com/c/z0wJNO/0GkM
https://paperpile.com/c/z0wJNO/kPDW
https://paperpile.com/c/z0wJNO/5DLY
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of this chemical processing is performed by microbes, which transform compounds           

largely inaccessible to higher trophic levels into consumable biomass. The connectivity           

of freshwater within landscapes makes nutrient cycling in these ecosystems an           

important area of research ​(4)​. However, microbes are often considered to be a single,              

stable entity for the purposes of ecosystem nutrient budgets, an assumption that has             

been proven false in many systems and may lead to incorrect conclusions ​(5–7)​.             

Therefore, the study of microbial community dynamics in freshwater has the potential            

to drastically improve our understanding of freshwater carbon and nutrient cycling. 

A word on terminology 

This thesis is located at the intersection of microbiology and limnology. These            

two fields have approached microbes in freshwater differently for some time, and often             

used conflicting terminology. In this thesis, I generally prefer to use the microbiology             

terms, as these are broadly applicable to other ecosystems and allow comparisons with             

the body of literature on microbiomes. However, knowledge of both terms is necessary             

to synthesize previous research from both fields.  

An important distinction in limnology is the classification of organisms into           

nekton​, ​plankton​, and ​benthos​. Nekton are organisms that can move more quickly than             

water currents; in lakes, this typically refers to fish. Plankton include organisms such as              

zooplankton, algae, and larvae that cannot move as quickly as the currents and are at the                

mercy of physical limnology. Benthos are organisms that inhabit the lakebed and            

sediments. Water column microbes are categorized as plankton in lakes. Plankton can            

https://paperpile.com/c/z0wJNO/l3fX
https://paperpile.com/c/z0wJNO/ooxj+2oNg+k5z9
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be further classified by size, with microbes typically considered ​pico- to ​microplankton​,            

or by trophic level. Photosynthetic plankton are termed ​phytoplankton, a group that            

includes tiny plants, eukaryotic algae, and phototrophic prokaryotes such as          

Cyanobacteria​. “Algae” is occasionally used as a synonym for phytoplankton, a name            

contrary to microbiology, where algae typically refers to eukaryotes only. ​Zooplankton           

are small animals or protists that consume phytoplankton or detritus. Classically, these            

were the only trophic distinctions, but more recently, ​bacterioplankton ​has been used to             

describe heterotrophic bacteria, while ​mycoplankton ​refers to heterotrophic fungi.  

In microbiology, metabolism types define freshwater microbial groups.        

Autotrophic ​organisms gain carbon through carbon fixation, while ​heterotrophic         

organisms meet their carbon requirements by ingesting organic compounds.         

Phototrophic ​organisms use light as an energy source, and ​chemotrophic ​organisms use            

chemical energy. Combinations of these classifications are termed ​photoautotrophs,         

photoheterotrophs, chemoautotrophs, and ​chemoheterotrophs. Photoautotrophic     

organisms are roughly equivalent to phytoplankton, while chemoheterotrophs could         

also be called bacterioplankton. Autotrophs and heterotrophs could be said in limnology            

terms to be performing ​primary production ​(adding carbon to the ecosystem by fixing it              

from the atmosphere) and ​respiration ​(producing carbon dioxide that is released from            

the ecosystem to the atmosphere), respectively. Note that respiration has a different            

meaning in microbiology, where it is used to refer to the generation of energy via an                

electron transport chain. Conveniently, the most of the metabolic pathways leading to            
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microbial respiration produce carbon dioxide as a byproduct, so this terminology           

conflict does not often become an issue. It is unclear where photoheterotrophs and             

chemoautotrophs fit into the limnology classification scheme. Therefore, I define          

freshwater microbes by their metabolism types in this thesis. 

Similarly, “nutrients” can be a conflicting term in ecology and microbiology. In            

microbiology, nutrients refers to any chemical requirement of a microbe, whether it is             

carbon, nitrogen, a terminal electron acceptor, or a vitamin. For example, a rich media              

used for culturing may be called a nutrient broth. In ecology, a nutrient is typically an                

element such as nitrogen, sulfur, or phosphorus that is transformed within an ecosystem             

- these would likely be called essential elements by a microbiologist. These            

transformations are collectively referred to as “nutrient cycling,” a term I use here when              

referring to ecosystems.  

 

Table 1.1 Synonymic terms from limnology and microbiology. ​Some key          

concepts in microbiology and limnology have different names. Terms that mean the            

same thing in both fields are listed here, along with their definitions.  

 

Limnology Term Microbiology Term Definitions 

plankton microbial community organisms that are moved by 

water currents; organisms too 

small to see by eye 

phytoplankton photoautotrophic community microbes that perform 

photosynthesis and fix carbon 

bacterioplankton heterotrophic community microbes that rely on organic 

carbon sources 

primary production photoautotrophy the process of using 

photosynthesis coupled with 

carbon fixation 
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Table 1.2. Conflicting terms from limnology and microbiology. ​Some terms          

are used in both microbiology and limnology, but refer to different concepts. Conflicting             

terms and their definitions in both fields are listed here. 

 

Term Limnology Definition Microbiology 

Definition 

algae all photoautotrophs eukaryotic photoautotrophs 

respiration releasing carbon dioxide from 

the consumption of organic 

carbon 

mobilizing energy via an 

electron transport chain; often, 

but not always, coupled with 

organic carbon degradation via 

glycolysis and the tricarboxylic 

acid cycle, which releases carbon 

dioxide 

nutrients elements that are transformed 

within an ecosystem 

compounds that are required for 

growth 

 

Lakes are not tiny oceans 

When it comes to global nutrient cycling, marine ecosystems get the bulk of the              

attention - after all, their surface area and volume far exceeds that of any other type of                 

ecosystem on the planet. Freshwater ecosystems are often considered part of the            

terrestrial ecosystem or delivery systems of nutrients from land to sea. However,            

freshwater itself has been shown to be an important location of nutrient processing.             

Approximately half of the carbon received from the terrestrial landscape is emitted as             

carbon dioxide (0.2 Pg C/year) or stored (0.8 Pg C/year) by freshwater ecosystems ​(8)​.              

While these values are still lower than emission (7 Pg C/year) or storage (2.2 Pg C/year)                

rates for oceans ​(9, 10)​, the amount of carbon cycling in freshwater is still greater than                

https://paperpile.com/c/z0wJNO/1my8
https://paperpile.com/c/z0wJNO/lnk5+IQmG
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would be expected given the much smaller size of freshwater ecosystems compared to             

marine ecosystems. We observe a similar trend with the nitrogen cycle. For example,             

20% of global denitrification is estimated to occur in freshwater, roughly equivalent to             

the amount of denitrification taking place in soils (22%) and about a third of the amount                

occuring in oceans (58%) ​(11)​.  

Within freshwater, emissions of carbon dioxide and methane correlate negatively          

with lake surface area ​(12)​. One reason for this trend is that smaller lakes have a higher                 

ratio of terrestrial carbon received to volume. Another is that lake stratification and the              

diffusion of oxygen into sediments result in oxic-anoxic interfaces, which tend to host             

high rates of microbial growth and metabolism ​(13)​. These factors may explain why             

rates of nutrient cycling in freshwater seem disproportionately high compared to their            

size. 

Microbes are responsible for much of the nutrient cycling in both marine and             

freshwater systems, but the types of microbes found in these ecosystems are distinct.             

Marine and freshwater microbes are not closely related, and crossover colonization is            

rare despite frequent opportunities ​(14)​. When these transition events do occur, major            

changes in central carbon metabolism seem to be required for survival ​(15)​. Microbial             

community structuring by viruses, a hallmark of marine ecosystems, appears to function            

differently in freshwater ​(16)​. Given these contrasting characteristics, conclusions about          

microbial nutrient cycling in oceans cannot be generalized to freshwater lakes. 

https://paperpile.com/c/z0wJNO/tZcT
https://paperpile.com/c/z0wJNO/QTAO
https://paperpile.com/c/z0wJNO/QlfT
https://paperpile.com/c/z0wJNO/Xh6G
https://paperpile.com/c/z0wJNO/MVM7
https://paperpile.com/c/z0wJNO/EeGs
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Microbes in the food chain 

Although aquatic microbes were once considered to be exclusively decomposers          

or phytoplankton, their role and relative importance in the food chain has since been              

expanded ​(17)​. Dissolved organic carbon (DOC) is produced at every trophic level, but             

this carbon is often not in a form available to be consumed by secondary or tertiary                

trophic levels. Microbes are responsible for degrading this DOC, producing biomass,           

and subsequently being consumed. This process of maintaining lost DOC within the            

food web is known as the “microbial loop” ​(18)​. Aquatic microbes perform large             

amounts of respiration during the microbial loop. In some systems, microbial           

respiration is thought to exceed primary production, resulting in the release of excess of              

carbon dioxide to the atmosphere ​(19)​. The balance of respiration to primary production             

varies with nutrient concentrations; oligotrophic systems favor heterotrophic microbes,         

while eutrophic systems favor phototrophic microbes ​(20)​.  

The DOC in lakes that is transferred through the microbial loop to higher trophic              

levels comes in many forms. Traditionally, carbon in lakes is classified as ​allochthonous,             

which means carbon received the surrounding terrestrial landscape, or ​autochthonous,          

which means carbon produced in the lake. Generally, allochthonous carbon is more            

complex, often including cellulose, lignin, and humic substances, while autochthonous          

carbon is derived from photoautotrophs and includes sugars and low molecular weight            

acids. However, there are compounds that contradict this trend, such as the high             

complexity biopolymers produced by photoautotrophs. Microbes are known to degrade          

https://paperpile.com/c/z0wJNO/z3gY
https://paperpile.com/c/z0wJNO/443r
https://paperpile.com/c/z0wJNO/F1GF
https://paperpile.com/c/z0wJNO/P4Fn
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both allochthonous and autochthonous DOC, although research suggests a preference          

for autochthonous carbon ​(21)​. The ratio of allochthonous to autochthonous carbon           

degradation depends on the trophic status of the lake and the productivity of its              

phototrophs ​(22)​. However, carbon transformation within the microbial community         

muddles these categories. Allochthonous DOC can be converted to compounds similar           

to those found in autochthonous DOC. Stable isotope analysis can be used to distinguish              

carbon origins, but it is not clear if microbes still prefer autochthonous over             

allochthonous carbon if they are in equally labile forms. To avoid this issue, I refer to                

carbon compounds as high complexity or low complexity in terms of ecological niches.  

Particulate organic matter (POM), in contrast to DOC, is available to be            

consumed by either macroscopic scavengers or by microbes. POM can be either            

allochthonous or autochthonous and typically comprises less of the organic carbon pool            

than DOC, but contains labile compounds such as protein and polysaccharides ​(23)​. It is              

quickly colonized by microbes, and freshwater particle-associated microbial        

communities have different taxa than free-living microbial communities ​(24)​.         

Free-living and particle-associated microbes can be distinguished via serial filtration.          

Particles can be captured with a 5 micron pore size, while a 0.22 micron pore size is                 

used to capture free-living microbes ​(25)​. Processing lake water through 0.22 micron            

filters without prefiltration, as was done in this thesis, is assumed to include both              

free-living and particle-associated microbes. 

https://paperpile.com/c/z0wJNO/d5aq
https://paperpile.com/c/z0wJNO/nhFZ
https://paperpile.com/c/z0wJNO/0BAH
https://paperpile.com/c/z0wJNO/8nMH
https://paperpile.com/c/z0wJNO/fxAU
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Inorganic compounds, while not technically part of the freshwater food web,           

provide energy to chemotrophs that is utilized by other trophic levels. Common            

terminal electron acceptors in freshwater include sulfate, nitrate, and iron ​(26)​.           

Methanogenesis is another potential energy-generating metabolism, and it is often          

inversely correlated with sulfate reduction ​(27)​. Even organic carbon can sometimes be            

used as to produce chemical energy; humic substances, notoriously complex and           

recalcitrant to degradation, can instead act as electron acceptors ​(28)​. Microbial           

conversions of inorganic compounds are often just as crucial to freshwater nutrient            

cycling as degradation of organic compounds. 

Lifestyles of freshwater bacteria 

It is sometimes quoted in microbial ecology that “everything is everywhere, but            

the environment selects” ​(29)​. Whether every microbe is truly dispersed to every            

ecosystem or not, we do know that freshwater receives a steady influx of immigrant              

microbes from the surrounding landscape and the atmosphere ​(30)​. Yet we still see that              

freshwater microbial communities are distinct from other environments, and there are           

many taxa that seem to be found only in freshwater ​(31)​. As the bacterial taxonomy is                

well-defined ​(32) (and the taxonomy of freshwater algae and fungi is an understudied             

area), I will focus on the bacteria typically found in freshwater lakes. Because bacterial              

species cannot be defined until they are in pure culture, the freshwater bacterial             

taxonomy is instead based on sequence similarity in the 16S rRNA gene and is organized               

hierarchically into monophyletic lineages, clades, and tribes. Each tribe must have           

https://paperpile.com/c/z0wJNO/v5hY
https://paperpile.com/c/z0wJNO/vdNT
https://paperpile.com/c/z0wJNO/lIJZ
https://paperpile.com/c/z0wJNO/CZsV
https://paperpile.com/c/z0wJNO/r4Bj
https://paperpile.com/c/z0wJNO/gH4P
https://paperpile.com/c/z0wJNO/TPQW
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greater than 97% sequence similarity, each clade must have greater than 95% sequence             

similarity, and lineages are monophyletic groups within phyla, typically with 85-90%           

sequence similarity. This taxonomy allows comparison of uncultured freshwater         

bacteria between lakes and research groups. 

One idea that has gained popularity in recent years is that freshwater bacteria can              

be classified by their “lifestyles.” It has long been noticed that bacteria can be roughly               

grouped by abundance patterns. Taxa can be abundant or rare in an ecosystem, and they               

can be persistent or transient. For example, abundant and transient microbes can be             

called “conditionally rare taxa” ​(33)​. In freshwater, toxic ​Cyanobacteria would be           

conditionally rare, although many non-toxic bacteria show this same trend. Presumably,           

the timing of blooms reflects some environmental driver in the lake. Another            

classification is by the range of carbon substrates consumed. Borrowing terms from            

niche ecology, a bacterium that can degrade many types of carbon is considered a              

generalist, while a picky bacterium would be a specialist. Growth rate and motility are              

two other traits that can be factored into lifestyle.  

In freshwater, these traits were used to group bacterial taxa into four lifestyles:             

slow and augmented responders, fast and reduced responders, passive and streamlined,           

and vagabonds ​(34)​. The slow and augmented responders tend to have large genomes, a              

wide array of potential carbon substrates, and slow growth rates. Members of            

Verrucomicrobia​, which are ubiquitous in freshwater and encode a variety of putative            

glycoside hydrolases, would fall into to this category ​(35)​. Fast and reduced responders             

https://paperpile.com/c/z0wJNO/vvBh
https://paperpile.com/c/z0wJNO/85OB
https://paperpile.com/c/z0wJNO/7lxF
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have tend to have genomes of intermediate size, high predicted growth rates, more             

specialized carbon degradation pathways, and motility. Presumably, the “bloomers” and          

conditionally rare taxa mentioned previously would meet this definition. Vagabonds are           

taxa that are found in other ecosystems and likely do not spend their entire life cycle in                 

lakes; whether or not they are metabolically active in lakes is a matter for debate.               

Finally, the passive and streamlined bacteria have small genomes, slow predicted           

growth rates, few potential carbon sources, and little to no evidence of motility.             

Counterintuitively, members of this group are some of the most ubiquitous, abundant,            

and persistent bacteria in lakes. Examples of passive and streamlined freshwater           

bacteria include ​Polynucleobacter necessarius, ​which is commonly found in lakes and           

comprises 20% of bacterioplankton cells on average ​(36)​, and the ​Actinobacteria           

lineage acI, which can make up to 50% of bacterioplankton cells and is globally              

distributed ​(37)​. 

While these lifestyle categories are not all-encompassing, they do provide a           

framework in which to place freshwater bacteria. One insight from these lifestyles is that              

cultured isolates from freshwater tend to be slow and augmented responders, such as             

members of ​Rhodobacter ​and ​Chlorobiales ​(38, 39)​. Meanwhile, the more abundant           

streamlined bacteria have proven more difficult to grow in the laboratory. Isolation of ​P.              

necessarius ​required acclimatization and the removal of potential competitors ​(40)​.          

While acI had previously been enriched using the dilution-to-extinction method ​(41)​, it            

was only recently isolated by adding catalase to the culture media ​(42)​. The success of               

https://paperpile.com/c/z0wJNO/Erfk
https://paperpile.com/c/z0wJNO/6Hyo
https://paperpile.com/c/z0wJNO/7W6O+ZGXf
https://paperpile.com/c/z0wJNO/uSsg
https://paperpile.com/c/z0wJNO/8kQA
https://paperpile.com/c/z0wJNO/cHOq
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this approach was surprising, given that acI encodes and produces its own catalase. This              

result points to dependence on catalase production from another community member.           

Until a larger proportion of freshwater bacteria can be isolated, culture-independent           

methods are needed to prevent conclusions biased towards bacteria with large genomes            

and flexible metabolisms. 

Time for time series 

Time series analysis is a technique routinely employed in ecology. An ideal study             

would include replicate samples from identical lakes ​(43)​; however, finding lakes that            

are truly similar enough to be considered replicate observations of the same lake type is               

often impossible. For example, North and South Sparkling Bog were considered to be             

highly similar lakes based on their similar chemical gradients and geographic proximity            

in a 2012 study, where North Sparkling Bog was perturbed by mixing and South              

Sparkling Bog was used as a control ​(44)​. However, my analysis of a 16S rRNA amplicon                

time series in Chapter 3 showed significant differences in both richness and community             

composition between these two lakes ​(45)​. Time series can be used to assess variation              

within study sites and link that variation to environmental variables, and they are             

particularly valuable in situations such as lake sampling where true replicates and            

controls are not available ​(46)​. Moreover, time series may reveal trends and dynamics             

that cannot be observed in single timepoint studies ​(47)​. In this thesis, I use time series                

extensively to both identify trends over time and to assess variation within my study              

sites.  

https://paperpile.com/c/z0wJNO/c2xd
https://paperpile.com/c/z0wJNO/wZik
https://paperpile.com/c/z0wJNO/hbok
https://paperpile.com/c/z0wJNO/hZyw
https://paperpile.com/c/z0wJNO/OrX6
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A meta-analysis of time series spanning one to three years found positive            

species-time relationships, indicating that more taxa are observed as the duration of            

sampling increases, either due to incomplete sampling, extinction and immigration, or           

speciation ​(48)​. In one freshwater lake, the amount of change in the bacterial             

community over a single day was equivalent to dissimilarity between sampling points            

ten meters apart ​(49)​. Conversely, bacterial communities can also change gradually over            

extremely long time scales, as they are sensitive to changes in environmental parameters             

such as nutrient availability and temperature. Wetland ecosystems and their carbon           

emissions are expected to change on scales greater than 300 years ​(50)​; as these              

emissions are the result of bacterial processes, we expect that the bacterial community             

will change on the same time scale as its ecosystem. Changes in marine phytoplankton              

regimes have been observed to occur over the past millennium, correlating with shifts in              

climate ​(51)​. With such a large range of potential time scales for change, we now               

recognize the need to more rigorously consider the duration and frequency of sampling             

in microbial ecology. 

Multi-year studies of bacterial communities are less common due to their           

logistical difficulties and the need for stable funding, but results from the United States              

National Science Foundation funded Microbial Observatory and Long Term Ecological          

Research (LTER) projects are exemplary. As a few examples among many, the San             

Pedro North Pacific - Microbial Observatory contributed to our understanding of           

heterogeneity of bacterial communities across space and time ​(52)​, while research at the             

https://paperpile.com/c/z0wJNO/yt65
https://paperpile.com/c/z0wJNO/OKQu
https://paperpile.com/c/z0wJNO/8hVV
https://paperpile.com/c/z0wJNO/PVVx
https://paperpile.com/c/z0wJNO/xMJM
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Sapelo Island – Microbial Observatory has led the field in integrating genomic data with              

environmental data ​(53)​. While there are several well-established long-term time series           

in marine systems, studies at this scale in freshwater are rare. In our own North               

Temperate Lakes – Microbial Observatory, based in Wisconsin, USA, a multi-year time            

series of metagenomic data was used to study sweeps in diversity at the genome level               

(54)​, adding to our knowledge of how genetic mutation influences bacterial           

communities. Long-term microbial ecology studies have a time-tested role in the quest            

to forecast bacterial communities and are used extensively in this thesis. Chapter 3             

details a multi-year time series of bacterial 16S rRNA gene amplicon data, allowing             

analysis of variation, seasonal trends, and community composition over time. Chapter 4            

employs a metagenomic time series, paired with genomes recovered from that data            

using time series-resolved binning.Chapter 5 describes a short-term time series of           

metatranscriptomic data over two days, revealing interactions between taxa and          

informing the variability in future, long-term metatranscriptomic studies of freshwater.          

This time series is further used in Chapter 6, where aggregating metatranscriptomic            

data over two days provides a more detailed picture of gene expression than a single               

timepoint. 

Freshwater in the “omics” era 

The advent of next-generation sequencing transformed the field of microbiology,          

and freshwater microbial ecology is no exception. While sequencing is a powerful tool             

for observing thousands of microbial taxa at once, it presents unique drawbacks and             

https://paperpile.com/c/z0wJNO/77mM
https://paperpile.com/c/z0wJNO/7EqT
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challenges. Every decision made in the sequencing process introduces bias, and           

analyzing sequencing data is often more difficult and time-consuming than producing it.            

However, the advantages provided by sequencing have made it the method of choice for              

many microbiome studies, and it is a method that I rely on extensively in this thesis                

(Table 1.1). 

The first type of sequencing data I use is 16S rRNA gene amplicon sequencing.              

The 16S ribosomal RNA subunit is a gene found in all bacteria that contains both               

conserved and variable regions. This makes it an excellent target for phylogenetic            

studies. Prior to the sequencing era, the ribosomal RNA region was the marker for              

changes in community composition using Automated Ribosomal Intergenic Spacer         

Analysis (ARISA) ​(55)​. ARISA was extensively used in freshwater microbial          

communities to study responses to disturbance ​(44)​, to compare community changes           

across lakes ​(56)​, and to infer interactions between taxa ​(57)​. However, ARISA can only              

infer changes in community composition, not identify taxa in the community. 16S rRNA             

gene amplicon sequencing can be used to both classify sequences and measure relative             

abundance at a finer resolution than ARISA. It is important to note that sequencing              

provides relative abundance data, not absolute abundance data; if one taxon in the lake              

increases in abundance, the abundances of other taxa would appear to decrease in a 16S               

study. There are programs available to correct for the autocorrelations produced by this             

effect ​(58)​. Additionally, primer design and extraction method can impact the results of             

this type of sequencing ​(59, 60)​. Despite these limitations, 16S rRNA amplicon            

https://paperpile.com/c/z0wJNO/NNfT
https://paperpile.com/c/z0wJNO/wZik
https://paperpile.com/c/z0wJNO/USN7
https://paperpile.com/c/z0wJNO/gp4X
https://paperpile.com/c/z0wJNO/wOBy
https://paperpile.com/c/z0wJNO/eGJV+SJrp


 

 

16 

sequencing is a powerful tool in a microbial ecologist’s arsenal and a great candidate for               

time series analysis. 

Metagenomics, used in Chapter 4, is the sequencing of all DNA in an             

environmental sample. This method has been used in freshwater to compare gene            

content across ecosystems or over time. For example, metagenomics has been used to             

predict the distribution of methylotrophs in freshwater ​(61)​, to identify carbon fixation            

pathways in humic lakes ​(62)​, and to study members of the candidate phyla radiation in               

groundwater ​(63)​. While metagenomics provides detailed information on the         

abundance of genes, classifying the genes in a metagenome can be difficult. One way to               

improve taxonomic classifications is to reconstruct genomes from metagenomes, known          

as “metagenome-assembled genomes” or MAGs. Although this approach aggregates         

genetically similar populations into often incomplete genomes, MAGs can be quite           

informative about the potential metabolic capabilities of uncultured taxa. The          

ubiquitous freshwater lineage acI has been studied using MAGs, which suggested           

additional nutrient sources that could be used by this taxon ​(64)​. Similarly, genes             

encoding diverse carbohydrate-active enzymes were identified in MAGs of freshwater          

Verrucomicrobia ​(35)​. While the presence of metabolic pathways inferred from gene           

content must be experimentally verified before being considered fact, analysis of MAGs            

can provide focus to research on complex communities. 

Metatranscriptomics, the basis of Chapter 5, is the sequencing of environmental           

RNA and is one of the more recently applied sequencing techniques. The main challenge              

https://paperpile.com/c/z0wJNO/nYgs
https://paperpile.com/c/z0wJNO/cZNb
https://paperpile.com/c/z0wJNO/nE4L
https://paperpile.com/c/z0wJNO/TVfX
https://paperpile.com/c/z0wJNO/7lxF
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in the application of metatranscriptomics is the RNA itself. We are interested in             

sequencing RNA because it degrades in minutes, providing a snapshot of the cell’s             

metabolism in a short window of time ​(65)​. This also means that environmental RNA              

must be collected quickly and immediately immobilized, preferably by flash freezing           

samples in liquid nitrogen. Metatranscriptomes are also notoriously variable and          

require more replicates than metagenomes to ensure accurate conclusions. Add to this            

the fact that the human body is constantly shedding RNA-degrading enzymes as a             

defense against viruses, and collecting RNA in the field becomes a significant challenge.             

Metatranscriptomic studies of freshwater have been performed, but they are much less            

common than metagenomic studies, and often have smaller sample sizes ​(66)​.           

Metatranscriptomics does have its limitations, one key issue being the lack of evidence             

that mRNA expression correlates with the abundances of the encoded proteins in the             

cell ​(65)​. However, results from marine metatranscriptomics demonstrate that this          

method still has much to add to our understanding of freshwater microbial communities             

(53, 67)​.  

 

 

 

 

 

 

https://paperpile.com/c/z0wJNO/2ckO
https://paperpile.com/c/z0wJNO/mpG2
https://paperpile.com/c/z0wJNO/2ckO
https://paperpile.com/c/z0wJNO/o317+77mM
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Table 1.3. Sequencing methods used in this thesis. ​As each type of sequencing             

has unique strengths and weakness, a variety of methods were used in this thesis. The               

abbreviations, location in the thesis, and information about each sequencing method           

used is reported here. 

 

Method Abbreviation Used in: Strengths Weaknesses 

16S rRNA gene 

amplicon sequencing 

16S sequencing Chapter 3 - Provides information 

about taxonomy and 

abundance simultaneously 

- Low price and fast speed 

means many samples can 

be sequenced 

- Abundance is relative, not 

absolute 

- Strain-level differences can 

be masked by similarity in 

the 16S region 

- Does not provide functional 

information 

Metagenomics  Chapter 4, 

Chapter 5 

- Provides information 

about gene content in an 

environment 

- Less biased than 

primer-based methods 

- Linking function and 

taxonomy not 

straightforward 

- Gene annotations suggest, 

but do not prove, presence of 

a function 

Metagenome-assemble

d genomes 

MAGs Chapter 4 - Improves gene-level 

classifications 

- Can be used to compare 

genomes across 

environments 

- Can infer metabolic 

pathways 

- Genomes often incomplete 

or contaminated 

- Represents the average of a 

population 

- Gene annotations suggest, 

but do not prove, presence of 

metabolic pathways 

Metatranscriptomics  Chapter 5 - Reveals which genes are 

actively transcribed in the 

environment 

- Co-expression can be used 

to strengthen pathway 

predictions 

- Highly variable 

- Requires a reference 

database for classification 

and annotation of reads 

- Difficult to collect and 

process 

- ribosomal RNA must be 

degraded, which adds bias 

Single amplified 

genomes 

SAGs Chapter 5 - Produces high quality 

genomes from individuals 

in the environment 

- Provides more 

information about genome 

structure and mobile 

genetic elements than 

MAGs 

- Expensive and 

time-consuming 

- No abundance information 

unless combined with other 

methods 
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Single amplified genomes (SAGs) are the final type of sequencing used in this 

thesis. In this method, environmental cells are sorted by flow cytometry before being 

amplified and sequenced. While this process is time-consuming and expensive, SAGs 

have advantages over MAGs - they often contain additional circular DNA such as viruses 

and plasmids and represent a single strain rather than an average of a population ​(68)​. 

Functional screening can be added to the sorting step ​(69)​, or cells for input as SAGs can 

be chosen after sorting based on amplification of the 16S rRNA gene. SAGs are 

particularly powerful when used with other types of sequencing, as they can compensate 

for limitations in combination ​(70)​. SAGs are used in Chapters 5 as additional 

references for classification of metatranscriptomic reads, and they provide strain-level 

resolution of populations in Chapter 6. 

Interactions between freshwater microbes 

A major theme in this thesis is interactions within microbial communities. For            

much of the history of microbiology, microbes have been studied in isolation, a             

condition contrary to their natural state. We know that freshwater microbial           

communities are diverse and dynamic, but interactions between the microbes within           

those communities are not well-characterized. Connectivity and network properties         

derived from correlations between taxa abundances can shed light on potential           

interactions, but these analyses do not distinguish between taxa interactions and shared            

environmental drivers ​(71, 72)​. Still, a combination of correlative studies and           

https://paperpile.com/c/z0wJNO/MDz3
https://paperpile.com/c/z0wJNO/eT8E
https://paperpile.com/c/z0wJNO/OZnI
https://paperpile.com/c/z0wJNO/chh9+Vcs0
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experimental studies suggest complex and highly relevant interactions between taxa in           

freshwater microbial communities. 

As freshwater microbes form the base of the aquatic food web, predatory            

interactions significantly impact the community. The two main forms of predation on            

prokaryotic microbes are grazing by protists and viral infection. These top-down factors            

are associated with increased prokaryotic growth efficiency, presumably to compensate          

for higher mortality ​(73)​. Predatory interactions in these systems can be           

species-specific, with predators demonstrating a preference towards certain species of          

prokaryotes ​(74) and prey developing defense strategies such as filaments, small or large             

cell sizes, or high growth rates ​(75)​.  

Interactions between phototrophic and heterotrophic microbes appear to be a          

driver of nutrient cycling and community composition in freshwater. Synchrony in           

community change between these two groups has been well documented ​(57, 76)​.            

Specifically, phototrophic microbes produce metabolites that are released extracellularly         

or through decay and then consumed by heterotrophic microbes. Heterotrophic bacteria           

with genes encoding enzymes to degrade glycolate, a photorespiration product, were           

observed to correlate with the phytoplankton community in humic lakes ​(77)​. Cultured            

isolates of the ubiquitous freshwater bacterial taxa ​Limnohabitans ​can grow using algal            

exudates as a substrate, and strains of ​Limnohabitans ​show preferences for exudates            

produced by different algal taxa ​(78)​. Metabolite exchange between phototrophs and           

https://paperpile.com/c/z0wJNO/9W48
https://paperpile.com/c/z0wJNO/LmZq
https://paperpile.com/c/z0wJNO/CVHH
https://paperpile.com/c/z0wJNO/gp4X+3kA3
https://paperpile.com/c/z0wJNO/bm0K
https://paperpile.com/c/z0wJNO/tUIA
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heterotrophs has been studied via transcriptomics in marine systems ​(67, 79)​; these            

results still need to be verified in freshwater systems. 

From a microbiology perspective, the mechanism of interactions between aquatic          

microbes is an interesting research topic. In marine systems, extracellular vesicles carry            

chemical signals (and potentially viruses) between microbes ​(80)​. Electron transfer via           

cytochromes or conductive pili can be used to exchange energy over long distances and              

foster cooperation within microbial communities ​(81)​. Fundamental questions of         

cooperation, communication, community functions, and cheating can be addressed in          

freshwater microbial communities, while also shedding light on biogeochemical cycling. 

Study sites in this thesis 

Any boating or fishing enthusiast can tell you that there is a large amount of               

variation between lakes. Size, color, nutrient concentrations, and differences in the           

surrounding landscape are a few variables that can impact lake ecology, including the             

resident microbes. Comparing across lakes provides a natural contrast that can be used             

to investigate differences in the microbial communities, and it makes findings more            

generalizable to other bodies of freshwater. In this thesis, I focus on lakes near Madison               

and Minocqua, Wisconsin, representing three trophic statuses determined by carbon,          

nitrogen, and phosphorus concentrations: eutrophic, oligotrophic, and humic (Table         

1.4). Many of these lakes are part of Microbial Observatory sites and the North              

Temperate Lakes - Long Term Ecological Research (NTL-LTER) program ​(82)​. These           

https://paperpile.com/c/z0wJNO/qxvU+o317
https://paperpile.com/c/z0wJNO/n28F
https://paperpile.com/c/z0wJNO/Frd7
https://paperpile.com/c/z0wJNO/FnVA
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pre-existing long-term datasets and continuing data collection, microbial and otherwise,          

are a valuable resource for my research. 

The North Temperate Lakes - Microbial Observatory time series was collected           

from eight humic lakes near Minocqua in the boreal region of northern Wisconsin.             

Humic lakes contain high levels of dissolved organic carbon in the form of humic and               

fulvic acids, resulting in dark, acidic, “tea-colored” water. They are also commonly            

called bog lakes and occasionally “dystrophic” lakes. Due to their dark color, bog lakes              

absorb heat from sunlight, resulting in strong stratification during the summer. The top             

layer in a stratified lake, called the “epilimnion,” is oxygen-rich and warm. At the lake               

bottom, a cold layer called the “hypolimnion” is formed, becoming anoxic almost            

immediately in darkly stained bog lakes. The border between these two regions is called              

the “thermocline.” The transitions between mixing of these two layers and stratification            

occur rapidly in these systems, and at different frequencies (called mixing regimes)            

depending on the depth, surface area, and wind exposure of the lake. Changes in              

bacterial community composition along the vertical gradients established during         

stratification are well documented ​(83, 84)​. Mixing has been shown to be a disturbance              

to the bacterial communities in bog lakes ​(44)​. The bacterial communities in bog lakes              

are still being characterized, but contain both ubiquitous freshwater organisms ​(36, 41)            

and members of the candidate phyla radiation ​(85)​. Seasonality in freshwater lakes is             

thought to be the norm rather than the exception ​(86, 87)​; however, multiple years of               

https://paperpile.com/c/z0wJNO/xtES+bIaT
https://paperpile.com/c/z0wJNO/wZik
https://paperpile.com/c/z0wJNO/Erfk+8kQA
https://paperpile.com/c/z0wJNO/nMc8
https://paperpile.com/c/z0wJNO/Sc2S+Uf24
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sampling are needed to confirm these prior findings. Two of the bog lakes (Trout Bog               

and Crystal Bog) are also NTL-LTER core sites. 

Lake Mendota, a eutrophic lake located in Madison, WI, is arguably one of the              

best studied lakes in the world ​(88)​. This relatively large lake is surrounded by an urban                

and agricultural watersheds, which lead to increased nitrogen and phosphorus inputs           

and high levels of primary production. Like bog lakes, Lake Mendota stratifies            

seasonally into an epilimnion and a hypolimnion. However, Lake Mendota’s larger           

surface area and greater water clarity results in more wind-induced mixing events and             

variation in the location of the thermocline. Because of its proximity to the city of               

Madison, Lake Mendota is strongly impacted by human activity and affects humans in             

return. Toxic cyanobacterial blooms occur regularly on this lake, and it has recently had              

two invasive species introductions: the spiny water flea in 2009 and the zebra mussel in               

2015. Lake Mendota is the subject of its own decadal Microbial Observatory project in              

addition to being a core site for the NTL-LTER. Recurring annual trends in microbial              

communities have been observed in Lake Mendota through both ARISA ​(89) and 16S             

rRNA gene amplicon sequencing ​(90)​.  

 

 

 

 

 

 

 

 

 

https://paperpile.com/c/z0wJNO/liJe
https://paperpile.com/c/z0wJNO/cLm7
https://paperpile.com/c/z0wJNO/B7C0
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Table 1.4. Study sites used in this thesis. ​Lakes used in this body of research were                

chosen to include a variety of trophic statuses and mixing regimes. Lakes that are sites               

of the North Temperate Lakes - Long Term Ecological Research program (NTL-LTER)            

were preferentially included, as extensive environmental data is available for these sites.            

Many of these lakes have been used in previous microbial ecology research. Additional             

limnological data is available in the thesis chapters describing the microbiology of these             

lakes. 

 

Lake Surface 

Area (m​2​
) 

Depth 

(m) 

Nearest 

town 

Trophic 

status 

Mixing 

regime 

LTER 

site? 

Lake Mendota 39,610,000 25.3 Madison Eutrophic Dimictic Yes 

Sparkling Lake 640,000 20 Arbor Vitae Oligotrophic Dimictic Yes 

Trout Bog 10,100 7 Boulder 

Junction 

Humic Dimictic Yes 

Crystal Bog 5,600 2.5 Boulder 

Junction 

Humic Polymictic Yes 

Mary Lake 12,000 21.5 Winchester Humic Meromictic No 

Forestry Bog 1,300 2 Boulder 

Junction 

Humic Polymictic No 

West Sparkling 

Bog 

11,900 4.6 Arbor Vitae Humic Polymictic No 

North Sparkling 

Bog 

4,700 4.5 Arbor Vitae Humic Dimictic No 

South Sparkling 

Bog 

4,400 8 Arbor Vitae Humic Dimictic No 

Hell’s Kitchen 30,000 19.3 Presque 

Isle 

Humic Meromictic No 
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Sparkling Lake, representing the oligotrophic lakes, is located near Minocqua,          

WI, and is the least extensively studied of the lakes included in this work. While still a                 

core NTL-LTER site, it is not a Microbial Observatory site. Bacterial genomes were             

sequenced from this lake in 2009 and have been used in studies examining the              

distribution of rhodopsins in freshwater ​(91) and the differences in subgroups of the             

ubiquitous freshwater lineage acI ​(92)​. Addition of samples from this lake to those from              

our two Microbial Observatory programs provides an excellent contrast in nutrient           

status. 

In this thesis, I study nutrient cycling in freshwater microbial communities to            

advance our understanding of microbial ecology principles and of nutrient cycling in            

freshwater. The rich background of research on both freshwater microbiology and           

freshwater ecology, as well as the proliferation of newly applicable methods, make this a              

timely topic. I add to our knowledge in this area by performing next-generation             

sequencing techniques on freshwater microbial communities, an approach that provides          

broad insights on community composition, community dynamics, and potential         

metabolic functions. 

 

 

 

https://paperpile.com/c/z0wJNO/ze5n
https://paperpile.com/c/z0wJNO/hy8A
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Chapter 2: Objectives 

The broad goal of my thesis is to apply time series sequencing methods to              

freshwater bacterial communities to investigate bacterial nutrient cycling in freshwater.          

The advent of next-generation sequencing methods, paired with the existing long-term           

datasets, has the potential to significantly improve our understanding of the dynamics            

and functions of freshwater bacteria.  

Aim 1: Long-term dynamics of bacterial communities in bog lakes 

Before we can begin to study the role of bacteria in freshwater nutrient cycling,              

the variability, community composition, and seasonality of freshwater bacterial         

communities assessed. While previous studies have investigated community dynamics         

using methods such as ARISA, clone libraries, or T-RFLP, these methods cannot            

simultaneously classify and quantify bacterial taxa. To assess how bacterial          

communities change over multi-year time scales, DNA samples were collected from bog            

lakes over five years during the ice-free period. These samples were submitted for 16S              

rRNA ribosomal gene amplicon sequencing through the Earth Microbiome Project ​(93)​,           

producing a time series of community data. In Chapter 3, I analyze community             

membership, seasonality, and differences between lakes to inform future experiments          

and analyses. This is research is the subject of the publication Linz et al., “Bacterial               

https://paperpile.com/c/z0wJNO/MWiy
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community composition and dynamics spanning five years in freshwater bog lakes.”           

mSphere​, 2017 ​(45)​. 

Aim 2: Inferring metabolic traits from metagenome-assembled genomes 

Because of the complexity of freshwater bacterial communities demonstrated in           

Aim 1, culturing the thousands of populations in lakes and studying their metabolisms             

in the laboratory would be a herculean task. Instead, we used our metagenomic time              

series and metagenome-assembled genomes (MAGs) to predict metabolic pathways         

based on gene content. MAGs were recovered from two of our long term study sites,               

Lake Mendota and Trout Bog, which having contrasting chemical characteristics. We           

expected to find different metabolic functions suggested by the gene content in            

metagenomes and genomes from each lake. In Chapter 4, I describe the differences and              

similarities observed in metagenomic gene content between our two study sites, as well             

as additional information about pathways and taxonomy gained from analyzing MAGs. 

Aim 3: Diel metatranscriptomics of eutrophic, oligotrophic, and humic 

lakes 

After determining which bacteria are present in freshwater and what genes and            

potential metabolic capabilities they possess, the logical next step is to learn which             

bacteria and genes are active. Research from marine systems suggests that gene            

expression can vary on a 24-hour cycle, and that this trend is driven by phototrophic               

microbes. Given that freshwater phototrophic and heterotrophic microbes have been          

https://paperpile.com/c/z0wJNO/hbok
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shown to exchange metabolites, we collected RNA samples every four hours for 48             

hours from Lake Mendota, Trout Bog, and Sparkling Lake to identify which taxa             

co-express and what metabolites they are expressing. In Chapter 5, I compare gene             

expression in day versus night and find that genes related to primary production are              

upregulated in daylight, while genes related to sugar consumption are upregulated at            

night. This suggests that there is an exchange of carbon between the phototrophic and              

heterotrophic communities. 

Aim 4: Niche partitioning in closely related bacteria.  

A major question in microbial ecology is how bacterial speciation occurs. Highly            

genetically similar populations have been observed co-existing in freshwater, suggesting          

that they have some manner of niche partitioning not revealed through gene content. In              

Chapter 6, I use the two day metatranscriptomic time series to compare expression in              

these closely related populations. I identify transporters not expressed in all of these             

populations, suggesting that niche partitioning is highly dynamic and can occur via            

transcriptional regulation. 

Projects not covered in this thesis 

Science in its published form often appears as a progression of clear and logical steps;               

however, these finished products often do not reflect the many dead-ends, side projects,             

or failed experiments that occur in the course of a PhD. Below is a list of research                 

projects not discussed later in this thesis. 
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Isolating acI. With the help of a post-doctoral researcher, I enriched acI from Trout              

Bog. However, the enrichments did not maintain their density indefinitely, and attempts            

to inoculate the enrichments in an artificial lake water media failed. Another research             

group recently found that catalase addition is needed to grow acI in artificial media. 

BrdU incorporation. ​Bromo-deoxyuridine is a nucleotide homolog that can be          

incorporated into actively replicating DNA and precipitated using a targeted antibody.           

This approach could theoretically be used to sequence metagenomes of only actively            

replicating organisms, but the yield of BrdU-tagged DNA is too low to sequence. I              

optimized the protocol to increase yield from lake water by 10-fold, but still could not               

produce enough labelled DNA for sequencing. A concurrent project at the Joint Genome             

Institute optimizing the same technique on liters of batch ​E. coli ​cultures also do not               

provide enough yield. 

Alum addition. ​To reduce phosphorus inputs to area lakes, the City of Madison ran a               

pilot program to precipitate phosphorus and other compounds from stormwater using           

alum before it could enter the water system. One of the test sites was in the                

UW-Madison Arboretum, and we were recruited to assess the ecological impact of this             

manipulation on microbial communities. We saw no significant changes in richness or            

seasonal dynamics during the pilot program, and alum addition was ultimately           

unsuccessful in effectively reducing phosphorus levels in Madison lakes. 

Candidate phyla in Mary Lake. ​I used depth discrete metagenomes and 16S rRNA             

amplicon data from Mary Lake to demonstrate that ultra-small members of the            



 

 

30 

candidate phyla radiation (CPR) contributed nearly 5% of microbial abundance in this            

site and were significantly associated with other, non-CPR microbes. I wrote an NSF             

DDIG proposal to further investigate freshwater CPR microbes by tracking isotopically           

labeled carbon substrates in ultra-small bacteria using Raman microspectroscopy in          

collaboration with the Joint Genome Institute, but this proposal was not funded.  

Eutrophication and bacterial growth efficiency. ​Bacterial growth efficiency        

(BGE) is the ratio of carbon incorporated as biomass to carbon respired. In my              

preliminary exam proposal, Aim 3 was to experimentally investigate how eutrophication           

impacts BGE, as studies comparing BGE in sites with different levels of eutrophication             

produced conflicting results. With the help of an undergraduate researcher, I set up             

mesocosms of oligotrophic lake water, added plant fertilizer, and calculated BGE over            

time. However, high levels of variability in BGE between replicate mesocosms prevented            

further use of this data and further experiments. Likely, substantially larger mesocosms            

would have been needed to mitigate bottle effects. 

Bacterial fuel cells. After one of our lab members identified genes potentially            

encoding extracellular electron transfer, we built small-scale fuel cells to confirm that            

this process can occur in the water column of Trout Bog. These fuel cells were highly                

successful, as was an ​in situ setup suspended from a buoy in Trout Bog. Extracellular               

electron transfer will be the subject of future research in the McMahon Lab. 
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Introduction 

One of the major goals of microbial ecology is to predict bacterial community             

composition. However, we have only a cursory knowledge of the factors that would allow              

us to predict bacterial community dynamics. To characterize the diversity and dynamics            

of an ecosystem’s bacterial community, sampling the same site multiple times is just as              

necessary as sampling replicate ecosystems. Additionally, the sampling frequency must          

match the rate of change of the process being studied. We must first understand the               

scales on which bacterial communities change before we can design experiments that            

capture a full range of natural variation. To assess bacterial community composition and             

dynamics on long time scales in our bog lake study sites (Table 3.1), we built and                

analyzed a multi-year time series of 16S rRNA gene amplicon data from two depths in               

eight lakes. 

The bog lakes in this study have been model systems for freshwater microbial             

ecology for many years. Early studies used Automated Ribosomal Intergenic Spacer           

Analysis (ARISA), a fingerprinting technique for identifying unique bacterial taxa in           

environmental samples ​(55)​. Our research built upon these studies and added           

information about the taxonomic identities of bacterial groups. For example, persistent           

and unique bacterial groups were detected in the bog lakes using ARISA ​(94)​.             

Differences in richness and community membership were previously detected within          

one year, between Crystal Bog, Trout Bog, and Mary Lake, three sites representative of              

the three mixing regime categories of polymictic, dimictic, and meromictic ​(95)​.  

https://paperpile.com/c/z0wJNO/NNfT
https://paperpile.com/c/z0wJNO/Yl7d
https://paperpile.com/c/z0wJNO/ykNz
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Our dataset is comprised of 1,387 16S rRNA gene amplicon sequencing samples,            

collected from eight lakes and two thermal layers over five years. Our primary goals for               

this dataset were to census members of the bog lake bacterial community and to identify               

taxa that are core to the bacterial community of bog lake ecosystems. We hypothesized              

that mixing regime structures the bacterial community, leading to an association           

between mixing frequency and alpha and beta diversity in bog lakes. Finally, we             

investigated seasonality at the community level, clade (i.e. roughly genus) level, and            

OTU level to identify annual trends. This extensive, long-term sampling effort           

establishes a time series that allows us to assess variability, responses to mixing             

frequency and recurring trends in freshwater bacterial communities. 

 

 

 

 

 

 

 

Table 3.1. Study sites in the North Temperate Lakes Microbial Observatory.           

The lakes included in this time series are small, humic bog lakes in the boreal region                

near Minocqua, Wisconsin, USA. They range in depth from 2 to 21.5 meters and              

encompass a range of water column mixing frequencies (termed regimes). Dimictic           

lakes mix twice per year, typically in fall and spring, while polymictic lakes can mix               

more than twice throughout the spring, summer, and fall. Meromictic lakes have no             

recorded mixing events. pH was measured in 2007, while nutrient data was measured in              

2008 (with the exceptions of FB, WS, and HK, measured in 2007); both measurements              

were taken concurrently with the bacterial biomass collection from the same water            

sample. Standard deviations for DOC/DIC are reported in parentheses. When two           

values are present in a single box, the first represents the epilimnion value and the               

second represents the hypolimnion value. 



 

 

34 

 

 Forestry 

Bog 

Crystal 

Bog 

North 

Sparkling 

Bog 

West 

Sparkling 

Bog 

Trout Bog South 

Sparkling 

Bog 

Hell’s 

Kitchen 

Mary Lake 

ID FB CB NS WS TB SS HK MA 

Depth (m) 2 2.5 4.5 4.6 7 8 19.3 21.5 

Surface area 

(m​2​) 

1300 5600 4700 11900 10100 4400 30000 12000 

Approx. 

Volume (m​3​) 

867 4667 7050 18247 23567 11733 193000 86000 

Mixing regime Polymictic Polymictic Dimictic Dimictic Dimictic Dimictic Meromictic Meromictic 

GPS 

coordinates 

46.04777, 

-89.651248 

46.007639, 

-89.606341 

46.004819, 

-89.705214 

46.004633, 

-89.709082 

46.041140, 

-89.686352 

46.003334, 

-89.705296 

46.186674, 

-89.702510 

46.250764, 

-89.900419 

Years sampled 2007 2007, 2009 2007, 2008, 

2009 

2007 2005, 2007, 

2008, 2009 

2007, 2008, 

2009 

2007 2005, 2007, 

2008, 2009 

pH 4.97, 4.85 4.49, 4.41 4.69, 4.80 5.22, 5.14 4.60, 4.78 4.46, 4.94  5.81, 5.72 

Dissolved 

inorganic 

carbon (ppm) 

0.94, 1.46 0.69, 1.72 1.12, 2.31 0.76, 1.56 1.73, 4.47 1.97, 6.42 2.91, 9.70 5.54, 12.38 

Std Dev (0.28, 1.17) (0.15, 0.50) (0.23, 0.72) (0.17, 0.36) (0.66, 54) (0.24, 1.56) (0.35, 1.03) (5.66, 7.69) 

Dissolved 

organic 

carbon (ppm) 

10.22, 8.96 15.47, 13.6 10.05, 10.40 7.26, 7.27 19.87, 20.58 12.40, 21.92 7.26, 7.33 20.63, 67.10 

Std Dev (0.59, 0.10) (4.12, 0.82) (1.16, 0.96) (0.43, 0.73) (2.76, 1.17) (0.38, 4.76) (1.03, 0.12) (1.91, 72.67) 

Total nitrogen 

(ppb) 

 620.57, 846.00 629.09, 

809.45 

 737.71, 

1121.00 

813.88, 1498  1332.57, 3652.38 

Total 

phosphorus 

(ppb) 

 30.00, 38.86 78.00, 135.45  50.57, 53.25 48.63, 69.14  78.00, 303.50 

Total 

dissolved 

nitrogen (ppb) 

 1290.19, 

490.13 

442.39, 586.56  582.5, 820.21 451.63, 1179.21  1024.5, 3220.14 

Total 

dissolved 

phosphorus 

(ppb) 

 84.25, 14.88 70.22, 22.67  34.5, 31.57 16.25, 18.29  71.13, 228 
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Methods 

Sample collection 

Water was collected from eight bog lakes during the summers of 2005, 2007,             

2008 and 2009, as previously described ​(95)​. Sampling occurred at approximately           

weekly intervals and primarily during the summer stratified period (May – Aug) (Figure             

3.1). Sites were not sampled continuously over the entire time series, and metadata is              

available only for a subset of samples. Briefly, the epilimnion and hypolimnion layers             

were collected separately using an integrated water column sampler. Dissolved oxygen           

and temperature profiles were measured at the time of collection using a handheld YSI              

550A (YSI Inc., Yellow Springs, OH). After transport to the laboratory, two biological             

replicates were taken by filtering approximately 150 mL from each well-mixed sample            

through 0.22 micron polyethersulfone filters (Supor, Pall, Port Washington, NY). Filters           

were stored at -80C until DNA extraction using FastDNA Spin Kit for Soil (MP              

Biomedicals, Santa Ana, CA), with minor modifications ​(96)​. 

 

 

https://paperpile.com/c/z0wJNO/ykNz
https://paperpile.com/c/z0wJNO/M9Ko


 

 

36 

 

Figure 3.1. Sampling frequency and associated environmental data for the NTL Microbial            

Observatory. Eight bog lakes were sampled at two depths during the ice-free seasons of 2005, 2007,                

2008, and 2009. A temperature and dissolved oxygen (DO) profile was measured with every sample. Some                

years and lakes contain additional chemical data such as pH, dissolved organic carbon (DOC), dissolved               

inorganic carbon (DIC), total nitrogen (TN), total dissolved nitrogen (TDN), total phosphorus (TP), and              

total dissolved phosphorus (TDP). Trout Bog (TB), Crystal Bog (CB), and North Sparkling Bog (NS) hosted                

an NTL-LTER autonomous data collection buoy during all or part of the microbial sampling period. 

 

The sampling sites are located near Boulder Junction, WI, and were chosen to             

include lakes represent the three mixing regimes of polymictic (multiple mixing events            

per year), dimictic (two mixing events per year, usually in spring and fall), and              

meromictic (no recorded mixing events) (Table 1). Trout Bog and Crystal Bog are also              

primary study sites for the North Temperate Lakes - Long Term Ecological Research             

Program (NTL-LTER), which measures a suite of chemical limnology parameters          

fortnightly during the open water season. The NTL-LTER also maintains autonomous           

sensing buoys on Trout Bog and Crystal Bog, allowing for more refined mixing event              

detection based on thermistor chain measurements. 
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Sequencing  

A total of 1,510 DNA samples, including 547 biological replicates, were sequenced            

by the Earth Microbiome Project according to their standard protocols in 2010, using             

the original V4 primers (FWD:GTGCCAGCMGCCGCGGTAA;     

REV:GGACTACHVGGGTWTCTAAT) ​(97)​. Briefly, the V4 region was amplified and         

sequenced using Illumina HiSeq, resulting in 77,517,398 total sequences with an average            

length of 150 base pairs. To reduce the number of erroneous sequences, QIIME’s             

“deblurring” algorithm for reducing sequence error in Illumina data was applied ​(98)​.            

Based on the sequencing error profile, this algorithm removes reads that are likely to be               

sequencing errors if those reads are both low in abundance and highly similar to a high                

abundance read. Reads occurring less than 25 times in the entire dataset were removed              

after deblurring, leaving 9,856 unique sequences. These sequences are considered          

operational taxonomic units (OTUs). 

570 sequences with long homopolymer runs, ambiguous base calls, or incorrect           

sequence lengths were found and removed via mothur v1.34.3 ​(99)​. Thirty-three           

chimeras and 340 chloroplast sequences (based on pre-clustering and classification with           

the Greengenes 16S rRNA gene database, May 2013) ​(100) were removed. Samples were             

rarefied to 2,500 reads; samples with less than 2,500 reads were omitted, resulting in              

1,387 remaining samples. The rarefaction cutoff used was determined based on the            

results of simulation; 2,500 reads was chosen to maximize the number of samples             

https://paperpile.com/c/z0wJNO/LiTL
https://paperpile.com/c/z0wJNO/QFgB
https://paperpile.com/c/z0wJNO/gx1N
https://paperpile.com/c/z0wJNO/EXbl
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retained, while maintaining sufficient quality for downstream analysis of diversity          

metrics. 

Representative sequences for each OTU were classified in either our curated           

freshwater database ​(32) or the Greengenes database based on the output of            

NCBI-BLAST (blast+ 2.2.3.1) ​(101)​. Representative sequences from each OTU were          

randomly chosen. The program blastn was used to compare representative sequences to            

full-length sequences in the freshwater database. OTUs matching the freshwater          

database with a percent identity greater than 98% were classified in that database, and              

remaining sequences were classified in the Greengenes database. Both classification          

steps were performed in mothur using the Wang method ​(102)​, and classifications with             

less than 70% confidence were not included. A detailed workflow for quality control and              

classification of our sequences is available at       

(https://github.com/McMahonLab/16STaxAss ) ​(103)​. 

Statistics 

Statistical analysis was performed in R v3.3.2 (R Development Core Team, 2008.            

R: A language and environment for statistical computing.). Significant differences in           

richness between lakes was tested using a pairwise Wilcoxon sum rank test with a              

Bonferroni adjustment in the R package “exactRankTests” (T. Hothorn and K. Hornik,            

2015. exactRankTests: Exact Distributions for Rank and Permutation Tests). Similarity          

between samples was compared using weighted UniFrac distance, implemented in          

“phyloseq” ​(104)​. Weighted UniFrac distance was chosen because it explained the           

https://paperpile.com/c/z0wJNO/TPQW
https://paperpile.com/c/z0wJNO/6Wah
https://paperpile.com/c/z0wJNO/uvvT
https://paperpile.com/c/z0wJNO/S54G
https://paperpile.com/c/z0wJNO/fnkn
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greatest amount of variation in the first two axes of a principal coordinates analysis,              

performed in “vegan” (J. Oksanen, 2016. vegan: Community Ecology Package). Other           

metrics tested included unweighted UniFrac distance, Bray-Curtis Dissimilarity, and         

Jaccard Similarity; the output of all metrics were correlated. Significant clustering by            

year in PCoA and in dispersion between lakes was tested using PERMANOVA with the              

function adonis() in “vegan.” Trimming of rare taxa did not impact the clustering             

observed in ordinations, such as those present in Figure 2, even when taxa observed less               

than 1000 times were removed.  

Indicator species analysis was performed using “indicspecies” ​(105)​. Only taxa          

with read abundances of at least 500 reads in the entire dataset were used for this                

analysis. The group-normalized coefficient of correlation was chosen for this analysis           

because it measures both positive and negative habitat preferences and accounts for            

differences in the number of samples from each site. All taxonomic levels were included              

in this analysis to determine which level of resolution was the best indicator for each               

taxonomic group. 

Plots were generated using “ggplot2” (H. Wickham, 2009. ggplot2: Elegant          

Graphics for Data Analysis) and “cowplot” (C. Wilke, 2016. cowplot: Streamlined Plot            

Themes and Plot Annotations for ‘ggplot2’). “reshape2” was used for data formatting (H.             

Wickham, 2007. Reshaping Data with the reshape Package). 

https://paperpile.com/c/z0wJNO/gA0V
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Data availability 

Data and code from this study can be downloaded from the R package             

“OTUtable” available through the Comprehensive R Archive Network        

(cran.r-project.org), which can be accessed via the R command line using           

install.packages(“OTUtable”), and from the McMahon Lab GitHub repository        

“North_Temperate_Lakes-Microbial_Observatory” 

(​github.com/McMahonLab/North_Temperate_Lakes-Microbial_Observatory​). Raw  

sequence data is available through QIITA (​http://qiita.microbio.me​) and the European          

Bioinformatics Institute (​http://www.ebi.ac.uk/​) at accession number ERP016854. 

Results 

Overview of community composition 

We used a time series of 16S rRNA gene amplicon data to investigate bacterial              

community composition over time and across lakes. A total of 8,795 OTUs were detected              

in 1,387 samples. As is typical for most freshwater ecosystems, Proteobacteria,           

Actinobacteria, Bacteroidetes, and Verrucomicrobia were the most abundant phyla         

(Figure 3.2). Within these phyla, OTU abundance was highly uneven. Much of the             

abundance of Proteobacteria could be attributed to OTUs belonging to the well-known            

freshwater groups Polynucleobacter and Limnohabitans, and the freshwater lineage acI          

contributed disproportionately to the observed abundance of Actinobacteria. Like many          

microbial communities, unevenness was a recurring theme in this dataset, which had a             

long rare tail of OTUs and trends driven largely by the most abundant OTUs ​(106, 107)​.                

http://github.com/McMahonLab/North_Temperate_Lakes-Microbial_Observatory
http://qiita.microbio.me/
http://www.ebi.ac.uk/
https://paperpile.com/c/z0wJNO/6wMi+4rzm
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These results show that the composition of our dataset is consistent with results from              

other bog lakes ​(84, 85)​. 

Community richness 

We hypothesized that water column mixing frequency was associated with alpha           

diversity. Observed richness was calculated for every sample at the OTU level, and             

samples were aggregated by lake and layer. Hypolimnia were generally richer than            

epilimnia (Figure 3.3). Significant differences in richness between lakes were detected           

using the Wilcoxon signed rank test with a Bonferroni correction for multiple pairwise             

comparisons (Table 3.2). For both layers, polymictic lakes had the fewest taxa, dimictic             

lakes had intermediate numbers of taxa, and meromictic lakes had the most taxa. This              

dataset includes two fall mixing events (Trout Bog 2007 and North Sparkling Bog             

2008), as well as the artificial mixing event in North Sparkling Bog 2008 ​(44)​. Richness               

decreased sharply in mixed samples compared to those taken during the summer            

stratified period (Figure 3.4). The observed association between mixing frequency and           

richness suggests that water column mixing (or one or more co-varying environmental            

parameters) structures the bacterial community. 

 

https://paperpile.com/c/z0wJNO/bIaT+nMc8
https://paperpile.com/c/z0wJNO/wZik
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Figure 3.2. Phyla abundances summed across the 16S dataset.         

Proteobacteria, Actinobacteria, and Bacteroidetes were the most abundant phyla         

detected. Within each phylum, reads often belonged most frequently to a small            

number of lineages. Results are consistent with other published reports from humic            

bog lakes. Note that members of the candidate phyla radiation (OD1, SP3, SR1, etc.)              

are named based on the state of taxonomy in Greengenes version 13.5 and may have               

been given new names in more recent literature. 
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Figure 3.3. Richness by layer and lake. ​Lakes on the x axis are arranged by               

depth (see Table 1 for lake abbreviations and depth measurements). Significant           

differences between lakes were observed, as reported in Table 3.2. 
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Table 3.2. Significant differences in richness between lakes. ​Significance was          

tested using a Wilcoxon signed rank test with a Bonferroni correction for multiple             

pairwise comparisons. P-values resulting from this test are presented in this table.            

Significant (p < 0.05) values are highlighted. Table 2A shows the results from             

epilimnia, while Table 2B shows results from hypolimnia. 

 

A FBE WSE NSE TBE SSE HKE MAE 

CBE 0.01 0.84 0.12 0.01 0.00 0.00 0.00 

FBE  0.00 0.00 0.00 0.00 0.00 0.00 

WSE   1.00 1.00 0.00 0.01 0.00 

NSE    1.00 0.00 0.00 0.00 

TBE     0.00 0.00 0.00 

SSE      1.00 0.00 

HKE       0.00 

 

 

B FBH WSH NSH TBH SSH HKH MAH 

CBH 1.00 0.04 0.00 0.00 0.00 0.00 0.00 

FBH  0.03 0.00 0.00 0.00 0.00 0.00 

WSH   1.00 1.00 0.00 0.00 0.00 

NSH    1.00 0.00 0.00 0.00 

TBH     0.00 0.00 0.00 

SSH      0.00 0.00 

HKH       0.00 
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C 

 

D 

 

 

Figure 3.4. Richness over time.​ In addition to differences between lakes and layers, richness also varied 

over time. In Trout Bog and North Sparkling Bog (A, B), two lakes with captured mixing events, richness 

decreased when the water column was more evenly mixed (C, D). This suggests that mixing acts as a 

disturbance to the freshwater microbial communities. 
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Clusters of community composition 

To determine if mixing frequency is associated with community composition, we           

measured beta diversity between sites, based on the relative number of reads assigned to              

each OTU. When differences in community composition were quantified using weighted           

UniFrac distance and visualized using principal coordinates analysis (PCoA), several          

trends emerged. The large number of samples precluded much interpretation using a            

single PCoA, but sample clustering by layer, mixing regime, and lake was evident. Thus,              

we also examined PCoA for single lakes (both layers). Communities from the epilimnion             

and hypolimnion layers were significantly distinct from each other at p < 0.05 in all               

lakes except for polymictic Forestry Bog (FB) (p = 0.10).  

Within layers, mixing regime also explained differences in community         

composition (Figure 3.5). Clustering by mixing regime was significant by PERMANOVA           

in both epilimnia and hypolimnia samples (r2 = 0.20 and r2 = 0.22, respectively, and p                

= 0.001 in both groups). Site was a strong factor explaining community composition,             

with significant clustering in epilimnia (p = 0.001, r2 = 0.34) and hypolimnia (p =               

0.001, r2 = 0.49). Date and mean water temperature did not describe the observed              

clustering as well as lake or mixing regime. Because PCoA can be susceptible to artifacts,               

we also performed a comparison of beta diversity between sites using a Bray-Curtis             

dissimilarity distance matrix without ordination; the same results were obtained. These           

findings demonstrate that thermal layer, lake, and mixing frequency are associated with            

changes in bacterial community composition. 
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Figure 3.5. Principal coordinates analysis of lakes by layer. ​Samples 

collected from epilimnia (A) and hypolimnia (B) cluster significantly by lake and by 

mixing regime. However, this separation is more pronounced in hypolimnia than in 

epilimnia. 

 

Variability and dispersion 

While OTU-based community composition was distinct by layer, lake, and mixing           

regime, there was still variability over time. We used weighted UniFrac distance to             

quantify variability in beta diversity between samples within the same site and year.             
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Each year in each lake had a significantly different community composition, indicating            

interannual variability in the community composition (Figure 3.6a-c, Table 3.3). As           

multiple environmental variables changed in each year of sampling, it is not clear which              

(if any) could explain the observed annual shifts in community composition. We found             

no evidence of repeating seasonal trends during the stratified summer months in these             

lakes in time decay plots using weighted UniFrac distance. Likewise, we examined            

trends in the most abundant individual OTUs and did not observed repeatable annual             

trends, even when abundances in each year were normalized using z-scores. 

Variability can also be assessed by measuring the beta diversity within a single             

site. We measured pairwise weighted UniFrac distance between samples in each each            

lake-layer (Figure 3.6d). This analysis showed that layers had significantly different           

levels of beta diversity within a single site for West Sparkling Bog, North Sparkling Bog,               

Trout Bog, South Sparkling Bog, and Mary Lake, as determined using a Wilcoxon signed              

rank test with a Bonferroni correction for multiple pairwise comparisons (Table 3.3).            

Within-site beta diversity was not significantly different in Crystal Bog, Forestry Bog,            

and Hell’s Kitchen. Mean pairwise UniFrac distance was lower in the epilimnion than             

the hypolimnion in the West and North Sparkling Bogs, but higher in the other three               

significant sites. Performing the same analysis on a single year of data with             

approximately even numbers of samples from each site showed the same trends. This             

shows that the amount of variability in the bacterial community differs by site as well as                

by year. 
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Figure 3.6. Principal coordinates analysis shows clustering by year within lakes and            

differences in dispersion between layers. Principal coordinates analysis using weighted          

UniFrac as the distance metric was used to measure the amount of interannual variation in the three                 

lake hypolimnia with the longest time series (A-C). Black crosses indicated the centroid for each year.                

All hypolimnia showed significant clustering by year by PERMANOVA. Six outliers in Mary Lake              

from 2007 are not shown, as their coordinates lie outside the range specified for consistency between                

plots; these points were included in the PERMANOVA significance test. Panel D shows pairwise              

weighted UniFrac distance within each lake and layer including all samples. Lakes with significant              

differences between layers at p < 0.05 by a Wilcoxon signed rank test with a Bonferroni correction                 

include Crystal Bog (CB), Forestry Bog (FB), North Sparkling Bog (NS), Trout Bog (TB), South               

Sparkling Bog (SS), and Mary Lake (MA).  
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Table 3.3. Significance of clustering by layer and year in Figure 3.6. ​PERMANOVA 

was used to determine if there was significant clustering in the principal coordinates analyses 

performed various subsets of the data. All subsets tested showed significant clustering, 

indicating that there are detectable differences in samples from different layers and years.  

 

The core community of bog lakes 

One of the goals of this study was to determine the core bacterial community of               

bog lakes, and to determine if mixing regime affects core community membership. Our             

previous analyses showed that community composition was distinct in each layer and            

lake, while marked variability was observed within the same lake and layer. This             

prompted us to ask whether we had adequately sampled through time and space to fully               
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census the lakes. Still, rarefaction curves generated for the entire dataset and for each              

layer begin to level off, suggesting that we have indeed sampled the majority of taxa               

found in our study sites. To identify the taxa that comprise the bog lake core               

community, we defined “core” as being present in 90% of a group of samples, regardless               

of abundance in the fully curated dataset. Core taxa are reported as OTU number and               

taxonomic classification our freshwater-specific database ​(32)​. Four OTUs met this          

criteria for all samples in the full dataset: OTU0076 (bacI-A1), OTU0097 (PnecC),            

OTU0813 (acI-B2), and OTU0678 (LD28). These taxa were therefore also core to both             

epilimnia and hypolimnia. Additional taxa core to epilimnia also included OTU0004           

(betI), OTU0184 (acI-B3), OTU0472 (Lhab-A4), and OTU0522 (alfI-A1), while         

additional hypolimnia core taxa included OTU0042 (Rhodo), OTU0053 (unclassified         

Verrucomicrobia​), and OTU0189 (acI-B2). 

We performed the same core analysis after combining OTUs assigned to the same             

tribe (previously defined as sharing ≥ 97% nucleotide identity in the nearly full length              

16S rRNA gene and according to phylogenetic branch structure) into new groups. This             

revealed that certain tribes were core to the entire dataset or thermal layer even though               

their member OTUs were specific to certain sites. Notably, some OTUs were endemic to              

specific lakes, even though their corresponding tribe was found in multiple lakes/layers.            

OTUs not classified at the tribe level were not included. Results were similar to those               

observed at the OTU level, but yielded more core taxa. Tribes core to all samples               

included bacI-A1, PnecC, acI-B2, and LD28, but also betIII-A1 and acI-B4. In epilimnia,             

https://paperpile.com/c/z0wJNO/TPQW
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the core tribes were bacI-A1, PnecC, betIII-A1, acI-B3, acI-B2, Lhab-A4, alfI-A1, LD28,            

and acI-B4, while in hypolimnia, they were Rhodo, bacI-A1, PnecC, betIII-A1, acI-B2,            

and acI-B4. These results show that despite lake-to-lake differences and interannual           

variability, there are bacterial taxa that are consistently present in bog lakes. We note              

that tribes correspond very roughly to species-level designations as explained          

previously. 

Principal coordinates analysis suggested that samples clustered also by mixing          

regime. We thus evaluated Venn diagrams of OTUs shared by, and unique to, each              

mixing regime to better visualize the overlap in community composition (Figure 3.7). In             

both epilimnia and hypolimnia, meromictic lakes had the greatest numbers of unique            

OTUs while polymictic lakes had the least, consistent with the differences in richness             

between lakes. Shared community membership, i.e. the number of OTUs present at any             

abundance in both communities, differed between mixing regimes. Epilimnia (A) and           

hypolimnia (B) showed similar trends in shared membership: meromictic and dimictic           

lakes shared the most OTUs, while meromictic and polymictic lakes shared the least. 
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A. Epilimnia 

 

B. Hypolimnia 

 

Figure 3.7. Numbers of unique and shared OTUs by mixing regime. ​To            

better understand how shared community membership differs by mixing regime, we           

quantified the number of shared and unique OTUs in each category. An OTU needed              

only to appear in one sample at any abundance to be considered present in a category.                

We found that in both layers, meromictic lakes have the greatest numbers of unique              

OTUs and polymictic lakes have the least. Meromictic and dimictic lakes shared the             

most OTUs, while meromictic and polymictic lakes shared the least. 

 

We next used indicator analysis to identify the taxa unique to each mixing             

regime. Indicator analysis is a statistical method used to determine if taxa are found              

significantly more frequently in certain predetermined groups of samples than in others.            

In this case, the groups were defined by mixing regime, and normalization was applied              

to account for different numbers of samples in each group. OTUs were grouped at every               

taxonomic level, and all taxonomic levels were run in the indicator analysis at once to               

account for differences in the ability of these levels to serve as indicators (for example,               

the order ​Actinomycetales is a stronger indicator of polymictic lakes than the phylum             
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Actinobacteria​). An abundance threshold of 500 reads was imposed on each taxonomic            

group.  

The lineage acI is a ubiquitous freshwater group, with specific clades and tribes             

showing a preference for bog lakes in previous studies ​(92, 108)​. Our dataset shows a               

further distinction of acI by mixing regime in epilimnia; acI-A tribes were found             

predominantly in meromictic lakes, with exception of Phila, which is an indicator of             

polymictic lakes. Tribes of acI-B, particularly OTUs belonging to acI-B2, were indicators            

of dimictic lakes. ​Methylophilales​, a putative methylotroph ​(109)​, was also an indicator            

of dimictic lakes, as was the putative sulfate reducing family ​Desulfobulbaceae. The            

phyla ​Planctomyces, Omnitrophica (formerly OP3), OP8, and ​Verrucomicrobia were         

found more often in meromictic lakes, as were putative sulfate reducing taxa belonging             

to ​Syntrophobacterales and ​Desulfobacteraceae​. Indicators of polymictic lakes include         

ubiquitous freshwater groups such as ​Limnohabitans​, ​Polynucleobacter (PnecC),        

betI-A, and verI-A. Thus, despite the observed variability and differences between lakes,            

layers, and years, we detected a core community composed of ubiquitous freshwater            

bacterial groups and identified indicator taxa endemic to groups of sites defined by             

mixing frequency. 

Lifestyles of freshwater lineages 

Because of the observed variability in bacterial community dynamics, we next           

asked if individual OTUs showed consistent levels of abundance, persistence, and           

variability. We defined these metrics as mean abundance when present, the proportion            

https://paperpile.com/c/z0wJNO/djoq+hy8A
https://paperpile.com/c/z0wJNO/b4Sy
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of samples containing the group of interest, and the coefficient of variation for lineages              

classified using the freshwater taxonomy, respectively. These metrics have been          

previously used to categorize OTUs ​(33, 110)​. Using only well-defined freshwater groups            

allowed better taxonomic resolution as we summed the abundances of OTUs by their             

lineage classification. We note that lineage is very roughly analogous to family in our              

provisional freshwater taxonomy. Lifestyle traits of lineages were consistent across both           

lakes and years. Low persistence was associated with high variability, and low variability             

was associated with high abundance (Figure 3.8). We rarely observed “bloomers,”           

situations where a clade had both high abundance and low persistence; one potential             

reason for this could be that true “bloomers” drop below the detection limit of our               

sequencing methods when not abundant. Most freshwater lineages were highly          

persistent at low abundances with low variability. Lineage gamIII of the           

Gammaproteobacteria was an exception, with low persistence, low abundance, and high           

variability. Lineages gamI and verI-A occasionally also exhibited this profile. Lineages           

betII and acI were highly abundant and persistent with low variability, consistent with             

their suggested lifestyles as ubiquitous freshwater generalists ​(36, 92)​. Even though           

OTUs did not show the same abundance dynamics each year, they did exhibit patterns              

that are consistent between years and lakes. 

 

https://paperpile.com/c/z0wJNO/v6JZ+vvBh
https://paperpile.com/c/z0wJNO/hy8A+Erfk
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Figure 3.8. Traits of freshwater lineages. ​These well-defined freshwater groups          

showed similar persistence, variance, and abundance in every lake, despite differing           

abundance patterns. Data from epilimnia with at least two years of undisturbed            

sampling are shown here. Mean abundance was represented as the average percentage            

of reads attributed to each lineage when that lineage was present. Variability was             

measured as the coefficient of variation. Persistence (shaded color) was defined as the             

proportion of samples containing each lineage. 

 

Discussion 

The North Temperate Lakes - Microbial Observatory bog dataset is a           

comprehensive 16S rRNA gene amplicon survey spanning four years, eight lakes, and            

two thermal layers. We hypothesized that alpha and beta diversity would be associated             

with mixing frequency in bog lakes. Richness and membership in these communities            
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were structured by layer, mixing regime, and lake. However, we found that multiple             

years of sampling were necessary to census the community of bog lake ecosystems. We              

identified specific bacterial taxa core to bog lakes, as well as taxa endemic to certain               

depths or mixing regimes. High levels of variability were detected in this dataset; the              

community composition observed in each lake and each year of sampling was unique.             

However, freshwater lineages still showed consistent lifestyles, defined by abundance,          

persistence, and variability, across lakes and years, even though the abundance trends of             

individual OTUs varied each year. Our results emphasize the importance of multiple            

sampling events to assess full bacterial community membership and variability in an            

ecosystem. 

We supported previous research on the characteristics of bacterial communities          

in the epilimnion and hypolimnion and the association of lake mixing frequency with             

community composition. We confirmed that epilimnia communities tended to be more           

dispersed than hypolimnia communities, potentially due to increased exposure to          

climatic events ​(95)​. Mixing was disruptive to both epilimnion and hypolimnion           

communities, selecting for only a few taxa that persist during this disturbance, but             

quickly recovering diversity once stratification was re-established ​(44)​. Our initial          

inspiration for the collection of this dataset was the intermediate disturbance           

hypothesis. We hypothesized that water column mixing is a disturbance to bog lake             

bacterial communities, and that lakes with intermediate mixing frequency would have           

the highest levels of biodiversity. Comparing richness between lakes of different mixing            

https://paperpile.com/c/z0wJNO/ykNz
https://paperpile.com/c/z0wJNO/wZik
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regimes did not support the intermediate disturbance hypothesis; rather, the least           

frequently mixing lakes had the most diverse communities. Richness also correlated           

positively with lake volume, a potential result of a positive taxa-area relationship, but             

more lakes of similar volumes with varying depths are needed to prove this relationship              

in our study system. As many variables co-vary with volume, including mixing frequency             

and concentrations of nitrogen and dissolved carbon, we cannot determine which of            

these factors lead to the observed differences in diversity between sites based on our              

dataset. 

We were not able to detect repeatable annual trends in bog lakes in our multiple               

years of sampling. While seasonality in marine and river systems has been            

well-established by our colleagues, previous research on seasonality in freshwater lakes           

has produced inconsistent results ​(6, 111–113)​. Distinct, seasonally repeatable         

community types were identified in alpine lakes, but stratified summer communities           

were distinct each year ​(114)​. Seasonal trends were detected in a time series from Lake               

Mendota similar to this study, but summer samples in Lake Mendota were more             

variable then those collected in other seasons ​(89)​. In the previous ARISA-based            

research on the bog lakes in our dataset, community properties such as richness and              

rate of change were consistent each year, and the phytoplankton communities were            

hypothesized to drive seasonal trends in the bacterial communities based on correlation            

studies ​(56, 57, 76)​. Synchrony in seasonal trends was observed; however, in a second              

year of sampling for seasonal trends in Crystal Bog and Trout Bog, these findings were               

https://paperpile.com/c/z0wJNO/kBJp+2oNg+RcIz+EQQP
https://paperpile.com/c/z0wJNO/ojRj
https://paperpile.com/c/z0wJNO/cLm7
https://paperpile.com/c/z0wJNO/USN7+3kA3+gp4X
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not reproduced ​(115)​. Successional trends were studied in Crystal Bog and Lake            

Mendota with a relatively small number of samples collected over two years and             

“dramatic changes” in community composition associated with drops in biodiversity          

were described during the summer months, while spring, winter, and fall had more             

stable community composition ​(56)​. Because our dataset was sparsely represented by           

seasons other than summer, higher summer variability may explain why we see a             

different community each year and a lack of seasonal trends in community composition.             

However, we cannot disprove the influence of seasonality on bacterial community           

dynamics in temperate freshwater lakes as a general feature. Our results may indeed             

point to a feature that is unique to darkly stained acidic bog lakes. Even in marine                

systems, trends in seasonality differ by site and OTU definition, and continued long             

term time series sampling is suggested as an approach needed to elucidate these trends              

and link seasonality in bacterial community composition to biogeochemical cycling. 

One of the biggest benefits of 16S rRNA gene amplicon sequencing over ARISA is              

the ability to assign taxonomic classifications to sequences. Tracking bacterial taxa           

through multiple sites and over multiple years allowed us to detect consistent lifestyle             

trends, despite a lack of predictability in seasonal trends. Some groups, such as acI              

(​Actinobacteria​) and betII (​Betaproteobacteria​), were persistent, abundant, and not         

variable, much like ​Pelagibacter ubique (SAR11) in marine systems. Other freshwater           

taxa such as gamI and gamIII (both ​Gammaproteobacteria​) exhibited a pattern of low             

persistence, low abundance, and high variability. Unlike in the oceans, where taxa such             

https://paperpile.com/c/z0wJNO/KzVd
https://paperpile.com/c/z0wJNO/USN7
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as ​Alteromonas “bloom and bust” ​(116)​, no taxa classified within the freshwater            

taxonomy with high abundance and low persistence or high variability were observed.            

This suggest that either bog lakes are not conducive to the large blooms of a single                

population as observed in other freshwater lakes, or that taxa with this lifestyle dropped              

below our detection limit when not blooming. 

In addition to a core of persistent taxa found in nearly every sample collected, we               

also identified taxa endemic to either the epilimnion or hypolimnion and to specific             

mixing regimes. These endemic taxa likely reflect the physical and/or biogeochemical           

differences driven by mixing regime. Dimictic and meromictic hypolimnia, which are           

consistently anaerobic, harbor putative sulfur cycling groups not present in polymictic           

hypolimnia, which are more frequently oxygenated. Members of the acI lineage           

partition by mixing regime in epilimnia, and the functional traits driving this filtering             

effect are the subject of active study ​(117)​. Interestingly, the meromictic Mary Lake             

hypolimnion contains several taxa classified into the candidate phyla radiation ​(118) and            

a larger proportion of completely unclassified reads than other hypolimnia. This is            

consistent with the findings of other 16S rRNA gene amplicon sequencing and            

metagenomics studies of meromictic lakes ​(119, 120)​, and suggests that the highly            

reduced and consistently anaerobic conditions in meromictic hypolimnia are excellent          

study systems for research on members of the candidate phyla radiation and “microbial             

dark matter.”  

https://paperpile.com/c/z0wJNO/GzlD
https://paperpile.com/c/z0wJNO/Omc0
https://paperpile.com/c/z0wJNO/kSnn
https://paperpile.com/c/z0wJNO/Xgws+U18s
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Perhaps the biggest implication of this study is the importance of repeated            

sampling of microbial ecosystems. A similar dataset spanning only a single year would             

not have captured the full extent of variability observed, and therefore would not have              

detected as many of the taxa belonging to the bog lake community; even our four years                

of weekly sampling during the summer stratified period did not result in level             

rarefaction curves. While we found no evidence for seasonal trends or repeated annual             

trends, it is possible that there are cycles or variables acting on scales longer than the                

five years covered in this dataset, or that interannual differences are driven by             

environmental factors that do not occur every year. Unmeasured biotic interactions           

between bacterial taxa may also contribute to the observed variability. Understanding           

the factors that contribute to variability in lake communities will lead to improved             

predictive modelling in freshwater systems, allowing forecasting of bloom events and           

guiding better management strategies. Additionally, these systems may be ideal for           

addressing some of the core questions in microbial ecology, such as how community             

assembly occurs, how interactions between taxa shape community composition, and          

how resource partitioning drives the lifestyles of bacterial taxa. 

To answer these questions and more, we continue to collect and sequence            

samples for the North Temperate Lakes – Microbial Observatory, and we are expanding             

our sequencing repertoire beyond 16S rRNA gene amplicon sequencing. All data we            

have currently generated can be found in the R package “OTUtable” which is available              

on CRAN for installation via the R command line, or on our GitHub page. This dataset                
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has already been used in a meta-analysis of microbial time series ​(121) and a synthesis of                

microbial community composition across a multitude of ecosystems ​(122)​. We hope that            

this dataset and its future expansion will be used as a resource for researchers              

investigating their own questions about how bacterial communities behave on long time            

scales. 
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https://paperpile.com/c/z0wJNO/pan7
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Introduction 

Lakes collect nutrients from surrounding terrestrial ecosystems ​(123)​, placing         

lakes as “hotspots” in the landscape for carbon nutrient cycling ​(124)​. Much of this              

biogeochemical cycling is performed by freshwater microbes. We have learned much           

about freshwater microbes through previous research that has revealed the geographic           

distribution of freshwater taxa ​(125)​, the distribution of functional marker genes ​(15, 61,             

62, 85)​, and substrate use capabilities in specific phylogenetic groups ​(126)​. However,            

organism level information about microbial metabolisms is currently not well          

incorporated into conceptual models of freshwater nutrient cycling.  

Previously, we used time series metagenomics to assemble nearly 200          

metagenome-assembled genomes (MAGs) from two temperate lakes: Lake Mendota, a          

highly productive eutrophic lake, and Trout Bog, a humic bog lake. These MAGs were              

used to study genome-wide diversity sweeps in Trout Bog ​(54)​, to build metabolic             

networks of the ubiquitous freshwater ​Actinobacteria acI in Lake Mendota ​(117)​, and to             

propose functions for freshwater ​Verrucomicrobia ​(35)​. In addition to this body of            

knowledge based on the MAG dataset, previous time series of analyses of 16S rRNA gene               

amplicon datasets from both lakes provide an understanding of taxon dynamics over            

time ​(45, 90)​. Lake Mendota and Trout Bog are ideal sites for comparative time series               

metagenomics because of their history of extensive environmental sampling by the           

North Temperate Lakes - Long Term Ecological Research program (NTL-LTER,          

http://lter.limnology.wisc.edu​), and their contrasting limnological attributes (Table       

https://paperpile.com/c/z0wJNO/G8XU
https://paperpile.com/c/z0wJNO/9BdI
https://paperpile.com/c/z0wJNO/ONJE
https://paperpile.com/c/z0wJNO/nMc8+nYgs+MVM7+cZNb
https://paperpile.com/c/z0wJNO/nMc8+nYgs+MVM7+cZNb
https://paperpile.com/c/z0wJNO/nRJm
https://paperpile.com/c/z0wJNO/7EqT
https://paperpile.com/c/z0wJNO/Omc0
https://paperpile.com/c/z0wJNO/7lxF
https://paperpile.com/c/z0wJNO/hbok+B7C0
http://lter.limnology.wisc.edu/
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4.1). Here, we build on this previous work by identifying contrasting patterns of nutrient              

cycling between lakes based on analyses of functional marker genes and MAGs. 

Gene-centric methods are one approach that can identify community functions,          

while analysis of population genomes using MAGs can identify coupled metabolic           

processes taking place within the boundary of a cell. In this research, we use functional               

marker genes and MAGs from two freshwater lakes with contrasting chemistry to yield             

insights about microbial metabolisms in freshwater ecosystems. We identified genes          

and pathways purportedly involved in primary production, DOC mineralization, and          

nitrogen and sulfur cycling. Some types of metabolism were found in both sites despite              

their different chemistry profiles, but in different taxonomic groups. We demonstrate           

how MAGs and metagenomic time series can be used to track specific phylogenetic             

groups capable of key biogeochemical transformations. Finally, we introduce the MAG           

collection as a valuable community resource for other freshwater microbial ecologists to            

mine and incorporate into comparative studies across lakes around the world. 
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Table 4.1. Characteristics of Lake Mendota and Trout Bog. ​Water from Lake            

Mendota and Trout Bog was sampled weekly during the ice-free periods using an             

integrated water column sampler and filtered for DNA using a 0.22 micron filter.             

Metagenomic sequencing was performed on DNA extracted from filters collected in           

2008-2012 from Lake Mendota and in 2007-2009 from Trout Bog. The epilimnion            

(upper thermal layer) was sampled in both lakes, while the hypolimnion (bottom            

thermal layer) was sampled only in Trout Bog. Chemistry data were collected by             

NTL-LTER from depth discrete samples taken from 0 and 4 m for Lake Mendota, 0 m                

for the Trout Bog Epilimnion, and 3 and 7 m for the Trout Bog Hypolimnion. Values                

reported here are the means of all measurements in the sampling time span for each               

lake, with standard deviations reported in parentheses. 

 

 

 Lake Mendota Trout Bog Epilimnion Trout Bog Hypolimnion 

Location Madison, WI Boulder Junction, WI 

Coordinates 43.107055, -89.411729 46.041172, -89.686297 

Depth of lake (m) 25.3 7.9 

Surface area of lake (km​2​) 39.61 0.01 

Microbial sampling depth range (m) 0-12 0-2 2-7 

Years sampled 2008-2012 2007-2009 2007-2009 

Oxygenation Oxic Oxic Suboxic/Anoxic 

pH 8.6 (0.4) 5.0 (0.2) 5.3 (0.2) 

Dissolved inorganic carbon (ppm) 40.8 (5.0) 2.6 (2.2) 6.9 (3.1) 

Dissolved organic carbon (ppm) 6.0 (6.2) 17.7 (5.2) 22 (6.2) 

Total dissolved nitrogen (ppb) 923 (487) 637 (204) 1392 (1031) 

Total nitrogen (ppb) 1098.81 (520.92) 831.49 (315.65) 1684 (1563) 

Total dissolved phosphorus (ppb) 43.92 (50.97) 15.00 (13.65) 69 (98) 

Total phosphorus (ppb) 64.11 (52.30) 32.29 (13.65) 95 (126) 

Sulfate (ppm) 16.9 (1.5) 1.2 (0.3) 0.9 (0.7) 
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Methods 

Sample collection 

Samples were collected from Lake Mendota and Trout Bog as previously           

described ​(54)​. Briefly, integrated samples of the water column were collected during            

the ice-free periods of 2007-2009 in Trout Bog and 2008-2012 in Lake Mendota. In              

Lake Mendota, the top 12 meters of the water column were sampled, approximating the              

epilimnion (upper, oxygenated, and warm thermal layer). The epilimnion and          

hypolimnion (bottom, anoxic, and cold thermal layer) of Trout Bog were sampled            

separately at depths determined by measuring temperature and dissolved oxygen          

concentrations throughout the water column; the sampling depths were most often 0-2            

meters for the epilimnion and 2-7 meters for the hypolimnion. DNA was collected by              

filtering 150 mL of the integrated samples on 0.2-um pore size polyethersulfone Supor             

filters (Pall Corp., Port Washington, NY, USA). Filters were stored at -80C until             

extraction using the FastDNA Kit (MP Biomedicals, Burlingame, CA, USA). 

Sequencing 

As previously described ​(54)​, metagenomic sequencing was performed by the          

Department of Energy Joint Genome Institute (DOE JGI) (Walnut Creek, CA, USA). A             

total of 94 samples were sequenced for Lake Mendota, while 47 metagenomes were             

sequenced for each layer in Trout Bog. Samples were sequenced on the Illumina HiSeq              

2500 platform (Illumina, San Diego, CA, USA), except for four libraries (two from each              

https://paperpile.com/c/z0wJNO/7EqT
https://paperpile.com/c/z0wJNO/7EqT
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layer of Trout Bog) sequenced using the Illumina TruSeq protocol on the Illumina GAIIx              

platform (Illumina). Paired-end sequencing reads were merged with FLASH v1.0.3 with           

a mismatch value of less than 0.25 and a minimum of 10 overlapping bases, resulting in                

merged read lengths of 150-290 bp ​(127)​. 16S rRNA amplicon iTag sequencing was also              

performed on these samples. This data is available under DOE JGI project IDs 1078703              

and 1018581 for Trout Bog and Lake Mendota, respectively. Samples from Trout Bog             

were sequenced on the 454 GS FLX-Titanium platform (Roche 454, Branford, CT, USA);             

the V8 hypervariable region (primer 1392R: acgggcggtgtgtRc) ​(128) and sequences were           

trimmed to 324 base pairs using VSEARCH (v2.3.4) ​(129)​. Samples from Lake Mendota             

were sequenced on an Illumina MiSeq, and the V4 region was targeted using paired-end              

sequencing (primers 525F: GTGCCAGCMGCCGCGGTAA and 806R:      

GGACTACHVGGGTWTCTAAT) ​(97)​. Both datasets were trimmed based on alignment         

quality and chimera checking using mothur v.1.39.5 ​(99)​. Unclustered unique sequences           

were assigned taxonomy using TaxAss ​(130) to leverage the FreshTrain ​(32) and            

Greengenes (version 13_5) ​(100)​.  

Assembly and Binning 

To recover MAGs, metagenomic reads were pooled by lake and layer and then             

assembled as previously described (Table 4.2) ​(54, 131)​. In Trout Bog, this assembly was              

performed using SOAPdenovo2 at various k-mer sizes ​(132) and the resulting contigs            

were combined using Minimus ​(133)​. In Lake Mendota, merged reads were assembled            

using Ray v2.2.0 with a single k-mer size ​(134)​. Contigs from the combined assemblies              

https://paperpile.com/c/z0wJNO/MVfi
https://paperpile.com/c/z0wJNO/3SiQ
https://paperpile.com/c/z0wJNO/MNLK
https://paperpile.com/c/z0wJNO/LiTL
https://paperpile.com/c/z0wJNO/gx1N
https://paperpile.com/c/z0wJNO/AZsb
https://paperpile.com/c/z0wJNO/TPQW
https://paperpile.com/c/z0wJNO/EXbl
https://paperpile.com/c/z0wJNO/7EqT+EqAH
https://paperpile.com/c/z0wJNO/YW6Z
https://paperpile.com/c/z0wJNO/V3fe
https://paperpile.com/c/z0wJNO/aiha
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were binned using MetaBAT (-veryspecific settings, minimum bin size of 20kb, and            

minimum contig size of 2.5kb) ​(135) and reads from unpooled metagenomes were            

mapped to the assembled contigs using the Burrows-Wheeler Aligner (≥ 95% sequence            

identity, n = 0.05) ​(136)​, which allowed time-series resolved binning. DOE JGI’s            

Integrated Microbial Genome (IMG) database tool (https://img.jgi.doe.gov/mer/) ​(137)        

was used for gene prediction and annotation. Annotated MAGs can be retrieved directly             

from the IMG database and JGI’s Genome Portal using the IMG Genome ID provided              

(also known as IMG Taxon ID). MAG completeness and contamination/redundancy was           

estimated based on the presence of a core set of genes with CheckM ​(70, 138)​, and                

MAGs were classified using Phylosift ​(139)​. 

Functional Marker Gene Analysis 

To analyze functional marker genes in the unassembled, unpooled metagenomes,          

we used a curated database of reference protein sequences ​(140) and identified open             

reading frames (ORFs) in our unassembled metagenomic time series using Prodigal           

(141)​. This analysis was conducted on merged reads. The protein sequences and ORFs             

were compared using BLASTx ​(142) with a cutoff of 30 percent identity. Significant             

differences in gene frequency between sites were identified using LEfSE ​(143)​. Read            

abundance was normalized by metagenome size for plotting. We chose to perform this             

analysis because gene content in unassembled metagenomes is likely more quantitative           

and more representative of the entire microbial community than gene content in the             

MAGs. 

https://paperpile.com/c/z0wJNO/6WIN
https://paperpile.com/c/z0wJNO/ZF1p
https://paperpile.com/c/z0wJNO/9Equ
https://paperpile.com/c/z0wJNO/uwrv+OZnI
https://paperpile.com/c/z0wJNO/lrTf
https://paperpile.com/c/z0wJNO/LxQE
https://paperpile.com/c/z0wJNO/qgX5
https://paperpile.com/c/z0wJNO/hzL4
https://paperpile.com/c/z0wJNO/bUgJ
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Table 4.2. Statistics from genome assembly and binning. ​Metagenomic         

samples were pooled by lake and layer to allow time-resolved binning. The time series in               

Lake Mendota spans 2008-2012, while the Trout Bog time series spans 2007-2009. The             

large amount of DNA assembled produced just under 200 high quality           

metagenome-assembled genomes. 

 

 

  
Lake Mendota Trout Bog Epilimnion Trout Bog Hypolimnion 

Number of 

metagenomes 

94 47 47 

Collection time span Jun. 2008 – 

Nov. 2012 

Jun. 2007 – Aug. 

2009 

May 2007 – Aug. 2009 

Total base pairs in 

metagenomes 

1.26x10​11 
6.72x10​10 

7.18x10​10 

Total base pairs in 

pooled assembly 

3.37x10​9 
2.60x10​8 

5.47x10​8 

Number of contigs in 

pooled assembly 

9,912,431 79,862 153,912 

Number of curated 

bins 

99 31 63 

Number of base pairs 

in curated bins 

2.31x10​8 
5.82x10​7 

1.60x10​8 

Number of contigs in 

curated bins 

18,675 5,098 11,656 
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Pathway Prediction 

Only MAGs that were at least 50% complete with less than 10% estimated             

contamination (meeting the MIMARKS definition of a medium or high quality MAG)            

were included in this study ​(144)​. Pathways were analyzed by exporting IMG’s            

functional annotations for the MAGs, including KEGG, COG, PFAM, and TIGRFAM           

annotations and mapped to pathways in the KEGG and MetaCyc databases as previously             

described ​(35)​. To score presence, a pathway needed at least 50% of the required              

enzymes encoded by genes in a MAG and if there were steps unique to a pathway, at                 

least one gene encoding each unique step. Putative pathway presences was aggregated            

by lake and phylum in order to link potential functions identified in the metagenomes to               

taxonomic groups that may perform those functions in each lake. Glycoside hydrolases            

were annotated using dbCAN (http://csbl.bmb.uga.edu/dbCAN) ​(145)​. Nitrogen usage        

in amino acids was calculated by taking the average number of nitrogen atoms in              

translated ORF sequences across each MAG. 

Data formatting and plotting was performed in R (R Core Team (2017). R: A              

language and environment for statistical computing. R Foundation for Statistical          

Computing, Vienna, Austria. URL https://www.R-project.org/.) using the following        

packages: ggplot2 (H. Wickham. ggplot2: Elegant Graphics for Data Analysis.          

Springer-Verlag New York, 2009.), cowplot (Claus O. Wilke (2017). cowplot:          

Streamlined Plot Theme and Plot Annotations for 'ggplot2'. R package version 0.9.2.            

https://CRAN.R-project.org/package=cowplot), reshape2 (Hadley Wickham (2007).     

https://paperpile.com/c/z0wJNO/yvkj
https://paperpile.com/c/z0wJNO/7lxF
https://paperpile.com/c/z0wJNO/weSE
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Reshaping Data with the reshape Package. Journal of Statistical Software, 21(12), 1-20.            

URL http://www.jstatsoft.org/v21/i12/.), and APE (Paradis E., Claude J. & Strimmer K.           

2004. APE: analyses of phylogenetics and evolution in R language. Bioinformatics 20:            

289-290.). The datasets, scripts, and intermediate files used to predict pathway           

presence and absence are available at      

<https://github.com/McMahonLab/MAGstravaganza>. Any future updates or     

refinements to this dataset will be available at this link. 

Results/Discussion 

Community Functional Marker Gene Analysis 

To assess potential differences in microbial metabolisms between Lake Mendota          

and Trout Bog, we tested whether functional marker genes identified in the            

unassembled merged metagenomic reads appeared more frequently in one lake or layer            

compared to the others (Figure 4.1, Table 4.3). These comparisons were run between the              

epilimnia of Trout Bog and Lake Mendota, and between the epilimnion and            

hypolimnion of Trout Bog. We did not compare the epilimnion of Lake Mendota to the               

hypolimnion of Trout Bog, as the multitude of factors differing between these two sites              

make this comparison illogical. Many genes differed significantly by site, indicating           

contrasting gene content between lakes and layers. To further infer differences in            

microbial metabolism, we aggregated marker genes by function (as several marker           

genes from a phylogenetic range were included in the database for each type of function)               
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and tested for significant differences in distribution between lakes and layers using a             

Wilcoxon rank sum test with a Bonferroni correction for multiple pairwise testing. Many             

functional markers were found to be significantly more abundant in specific sites; more             

will be reported in each of the following sections. These contrasting abundances of             

functional marker genes suggest significant differences in the metabolisms of microbial           

communities across lake environments. 
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Figure 4.1. Analysis of marker gene abundances reveals differences         

between lakes and layers. ​To assess potential differences in microbial          

metabolisms in our study sites, we predicted open reading frames in unassembled            

metagenomes using Prodigal and compared the resulting ORFs to a custom database            

of metabolic marker genes using BLAST. In these boxplots, significant differences in            

numbers of gene hits between sites was tested using a pairwise Wilcoxon rank sum              

test with a Bonferroni correction; significance was considered to be p < 0.05. 94              

metagenomes were tested for Lake Mendota, while 47 metagenomes were tested in            

each layer of Trout Bog. Significant differences between the Trout Bog and Lake             

Mendota epilimnia and between the Trout Bog epilimnion and hypolimnion are           

indicated by a green or a purple star, respectively. Significant differences between the             

Trout Bog hypolimnion and the Lake Mendota epilimnion were not tested, as the large              

number of variables differing in these sites makes the comparison less informative.            

This analysis revealed differences in the number of marker genes observed by lake for              

many metabolic processes involved in carbon, nitrogen, and sulfur cycling. P-values of            

markers described in Figure 4.1 and elsewhere in the text are reported in Table 4.3. 
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Table 4.3. P-values of marker gene distributions between sites. ​A Wilcoxon           

rank sum test was used to non-parametrically test for significant differences in            

functional marker gene distributions between our study sites. P-values of less than 0.05             

are considered significant. 

 

Functional Marker Mendota vs Trout Bog 
Epilimnion 

Trout Bog Epilimnion vs 
Hypolimnion 

RubisCO 0 0 

Citrate lyase 0.01 0.01 

Urease 0.69 1 

Nitrogenase 0 0 

Nitrate reductase 1 0 

Nitrite reductase 0 0 

Nitric oxide reductase 0.83 0 

Nitrous oxide 
reductase 

0 0.01 

SOX 0 0.04 

Sulfate 
adenylyltransferase 

0.94 0 

Sulfide quinone 
reductase 

0 0 

Sulfite reductase 1 0 
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How Representative are the MAGs? 

To identify the phylogenies of the microbes carrying marker genes and the            

co-occurrences of marker genes within the same population genomes, we used           

metagenome-assembled genomes (MAGs) from each metagenomic time series to predict          

metabolic pathways based on genomic content. A total of 193 medium to high quality              

bacterial MAGs were recovered from the three combined time series metagenomes in            

Trout Bog and Lake Mendota: 99 from Lake Mendota, 31 from Trout Bog’s epilimnion,              

and 63 from Trout Bog’s hypolimnion. These population genomes ranged in estimated            

completeness from 50 to 99% based on CheckM estimates ​(146)​. Several MAGs from             

Trout Bog’s epilimnion and hypolimnion appeared to belong to the same population            

based on average nucleotide identities greater than 99% calculated using JGI’s ANI            

calculator ​(147)​. This is likely because assembly and binning were carried out separately             

for each thermal layer, even though some populations were present throughout the            

water column. To assess the diversity of our MAGs, we constructed an approximate             

maximum likelihood tree of all the MAGs in FastTree ​(148) using whole genome             

alignments (Figure 4.2). The tree is not intended to infer detailed evolutionary history,             

but to provide an overall picture of similarity between genomes. MAGs recovered are a              

diverse set of genomes assigned to taxa typically observed in freshwater. 

The phylum-level assignments of our MAGs were largely matched the          

classifications of 16S rRNA gene amplicon sequencing results averaged across the time            

series, consistent with a higher likelihood of recovering MAGs from the most abundant             

https://paperpile.com/c/z0wJNO/blLQ
https://paperpile.com/c/z0wJNO/AmVw
https://paperpile.com/c/z0wJNO/tNM7
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populations in the community (Figure 4.3). However, some taxa, including ​Tenericutes,           

Ignavibacteria, Epsilonproteobacteria​, and ​Chlamydiae​, were represented by MAGs        

but not identified in the 16S gene amplicon datasets. ​Chlorobi was overrepresented by             

MAG coverage compared to 16S rRNA gene counts, while ​Proteobacteria was           

overrepresented by 16S rRNA gene counts compared to MAG coverage. These           

discrepancies could be explained by bias in the 16S primer sets ​(149) difference in rRNA               

copy number, or assembly bias in MAG recovery. The observed taxonomic compositions            

are consistent with other 16S-based studies from these lakes ​(45, 90)​. The detection of              

similar phyla using both methods suggests that our MAGs are representative of the             

resident microbial communities. 

 

https://paperpile.com/c/z0wJNO/8s5I
https://paperpile.com/c/z0wJNO/B7C0+hbok
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Figure 4.2. Tree of diversity and nitrogen fixation in our MAGs. To visualize             

the diversity of our MAGs, phylogenetic marker genes were extracted from each MAG             

and aligned using Phylosift. An approximate maximum-likelihood tree based on these           

alignments was constructed using FastTree. The potential for nitrogen fixation based           

on gene content is indicated on the branch tips. 

 

 

Figure 4.3. How representative are the MAGs of the microbial communities? ​The community             

composition observed via 16S rRNA gene amplicon sequencing (A) and inferred using the proportions of               

reads from the same metagenomic time series samples that mapped to set of MAGs affiliated with major                 

phyla (B). MAGs were classified using Phylosift, while 16S sequences were classified to the phylum level.                

Numbers above bars indicating abundances greater than the limit of the y-axis. The 16S V6-V8 region was                 

targeted in Trout Bog, while the V4 region was targeted in Lake Mendota. ​Proteobacteria was split into                 

classes due to the high diversity of this phylum. Although proportions vary, similar taxonomic groups are                

observed using both approaches. Differences are likely due to a combination of primer and assembly               

biases. However, similar phyla were detected using both methods, suggesting that our MAG datasets are               

representative of their communities. 
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Nitrogen Cycling 

Nitrogen availability is an important factor structuring freshwater microbial         

communities. To see if there were differences in nitrogen cycling between different lake             

environments, we analyzed nitrogen-related marker genes and the MAGs containing          

nitrogen cycling pathways. We discovered significant differences in the abundances of           

marker genes (Figure 4.1), along with phylogenetic difference in the populations           

containing these pathways. 

To identify differences in nitrogen fixation between sites, we analyzed marker           

genes encoding nitrogenase subunits. Genes encoding for nitrogenase were observed          

most frequently in metagenomes from Trout Bog’s hypolimnion, followed by the Trout            

Bog’s epilimnion, and lastly by Lake Mendota’s epilimnion. The nitrogenase enzyme is            

inhibited by oxygen, which could explain the higher abundance of nitrogenase anoxic            

hypolimnion of Trout Bog. We further analyzed MAGs containing genes encoding           

nitrogenase and found differences in the taxonomy of putative diazotrophs between the            

two ecosystems (Figure 4.2). In Lake Mendota, two thirds of MAGs encoding the             

nitrogen fixation pathway were classified as ​Cyanobacteria, while the other third was            

assigned to ​Betaproteobacteria and ​Gammaproteobacteria. Although not all        

Cyanobacteria fix nitrogen, previous measurements of nitrogen fixation in Lake          

Mendota found a strong correlation between this pathway and the ​Cyanobacteria           

Aphanizomenon ​(150)​. MAGs containing genes encoding nitrogen fixation were more          

phylogenetically diverse in Trout Bog and included ​Deltaproteobacteria,        

https://paperpile.com/c/z0wJNO/Z7x9
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Gammaproteobacteria, Epsilonproteobacteria, Acidobacteria, Verrucomicrobia,    

Chlorobi, and ​Bacteroidetes​. The increased diversity of diazotrophs in Trout Bog           

compared to Lake Mendota suggests that nitrogen fixation genes may be horizontally            

transferred with populations in Trout Bog. 

To identify differences in denitrification, we analyzed marker genes for          

denitrification, including reductases for nitrous oxide, nitric oxide, nitrite, and nitrate.           

These denitrification genes had a similar trend as the nitrogen fixation genes; they were              

observed most frequently in metagenomes from the Trout Bog hypolimnion, with the            

exception of nitrous oxide reductase, which was most frequently found in Lake            

Mendota. This trend could stem from denitrification also requiring a reductive, low            

oxygen environment. Urease, another nitrogen cycling marker gene, was not found           

significantly more often in any site. We further analyzed putative denitrification           

pathways in our MAGs and found that they were observed at similar frequencies in              

population genomes from all environments (Figure 4.4). Urea degradation pathways          

were also predicted in MAGs from both lakes, which is consistent with research showing              

that urea is a common nitrogen source for bacteria in multiple freshwater environments             

(151–153) 

To explore the importance of polyamines in the freshwater nitrogen cycle, we            

analyzed genes encoding the biosynthesis and degradation of polyamines such as           

spermidine and putrescine. We predicted that 94% of MAGs could synthesize           

polyamines, and 87% could degrade polyamines. These genes were prevalent in many            

https://paperpile.com/c/z0wJNO/eIOV+n0EF+8VZ3
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diverse MAGs from both lakes, including ​Actinobacteria as has been previously           

observed ​(92, 117)​. While there is some evidence for the importance of polyamines in              

aquatic systems ​(154)​, the ecological role of these compounds in freshwater is not fully              

resolved. Polyamines are known to play a critical but poorly understood role in bacterial              

metabolism ​(155)​, and the exchange of these nitrogen compounds between populations           

may be a factor structuring freshwater microbial communities. Polyamines can also           

result from the decomposition of amino acids, so higher trophic levels such as fish or               

zooplankton may provide an additional source ​(156)​. The frequent appearance of           

polyamine-related pathways in our MAGs lends support to the hypothesis that these            

compounds are important parts of the dissolved organic nitrogen and carbon pool in             

freshwater. 

To identify signatures of nitrogen limitation at the genomic level, we analyzed            

biases in amino acid use in our MAGs ​(157, 158)​. For this analysis, genomes from the                

Trout Bog layers were considered together due to the previously mentioned overlap in             

recovered genomes. We observed on average, MAGs from Trout Bog encoded amino            

acids with 1% less nitrogen than MAGs from Lake Mendota. Although this difference is              

small, it was significant using a Wilcoxon rank sum test (p = 0.02). The observed amino                

acid bias suggests that conditions in Trout Bog may lead to stronger selection for              

nitrogen poor proteins than in Lake Mendota. Differences in the compositions of the             

nitrogen pools in these lakes may also contribute to the observed differences in the              

distributions of nitrogen cycling marker genes. Lake Mendota receives large amounts of            

https://paperpile.com/c/z0wJNO/hy8A+Omc0
https://paperpile.com/c/z0wJNO/CHlV
https://paperpile.com/c/z0wJNO/QWyh
https://paperpile.com/c/z0wJNO/dchT
https://paperpile.com/c/z0wJNO/dMz3+sRaK
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nitrate runoff from the surrounding agricultural landscape, while Trout Bog receives           

nitrogen in more complex forms (e.g. ​Sphagnum-​derived organic nitrogen), and the           

microbial community competes for nitrogen with the surrounding​ ​plant community. 

Sulfur Cycling 

Sulfur is another essential element in freshwater that is cycled between oxidized            

and reduced forms by microbes. Our marker gene analysis demonstrated that genes            

encoding for sulfide:quinone reductase (for sulfide oxidation) and the sox pathway (for            

thiosulfate oxidation) were significantly more abundant in Trout Bog compared to Lake            

Mendota, with no significant differences between the layers of Trout Bog (Figure 4.1).             

Genes encoding for sulfite reductases were the least abundant sulfur cycling marker            

genes in all sites. Dissimilatory sulfite reductase was observed only in MAGs from Trout              

Bog, especially those classified as ​Chlorobiales​. Because this enzyme is thought to            

operate in reverse in green sulfur-oxidizing phototrophs such as ​Chlorobiales ​(159)​, this            

may indicate an oxidation process rather than a reductive sulfur pathway. Assimilatory            

sulfate reduction was the most common sulfur-related pathway identified in the MAGs            

(Figure 4.4). 

 

 

 

https://paperpile.com/c/z0wJNO/peJ3
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Figure 4.4. Metabolisms in Lake Mendota and Trout Bog. Metabolic pathways were            

predicted for all MAGs based on their gene content. At least 50% of enzymes in a pathway must                  

have been encoded in the genome for a pathway to be considered present, as well as encoding                 

enzymes unique to or required for a pathway. Putative pathway presence was aggregated by              

lake and phylum. This analysis can link potential functions identified in the metagenomes to              

taxonomic groups that may perform those functions. For example, MAGs with putative            

pathways for carbon fixation also likely fix nitrogen in both lakes. Similar, putative degradation              

pathways for rhamnose, fucose, and galactose were frequently encoded in the same MAGs.             

Proteobacteria​ was split into classes due to the high diversity of this phylum. 
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We observed assimilatory sulfate reduction more frequently than dissimilatory         

sulfate reduction, suggesting that in these populations, sulfate is more commonly used            

for biosynthesis, while reduced forms of sulfur are used as electron donors for energy              

mobilization. This is in contrast to marine systems, where sulfate reduction holds a             

central role as an energy source for organotrophic energy acquisition ​(160)​, although            

sulfate reduction could also be occurring in Lake Mendota’s hypolimnion. Sulfur           

oxidation pathways were observed in MAGs classified as ​Betaproteobacteria from both           

lakes and ​Epsilonproteobacteria​ in the Trout Bog Hypolimnion. 

Phototrophy 

Primary production (the coupling of photosynthesis and carbon fixation) is a           

critical component of the freshwater carbon cycle. To identify differences in routes of             

primary production between freshwater environments, we compared marker genes for          

carbon fixation across sites. RuBisCO (ribulose-1,5-bisphosphate      

carboxylase/oxygenase), the marker gene for carbon fixation via the         

Calvin-Benson-Bassham (CBB) pathway, was most frequently observed in the         

epilimnion of Trout Bog (Figure 4.1). In contrast, citrate lyase, the marker gene for the               

reverse TCA cycle, was observed most frequently in Trout Bog’s hypolimnion. 

We next assessed the MAGs for photoautotrophy, expecting to find differences           

between our two study sites based on the observed contrasts in the functional marker              

https://paperpile.com/c/z0wJNO/Sz7F
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gene analysis (Figure 4.4). In Lake Mendota, the majority of MAGs encoding            

phototrophic pathways were classified as ​Cyanobacteria​. These populations contained         

genes encoding enzymes in the CBB pathway. In Trout Bog, most MAGs encoding             

phototrophy were classified as ​Chlorobium clathratiforme​, a species of ​Chlorobiales          

widespread in humic lakes ​(161)​. The Chlorobiales MAGs in Trout Bog contained genes             

encoding citrate lyase and other key enzymes in the reductive tricarboxylic acid (TCA)             

cycle, an alternative carbon fixation method commonly found in green sulfur bacteria            

such as ​Chlorobi ​(162, 163)​. As ​Chlorobium is a strictly anaerobic lineage, the presence              

of citrate lyase in these populations may explain why this gene was observed more              

frequently in metagenomes from Trout Bog’s hypolimnion. These photoautotrophs from          

both lakes also contained genes potentially encoding nitrogen fixation. The          

co-occurrence of fixation pathways in these populations are especially interesting given           

their relatively high abundance in their respective lakes. 

The reductive TCA cycle is the only carbon fixation pathway known to be active in               

cultured representatives of ​Chlorobiales​, but we found genes annotated as the RuBisCO            

large subunit (​rbcL​) were observed in some of the ​Chlorobiales MAGs. Homologs of             

rbcL have been previously identified in isolates of ​Chlorobium, ​and ​were associated with             

sulfur metabolism and oxidative stress ​(164)​. Inspection of the neighborhoods of genes            

annotated as ​rbcL ​in the ​Chlorobiales MAGs revealed genes putatively related to            

rhamnose utilization, LPS assembly, and alcohol dehydrogenation, but no other CBB           

https://paperpile.com/c/z0wJNO/Xvwk
https://paperpile.com/c/z0wJNO/TY41+jz7p
https://paperpile.com/c/z0wJNO/N8o9
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pathway enzymes. Given this information, it seems likely that this ​rbcL ​homolog            

encodes a function other than carbon fixation in the ​Chlorobiales ​MAGs. 

The potential for photoheterotrophy via the aerobic anoxygenic phototrophic         

pathway was identified in several MAGs from all lake environments, especially from            

epilimnia, based on the presence of genes annotated as ​pufABCLMX, puhA, ​and ​pucAB             

encoding the core reaction center RC-LH1 ​(91)​. ​Betaproteobacteria and         

Gammaproteobacteria​, particularly MAGs classified as ​Burkholderiales​, most often        

contained these genes, although they were not broadly shared across the phylum (Figure             

4.4). As aerobic anoxygenic phototrophy has previously been associated with freshwater           

Proteobacteria ​(91)​, these results are not surprising. Unexpectedly, an ​Acidobacteria          

MAG from the Trout Bog epilimnion also contained genes suggesting aerobic           

anoxygenic phototrophy. 

Another form of photoheterotrophy previously identified in freshwater is the use           

of light-activated proteins such as rhodopsins ​(91)​. We observed genes encoding           

rhodopsins in MAGs from each lake environment, but more frequently in           

Actinobacteria and ​Bacteroidetes MAGs from Lake Mendota (Figure 4.4). Trout Bog,           

especially the hypolimnion, harbored fewer, less diverse MAGs encoding rhodopsins          

than those from Lake Mendota. 

https://paperpile.com/c/z0wJNO/ze5n
https://paperpile.com/c/z0wJNO/ze5n
https://paperpile.com/c/z0wJNO/ze5n
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Complex Carbon Degradation 

Biopolymers in freshwater can be either autochthonous (produced within the          

lake, ex. algal polysaccharides) or allochthonous (imported from the surrounding          

landscape, ex. cellulose). Organic carbon in freshwater is often classified as either            

autochthonous or allochthonous carbon, but this distinction has little relevance for           

organotrophic bacteria. For example, there is substantial overlap in the molecular           

composition of algal exudates, cellulose degradation intermediates, and photochemical         

degradation products ​(165, 166)​. One-carbon compounds such as methane are produced           

in the lake (therefore autochthonous), but they are also produced from decomposition of             

allochthonous carbon. We therefore found it more informative to categorize the carbon            

degradation pathways observed in our dataset by type of metabolism rather than carbon             

origin. 

Degradation of high-complexity, recalcitrant carbon compounds requires       

specialized enzymes, but a wide availability of these compounds can make complex            

carbon degradation an advantageous trait. One way to predict the ability to degrade             

high-complexity carbon in microbial populations is by identifying genes annotated as           

glycoside hydrolases (GHs), which encode enzymes that break the glycosidic bonds           

found in complex carbohydrates. A previous study of ​Verrucomicrobia MAGs from our            

dataset found that the profiles of GHs differed between Lake Mendota and Trout Bog,              

potentially reflecting the differences in available carbon sources ​(35)​. Here, we           

expanded this analysis of glycoside hydrolases to all of the MAGs in our dataset to               

https://paperpile.com/c/z0wJNO/PSVP+zwxV
https://paperpile.com/c/z0wJNO/7lxF


 

 

89 

identify differences in how populations from our two study sites degrade complex            

carbohydrates. 

We calculated the coding density of GHs, defined as the percentage of coding             

regions in a MAG annotated as a GH to identify differences in carbon metabolism              

between MAGs from different lake environments (Figure 4.5). Our GH coding density            

metric was significantly correlated with the diversity of GHs identified (r​2​= 0.39, p =              

4.5x10​-8​
), which is an indicator of the number of substrates an organism can utilize. The               

MAGs with the highest GH coding densities were classified as ​Bacteroidales,           

Ignavibacteriales, Sphingobacteriales​, and ​Verrucomicrobiales from Trout Bog’s       

hypolimnion. Two of these orders, ​Sphingobacteriales and ​Verrucomicrobiales​, also         

contained MAGs with high GH coding densities in Lake Mendota and Trout Bog’s             

epilimnion. There were several additional orders with high GH coding density that were             

unique to Lake Mendota, including ​Mycoplasmatales (Tenericutes), Cytophagales        

(Bacteroidetes), Planctomycetales (Planctomycetes), and ​Puniceicoccales     

(Verrucomicrobia). In concordance with their ability to hydrolytically degrade         

biopolymers to sugars, MAGs with high GH coding densities also contained putative            

degradation pathways for a variety of sugars (Figure 4.4). 

We identified genes encoding for several GH families in MAGs from all lake             

environments. Starting with the most frequently observed in MAGS from all sites, these             

included GH109 (alpha-N-acetylgalactosaminidase), GH74 (endoglucanase), and GH23       

(soluble lytic transglycosylase). However, previous research has shown that abundance          
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of genes annotated as GH families may be misleading ​(35)​; therefore, we prefer not to               

speculate on the relative importance of GH family annotations in our MAGs based on              

observation frequency. Lake Mendota contained unique GHs belonging to the family           

GH13 (alpha-glucoside). The only unique GH found in Trout Bog’s epilimnion was            

GH62, a putative arabinofuranosidase. Trout Bog’s hypolimnion contained many more          

unique enzymes, the most abundant of which were GH129         

(alpha-N-acetylgalactosaminidase), GH89 (alpha-N-acetylglucosaminidase), GH43_12    

(xylosidase/arabinosidase), GH44 (beta-mannanase/endo-beta-1,4-glucanase), GH66    

(dextranase), and GH67 (alpha-glucuronidase). The increased diversity of these genes          

found in Trout Bog’s hypolimnion suggests differences between the GH profiles, which            

could be correlated to differing diversity and complexity of the available organic carbon. 

 

 

https://paperpile.com/c/z0wJNO/7lxF
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Figure 4.5. Glycoside hydrolase content in the MAGs. ​Annotations of GHs           

were used as an indication of complex carbon degradation. Genes potentially encoding            

GHs were identified and assigned CAZyme annotations using dbCAN. GH coding           

density was calculated for each MAG and averaged by order and lake (A). While a few                

orders contained genes encoding glycoside hydrolases in all three sites, many orders            

were unique to each site. The orders with the highest coding density were all found in                

the Trout Bog hypolimnion. Glycoside hydrolase diversity, an indicator of the range of             

substrates an organism can degrade, was significantly correlated with coding density           

(r2 = 0.38, p = 4.5x10-8). Within MAGs with high glycoside hydrolase density, three              

families appeared most frequently - GH74, GH109, and GH23, although these           

abundances may be method-dependent (He et al., 2017) (B-D). ​Proteobacteria was           

split into classes due to the high diversity of this phylum. 

 



 

 

92 

Central Metabolism and Simple Carbon Degradation 

Freshwater microbes are exposed to a great variety of low-complexity carbon           

sources such as carbohydrates, carboxylic acids, and one-carbon (C1) compounds. The           

central metabolic pathways shared by most living cells are often an entry point for the               

least complex carbon compounds. The specific routing of central metabolism may           

therefore reveal how low complexity carbon compounds are used. Genes encoding           

enzymes in the glyoxylate cycle, a truncated version of the TCA cycle that is used to                

produce biosynthetic intermediates and bypass decarboxylation steps, were observed in          

Alphaproteobacteria and ​Chlamydiae in Lake Mendota and ​Acidobacteria and         

Betaproteobacteria in Trout Bog. This may indicate an adaptation to reduce carbon            

demand in these populations. 

Oxidative phosphorylation is an important part of central metabolism for aerobic           

bacteria, so we investigated the types of cytochrome oxidases encoded in our MAGs             

(Figure 4.4). Cytochrome c oxidases, both aa3- and cbb3-type, were widespread in all             

three lake environments and frequently co-occurred within MAGs. aa3-type         

cytochromes are associated with high oxygen concentrations and cbb3-type         

cytochromes are associated with low oxygen concentrations ​(167)​, so the presence of            

genes encoding both types suggests the flexibility to operate under a range of oxygen              

concentrations. Of the quinol-based cytochrome oxidases, genes encoding cytochrome d          

oxidase were most often observed in MAGs from Trout Bog’s hypolimnion, while            

cytochrome aa3-600 was found only in MAGs classified as ​Bacteroidetes and           

https://paperpile.com/c/z0wJNO/cAko
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Betaproteobacteria from Trout Bog’s epilimnion. Cytochrome o oxidase was observed          

only in a ​Chlamydia MAG from Lake Mendota. Alternative complex III was identified in              

MAGs of ​Verrucomicrobia in all sites, in ​Acidobacteria ​from Trout Bog (both layers),             

and in ​Bacteroidetes ​and ​Planctomycetes​ from Lake Mendota. 

Similarly, hydrogen metabolism can influence other aspects of a microbe’s          

nutrient usage. Iron-only hydrogenases were found primarily in MAGs from Trout Bog’s            

hypolimnion (Table 4.3), consistent with their previously identified presence in          

anaerobic, often fermentative bacteria ​(168) and the higher observations of marker           

genes for iron-only hydrogenases in the hypolimnion site. Genes encoding [Ni-Fe]           

hydrogenases of groups 1 and 2, involved in hydrogen uptake, sensing, and nitrogen             

fixation, were found at significantly different frequency in all sites with the exceptions of              

group 2a in Lake Mendota and Trout Bog’s epilimnion and group 2b in both layers of                

Trout Bog. Genes encoding these hydrogenases were widespread in MAGs from Trout            

Bog’s hypolimion, found only in ​Chlorobiales ​MAGs in Trout Bog’s epilimnion, and            

rarely observed in MAGs from Lake Mendota. Group 3 [Ni-Fe] hydrogenases were            

detected differentially at each site dependent on their subtype and were identified in             

MAGs belonging to ​Cyanobacteria and ​Chlorobiales in both lakes. This finding is            

consistent with the proposed function of Group 3d, which is to remove excess electrons              

produced by photosynthesis. Group 4 [Ni-Fe] hydrogenases were not observed          

significantly more or less in any site. 

https://paperpile.com/c/z0wJNO/zr7d
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Low molecular weight carbohydrates such as glucose, fucose, rhamnose,         

arabinose, galactose, mannose, and xylose may be derived either from algae or from             

cellulose degradation ​(166, 169)​. To understand how these compounds are used by            

freshwater populations, we analyzed putative sugar degradation pathways in our MAGs.           

Genes encoding the pathway for mannose degradation, which feeds into glycolysis,           

appeared frequently in both lakes. Genes encoding the degradation of rhamnose and            

fucose, whose pathways converge to enter glycolysis and produce pyruvate, were           

frequently found within the same MAGs (including members of ​Planctomycetes and           

Verrucomicrobia from Lake Mendota, and members of ​Bacteroidetes, Ignavibacteria,         

and ​Verrucomicrobia from Trout Bog). Putative pathways for galactose degradation          

were often observed in these same MAGs. Xylose is a freshwater sugar which has              

already been identified as potential carbon source for streamlined ​Actinobacteria ​(92)​;           

we confirmed this in our MAGs, and found that ​Bacteroidetes, Planctomycetes, and            

Verrucomicrobia from Lake Mendota and ​Bacteroidetes and ​Verrucomicrobia from         

Trout Bog were additional potential xylose degraders. Genes for the degradation of            

glycolate, an acid produced by algae and consumed by heterotrophic bacteria ​(77)​, were             

identified in ​Cyanobacteria and ​Betaproteobacteria MAGs from Lake Mendota and in           

Acidobacteria, Verrucomicrobia, Alpha-, Beta-, Gamma-​, and ​Epsilonproteobacteria       

MAGs from Trout Bog. 

Methylotrophy, the ability to grow solely on C1 compounds such as methane or             

methanol, appears in MAGs from both Trout Bog and Lake Mendota. Putative pathways             

https://paperpile.com/c/z0wJNO/zwxV+uO87
https://paperpile.com/c/z0wJNO/hy8A
https://paperpile.com/c/z0wJNO/bm0K
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for methanol degradation were found in MAGs classified as ​Methylophilales (now           

merged with ​Nitrosomonadales ​(170)​) and ​Methylotenera​, while ​Methylococcales        

MAGs were potential methane degraders based on the presence of genes encoding            

methane monooxygenase. Methylococcales ​MAGs from Trout Bog also encoded the          

pathway for nitrogen fixation, consistent with reports of nitrogen fixation in cultured            

isolates of this taxon ​(171)​. The ​Methylophilales MAGs also likely degrade           

methylamines, based on the presence of genes encoding the N-methylglutamate          

pathway or the tetrahydrofolate pathway ​(172)​. Methylotrophy in cultured freshwater          

isolates from these taxa is well-documented ​(109, 173)​; however, genes encoding           

methanol degradation were also identified in MAGs classified as ​Burkholderiales ​and           

Rhizobiales from Trout Bog. Given the rapid rate at which we are discovering             

methylotrophy in microorganisms not thought to be capable of this process, identifying            

potential new methylotrophs in freshwater is intriguing, but not surprising ​(174)​. 

MAGs over Time 

Our metagenomes comprise a time series, so we can use MAG coverage and the              

number of marker gene hits as proxies for abundance over time. As an example, we               

analyzed abundance data for ​Cyanobacteria​, known to be highly variable over time in             

Lake Mendota (Figure 4.6, A-E). We found that one ​Cyanobacteria MAG in each year              

was substantially more abundant than the rest; this single MAG only is plotted for each               

year. Since our analysis of the diversity of MAGs containing nitrogenases showed a             

strong association between nitrogen fixation and ​Cyanobacteria in Lake Mendota, we           

https://paperpile.com/c/z0wJNO/8Co6
https://paperpile.com/c/z0wJNO/QlNd
https://paperpile.com/c/z0wJNO/ib5o
https://paperpile.com/c/z0wJNO/b4Sy+Rdft
https://paperpile.com/c/z0wJNO/PhgO
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hypothesized that the number of hits to the most abundant marker genes encoding             

nitrogenase subunits over time would be correlated to the abundance of the most             

abundant ​Cyanobacteria MAG in each year (Figure 4.6, F-J). This hypothesis was            

partially supported. Two of the marker genes, TIGR1282 (​nifD​) and TIGR1286 (​nifK            

specific for molybdenum-iron nitrogenase), correlated with the ​Cyanobacteria ​MAG         

abundance more frequently than the third, TIGR1287 (​nifH, ​common among different           

types of nitrogenasese). Significant correlations (p < 0.05) were only detected in 2008,             

2011, and 2012. The strength of these correlations suggests that in three out of the five                

years in our Lake Mendota time series, a single ​Cyanobacteria population produced            

most genes encoding nitrogenase subunits. In the other two years, it is possible that              

other diazotrophic populations were more abundant, or that the nitrogenase subunits           

were derived from populations that did not assemble into MAGs. These two years were              

also unusual in our time series - in 2008, extreme flooding events led to large               

Cyanobacteria blooms ​(175) and in 2009, the invasive spiny water flea population            

drastically increased in Lake Mendota ​(176)​. Still, our time series analysis demonstrates            

the utility of our datasets in linking metabolic function to specific taxonomic groups. 

https://paperpile.com/c/z0wJNO/YzVW
https://paperpile.com/c/z0wJNO/KQRa
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Figure 4.6. Cyanobacteria and nitrogen fixation over time. To approximate the abundance of             

populations over time, we mapped metagenomic reads back to the MAGs. The number of BLAST hits of                 

marker genes in the metagenomes was used as a proxy for gene abundance. Counts were normalized by                 

metagenome size, and in the case of the MAGs, genome length. Data from Cyanobacterial MAGs and                

nitrogen fixation marker genes are shown here. Colored numbers on panels A, C, E, G, and I indicate the                   

IMG OID of the most abundant MAG in that year of data, plotted here. The marker genes used were                   

TIGR1282, TIGR1286, and TIGR1287, encoding subunits of Mo-Fe nitrogenase; these were the most             

frequently observed nitrogenase markers in the Lake Mendota metagenomes. Significantly correlated           

trends over time were observed in the MAGs and the nitrogenase marker genes in 2008, 2011, and 2012.                  

This suggests that nitrogen fixation is driven by these particular MAGs in those years, and is consistent                 

with our result indicating that genes encoding nitrogen fixation were found in these MAGs. The lack of                 

significant correlations in other years may be due to contributions from unassembled populations or more               

even abundances of other diazotrophic populations in that year. 
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Conclusions 

Our analysis of functional marker genes indicated significant differences in          

microbial nutrient cycling between Lake Mendota’s epilimnion, Trout Bog’s epilimnion,          

and Trout Bog’s hypolimnion. By combining these results with metabolic pathway           

prediction in MAGs, we identified taxa encoding these metabolisms and co-occurrence           

of pathways within MAGs. We found that phototrophy, carbon fixation, and nitrogen            

fixation co-occurred within the abundant phototrophs ​Cyanobacteria in Lake Mendota          

and ​Chlorobiales in Trout Bog. In Lake Mendota, nitrogen fixation was predominantly            

associated with ​Cyanobacteria​, it was not associated with any particular taxon in Trout             

Bog. In the sulfur cycle, we observed assimilatory pathways more frequently than            

dissimilatory pathways in the MAGs, suggesting a bias towards using sulfur compounds            

for biosynthesis rather than as electron donors. We found the greatest density and             

diversity of genes annotated as GHs in the Trout Bog hypolimnion, potentially            

indicating a greater reliance on complex carbon sources in this environment. Our            

combination of functional marker gene analysis and MAG pathway prediction provided           

insight into the complex metabolisms underpinning freshwater communities and how          

microbial processes scale to ecosystem functions. 
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Introduction 

Many of the core ecosystem functions of a freshwater lake, such as primary             

production, decomposition, and biogeochemical cycling, are driven by microbial         

communities. While the number of reactions performed by each cell is miniscule, the             

sum of all these cells is a dynamic, interconnected community whose functions can             

impact an entire ecosystem. Diel trends in freshwater have been documented for a             

number of variables that can be linked to microbial activity, including rates of primary              

production, nitrogen fixation, and sulfide oxidation ​(177–179)​. To better understand the           

impact of microbial metabolisms on freshwater ecosystems, we used         

metatranscriptomic sequencing to ask how microbial community functioning varies         

during day/night cycles in three lakes with different trophic statuses. We hypothesized            

that we would see diel trends in heterotrophic gene expression, driven by phototrophic             

gene expression, in all three lake types. 

Predicting diel trends in heterotrophic microbes may seem counterintuitive.         

However, microbial communities are highly interconnected ​(72)​, and interactions         

between phototrophic and heterotrophic freshwater microbes have previously been         

documented. A previous metatranscriptomic study in a phosphorus-limited freshwater         

lake found differential gene expression in day vs. night in both phototrophs and             

heterotrophs, particularly in energy acquisition pathways and pyrophosphatases ​(180)​.         

Similar results in heterotrophic gene expression and energy acquisition pathways were           

also observed in a marine metatranscriptomic study ​(181)​, and correlated gene           

https://paperpile.com/c/z0wJNO/70Ym+fGfV+eRwO
https://paperpile.com/c/z0wJNO/Vcs0
https://paperpile.com/c/z0wJNO/VSAl
https://paperpile.com/c/z0wJNO/Rfl5
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expression between phototrophs and heterotrophs has been identified in marine          

systems ​(67)​. However, non-diel trends in gene expression of marine heterotrophs has            

also been observed ​(182)​.  

Although many freshwater microbes cannot yet be cultured, co-cultures of          

phototrophic algae and heterotrophic bacteria can be stable. Additionally,         

non-cooperative interactions such as competition or predation have been observed in           

the laboratory ​(183)​. In the environment, changes in the phototrophic community drive            

variability in the heterotrophic community ​(184)​, potentially because compounds         

produced by the phototrophic community (such as glycolate) or decaying biomass can            

be consumed by heterotrophs ​(77)​. Freshwater phototrophs also release carbohydrates,          

which can enhance the growth of heterotrophs ​(169)​. Some ubiquitous freshwater           

bacteria, including ​Limnohabitans, ​appear to specialize in algal-derived carbon uptake          

(78)​. Abiotic photodegradation of dissolved organic carbon (DOC) could also lead to diel             

trends in heterotrophs ​(185)​. Given these multiple lines of evidence, we hypothesized            

that sunlight may be a factor driving gene expression of both light-dependent and             

light-independent metabolic pathways. 

In this study, we use a high-resolution metatranscriptomic time series to           

investigate differences in community gene expression in day vs. night. We collected            

metatranscriptomic samples every four hours for two days and repeated this experiment            

in three sites representing oligotrophic, eutrophic, and humic lake types. Here, we            

identify a number of metabolic pathways that are differentially expressed between lakes            

https://paperpile.com/c/z0wJNO/o317
https://paperpile.com/c/z0wJNO/JKeY
https://paperpile.com/c/z0wJNO/mcoV
https://paperpile.com/c/z0wJNO/WSBX
https://paperpile.com/c/z0wJNO/bm0K
https://paperpile.com/c/z0wJNO/uO87
https://paperpile.com/c/z0wJNO/tUIA
https://paperpile.com/c/z0wJNO/70NU
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and between times and propose mechanisms for these observations based on the            

available knowledge of freshwater microbial community interactions. 

Methods 

Study design and in situ measurements 

Three lakes in Wisconsin, USA, were chosen for this study based on their             

differing trophic statuses: oligotrophic (Sparkling Lake), eutrophic (Lake Mendota), and          

humic (Trout Bog). These lakes were chosen because they are core sites of the North               

Temperate Lakes - Long Term Ecological Research program, and as such, have a rich              

context of historical environmental data and automated sensor platforms deployed at           

the time of sampling. Previous studies of the resident microbial communities have also             

been performed in all three of these sites, providing reference genomes specific to each              

lake ​(54, 131, 186)​. The limnological characteristics of each lake are presented in Table              

5.1. 
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Table 5.1. Comparison of Sparkling Lake, Lake Mendota, and Trout Bog.           

These three lakes were chosen for comparative metatranscriptomics because of their           

varying trophic statuses, extensive historical data, and previous microbial sampling.          

Data courtesy of NTL-LTER <www.lter.limnology.wisc.edu>. Due to thunderstorms the         

night of July 8th, the final 1AM timepoint in Sparkling Lake was collected on July 9th                

instead. 

 Lake Mendota Trout Bog Sparkling Lake 

Surface area 

(km2) 

39.6 0.001 0.637 

Maximum depth 

(m) 

25.3 7.9 20 

Trophic status Eutrophic Humic Oligotrophic 

Location Madison, WI, USA Boulder Junction, 

WI, USA 

Boulder Junction, 

WI, USA 

GPS coordinates 43.1113, -89.4255 46.0412, -89.6861 46.0091, -89.6695 

Development on 

shoreline 

High Low Moderate 

pH 8.4 4.8 7.4 

Total 

phosphorus 

(ug/L) 

109.5 46.6 15.0 

Total nitrogen 

(ug/L) 

860 961 371 

Chlorophyll 

(ug/L) 

4.8 16.2 2.2 

Secchi depth (m) 4.8 1.1 6.2 

Sampling dates 

(2016) 

July 14-16 July 8-10 July 6-9 

Sunrise/sunset 

time on 

sampling dates 

5:32/20:35 5:18/20:49 5:17/20:50 
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Each lake was sampled twelve times at four hour intervals, starting at 5:00AM             

and continuing until 1:ooAM 44 hours later. The lakes were sampled in early July within               

a two week time period to minimize seasonal changes. Due to the difference in latitude,               

the day length at Sparkling Lake and Trout Bog was slightly longer than at Lake               

Mendota. Half an hour prior to each timepoint, an instrumented sonde (Hydrolab            

DS5X, OTT Hydromet) equipped with sensors for temperature, optical dissolved oxygen           

concentrations, pH, conductivity, turbidity, and chlorophyll was used to collect          

measurements from the top ten meters of the water column (in Trout Bog, which is only                

eight meters deep, the whole water column was measured). Photosynthetically active           

radiation (PAR) was also measured at this time using a PAR meter (Li-Cor). PAR              

readings were taken every half meter depth until light extinction or six meters.  

Exactly at the timepoint, an integrated water sample of the epilimnion was            

collected. The sampling depth was chosen based on the location of the thermocline             

measured the day prior to beginning each lake’s two day time series. The collection              

depth remained constant throughout sampling. All collection tools were washed with           

ambient epilimnion water immediately prior to each timepoint. RNA samples were the            

first samples collected at each timepoint. Water from the integrated epilimnion sample            

was pumped through 0.22 micron polyethylene filters (Supor) with a cheesecloth           

pre-filtration. This process occurred in the field using a Masterflex E/S portable sampler             

(Cole-Parmer). Each sample was filtered for the same amount of time based on the rate               

of filter clogging, determined for each lake prior to beginning the time series (2-4              
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minutes), and the volume filtered was recorded. Four replicate filters were collected.            

Filters containing RNA were placed in 2mL plastic cryovials (Phenix) and immediately            

flash frozen in liquid nitrogen. Filters were stored at -80C after collection, with the              

Trout Bog and Sparkling Lake samples spending four hours on dry ice during transport              

back to the laboratory.  

After collecting RNA, additional samples were taken for lab-based measurements          

of environmental variables from the same epilimnion sample. Samples for total and            

dissolved nitrogen and phosphorus concentrations were collected in 150 mL HDPE           

bottles (Nalgene), with samples for dissolved nutrient analysis collected using effluent           

from the RNA filtration. 1L of unfiltered water for chlorophyll measurement were            

collected in black, opaque glass bottles and filtered on shore. Three replicate 0.3 micron              

nitrocellulose filters (Whatman) of 250mL were collected for chlorophyll analysis and           

immediately flash frozen in liquid nitrogen. 15mL of unfiltered water was collected for             

C14-leucine bacterial production assays in a 50 mL tube (Falcon). This sample was             

stored in a thermos of epilimnion water to maintain ambient temperature during            

transport to designated radioactive lab spaces and subsequent incubations. DNA          

samples for metagenomic sequencing were collected at one timepoint from each lake by             

filtering 250 mL of epilimnion water from the same sample used for RNA collection on               

to the same type of 0.22 micron filters. Cells from the water sample were preserved for                

single amplified genome sequencing by mixing 2mL of water with 100 uL of a              
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glycerol-TE buffer. Both the DNA and single cell preservation samples were flash frozen             

in liquid nitrogen and stored at -80C until processing. 

 

 

Figure 5.1. Schematic of data collected during each timepoint. ​After          

measuring qualities of the environment such as pH, light penetrations, and clarity, an             

integrated epilimnion sample was collected. Water from this sample was either           

filtered and flash frozen on the boat (for RNA), processed on shore (DNA, single cells,               

chlorophyll), frozen at -20C for later analysis (cyanotoxins, nitrogen and phosphorus           

samples) or immediately test in the lab (bacterial production assay). 
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RNA extraction 

Within 2-3 weeks of collection, RNA was extracted from the filters in a single              

batch operation. A detailed protocol is available in the supplemental materials; a brief             

overview is presented here. Filters were exposed to a lysis solution containing EDTA and              

SDS and incubated at 65C. Filters were then physically destroyed using FastDNA Spin             

Kit reagents and bead beating protocol (MP Biomedical). TRIzol (a phenol mixture) was             

added to the filters before physical disruption (Thermo-Fisher). An internal standard -            

an ​in vitro transcription of the cloning plasmid pFN18A - was previously prepared and              

added to samples after beadbeating ​(187)​. The samples were centrifuged for 5 min and              

the supernatant was transferred to a fresh tube. From this point, the protocol resembles              

a typical phenol-chloroform DNA extraction. Chloroform was used to separate RNA           

from other molecules in the TRIzol. After cleaning, the RNA was precipitated in ethanol,              

pelleted, and resuspended. The RNA was further purified using an RNeasy kit            

(QIAGEN), which includes DNAse digestion. All samples were quantified using a Qubit            

fluorometer (Thermo-Fisher) and stored at -80c until sequencing. A subset of the            

samples were further tested on a BioAnalyzer to confirm that the RNA was of sufficient               

quality for sequencing (Agilent Genomics). 

Additional lab-based measurements 

Although the sonde used to measure characteristics of the water column included            

a chlorophyll sensor, sensor-based measurements of chlorophyll are highly variable.          

Therefore, we also took lab-based measurements of chlorophyll concentrations.         

https://paperpile.com/c/z0wJNO/UNFP
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Chlorophyll was extracted from the triplicate filters using methanol following          

NTL-LTER protocols. Samples were acidified to measure phycocyanin in addition to           

chlorophyll. Extracted chlorophyll was diluted as needed to remain within range of the             

spectrometer; samples from Sparkling Lake required no dilution, samples from Lake           

Mendota required a 1:4 dilution, and samples from Trout Bog required either a 1:2 or a                

1:4 dilution. 

Bacterial production assays were conducted using C14-leucine at each timepoint.          

1.5 mL of water were added to six microcentrifuge tubes. Two of the six samples were                

immediately killed using trichloroacetic acid (TCA) as negative controls. All samples           

received C14-leucine and were incubated for one hour, after which samples were killed             

with TCA and stored at -20C. Approximately one month after sample collection,            

production assay samples were thawed, pelleted, and resuspended in ethanol.          

Radioactivity was measured using a liquid scintillation counter. 

DNA filters underwent a phenol/chloroform extraction using the same lysis          

method as the RNA extraction protocol. An additional four DNA samples collected from             

Sparkling Lake in 2009 were extracted and sent for sequencing to serve as additional              

references for this lake. 

Sequencing 

All samples were sequenced by the Department of Energy Joint Genome Institute            

(JGI). Once received, rRNA was depleted from the RNA samples. RNA samples were             

sequenced using Illumina HiSeq 2500-1TB. Metatranscriptomic reads were quality         
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filtered by JGI. Metatranscriptomic reads were assembled by JGI using MetaHit ​(188)​.            

DNA samples for metagenomics were also sequenced on an Illumina HiSeq platform.            

Metagenomic reads were assembled by JGI and assembled using MetaHit. DNA           

samples for 16S rRNA ribosomal gene amplicon sequencing were sequenced on an            

Illumina MiSeq platform. The resulting reads were filtered using BBDuk and reads            

mapping to human, mouse, cat, and dog genomes with BBMap were removed ​(189)​.  

Cells for single amplified genomes were sorted, identified using 16S amplicon           

sequencing, and sequenced using JGI’s standard single amplified genome (SAG)          

protocols. Cells for SAG sequencing were chosen with a preference towards cells from             

Sparkling Lake, the least well-represented lake in the dataset. An Illumina shotgun            

library was constructed from each single cell and sequenced on the Illumina NextSeq             

platform. Sequencing reads were filtered using BBTools ​(189) and assembled into SAGs            

using SPAdes ​(190)​. Unscreened SAGs were used as references to retain any unusual             

DNA sequences in the genome. 

 

 

https://paperpile.com/c/z0wJNO/dcIW
https://paperpile.com/c/z0wJNO/gCVR
https://paperpile.com/c/z0wJNO/gCVR
https://paperpile.com/c/z0wJNO/UA9w
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Figure 5.2. Composition of the sequences used as references for          

annotating and classifying metatranscriptomic reads. ​To allow comparisons        

between study sites, a single database was used for all metatranscriptomes. Sequences            

included in this database were a mix of newly generated metagenome assemblies and             

SAGs, genomes generated from previous projects at these study sites, and published            

reference genomes for algae. All of these sequences were clustered at 98% sequence             

similarity, creating a non-redundant database of coding regions. The longest gene was            

chosen as the representative of each cluster. After clustering, the database was            

reduced in size by 40%, indicating high levels of redundancy between the various             

input types. 

 

Bioinformatics pipeline 

Ribosomal rRNA reads, which still comprised approximately 50% of         

metatranscriptomic reads despite rRNA depletion, were removed using SortMeRNA         

(191)​. Assembled metagenomic contigs from this study, SAGs from this study, SAGs and             

MAGs from previous McMahon Lab time series sequencing on these lakes ​(54, 131, 186)​,              

and 5 algal genomes from NCBI RefSeq ​(192)​, representing each algal genus, were used              

https://paperpile.com/c/z0wJNO/lo6p
https://paperpile.com/c/z0wJNO/fpc3+7EqT+EqAH
https://paperpile.com/c/z0wJNO/HPTf
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to build a nonredundant, highly specific database for mapping metatranscriptomic          

reads. This approach provides better functional prediction than annotating each          

individual read. After formatting each type of genome or contig’s fastq and gff files,              

coding regions were extracted and clustered at 97% ID using CD-HIT ​(193)​.            

Metatranscriptomic reads were mapped to this database with a 90% ID cutoff using             

BBMap ​(189)​. Mapped reads were tabulated using FeatureCounts ​(194)​. Metagenome          

assemblies were binned by lake using Metabat and checked for completeness and            

contamination using CheckM ​(135, 146)​. Bins and unbinned contigs from the           

metagenome assemblies were classified by taking the consensus taxonomy of the best            

hit in the IMG database for each coding region on a contig/bin (Stevens, unpublished). 

Statistics 

We added an internal standard to our RNA samples immediately after cell lysis             

during the extraction process. This allowed both normalization using the standard           

instead using to library size, as is often performed, and assessment of extraction success.              

Samples with either too few counts of the internal standard (less than 50) or orders of                

magnitude higher expression in all genes after normalization when compared to           

replicates were discarded. After these quality control measurements, 32 samples          

remained from Sparkling Lake, 30 from Lake Mendota, and 21 from Trout Bog. The              

resulting read counts are in units of transcripts/L, and are semi-quantitative (keeping in             

mind the limitations and biases of metatranscriptomic sequencing).  

https://paperpile.com/c/z0wJNO/175E
https://paperpile.com/c/z0wJNO/gCVR
https://paperpile.com/c/z0wJNO/N2pE
https://paperpile.com/c/z0wJNO/6WIN+blLQ
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The statistical software “R” was used for further analysis (R Core Team, 2018). To              

reduce noise in the dataset, the top 20,000 expressed genes in each lake were retained               

for further differential expression analysis. From this subset, marker genes for           

metabolic processes were selected and aggregated by pathway - for example, any gene             

annotation containing “nitrogenase,” “nifH|nifD|nifK,” or “nitrogen fixation” was        

considered representative of the pathway nitrogen fixation. The summed expression of           

each pathway/process was input into DESeq to test differential expression ​(195)​.           

Despite normalizing by the internal standard, samples were still normalized by size            

factors to control for compositional bias, as recommended by the authors of DESeq. To              

account for the large number of pathways tested, an adjusted p-value of less than 0.05               

was used as an indicator of significantly different expression. This analysis was run both              

with lake as a condition and with day or night as a condition within each lake. Day                 

timepoints were considered to be 9AM, 1PM, and 5PM, while night timepoints were             

considered to be 9PM, 1AM, and 5AM. Results were plotted using the R packages              

ggplot2 (Wickham, 2009) and cowplot (Wilke, 2017). 

Results 

What genes are expressed? 

As an initial comparison between our study sites, we first asked which genes were              

most expressed in each lake (Table 5.2). Photosynthesis related genes, particularly those            

encoding the photosystem II P680 D1 protein, were highly expressed in all three lakes.              

Genes encoding RuBisCO, the key enzyme in carbon fixation via the           

https://paperpile.com/c/z0wJNO/qj90
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Calvin-Benson-Bassham (CBB) pathway, were among the top expressed genes in Lake           

Mendota and Trout Bog, but not Sparkling Lake. These genes were most frequently             

derived from ​Cyanobacteria or ​Chitinophagia​, a member of ​Bacteroidetes​.         

Cyanobacteria is a ubiquitous primary producer in freshwater, but ​Chitinophagia is not            

known to perform photosynthesis. As ​Bacteroidetes is proposed to form a superphylum            

with ​Chlorobi​, it is possible that these genes are instead derived from green sulfur              

bacteria ​(196)​. Interestingly, a hypothetical gene from the bacterial predator          

Bdellovibrio ​and a gene encoding PQQ-dependent dehydrogenase were highly expressed          

in Lake Mendota. 

Because of the dominance of phototrophic taxa and genes in the most expressed             

genes in all sites, we also investigated which genes were highly expressed from             

heterotrophic organisms (Table 5.3). Housekeeping genes such as RNA polymerase,          

chaperonin, and translation elongation factors were commonly expressed in all lakes.           

Many of the most highly expressed heterotrophic genes in Lake Mendota were classified             

as belonging to acI, including a sugar transporter. In Trout Bog, groups such as              

Verrucomicrobia and Armatimonadetes contributed some of the top expressed genes,          

while in Sparkling Lake, genes expressed by Deltaproteobacteria were frequently          

observed. Genes encoding flagellin were among the most highly expressed genes in            

Sparkling Lake.  

 

 

https://paperpile.com/c/z0wJNO/yqY1
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Table 5.2 Top 10 most expressed genes in each study site. ​The top 10 most               

expressed genes from each lake, without any filters are presented here. Annotations and             

classifications are derived from the sequence to which each read mapped. 

 

Lake Mendota Trout Bog Sparkling Lake 

Photosystem II P680 reaction 

center D1 protein 

Cyanobacteria 

Photosystem II P680 reaction 

center D1 protein 

Bacteria 

Hypothetical 

Unclassified 

Photosystem II P680 reaction 

center D1 protein 

Bacteria 

RubisCo large chain 

Bacteria 

Hypothetical 

Unclassified 

Photosystem II P680 reaction 

center D1 protein 

Cyanobacteria 

Photosystem II CP43 

chlorophyll apoprotein 

Bacteria 

Photosystem II P680 reaction 

center D1 protein 

Cyanobacteria 

Hypothetical 

Unclassified 

Putative beta-barrel porin-2 

Unclassified 

Photosystem II P680 reaction 

center D1 protein 

Unclassified 

Hypothetical 

Unclassified 

Photosystem II P680 reaction 

center D1 protein 

Cyanobacteria 

Photosystem II P680 reaction 

center D1 protein 

Chitinophagaceae 

RubisCo large chain 

Cyanobacteria 

Photosystem I P700 chlorophyll 

a apoprotein A2 

Unclassified 

Hypothetical 

Unclassified 

PQQ-dependent dehydrogenase 

LD28 

Photosystem II CP47 chlorophyll 

apoprotein 

Bacteria 

Hypothetical 

Unclassified 

Hypothetical 

Unclassified 

Hypothetical 

Unclassified 

Photosystem II P680 reaction 

center D1 protein 

Unclassified 

Hypothetical 

Bdellovibrio 

Photosystem I P700 chlorophyll 

a apoprotein A1 

Unclassified 

Hypothetical 

Unclassified 

RubisCo large chain 

Cyanobacteria 

Photosystem II P680 reaction 

center D2 protein 

Bacteria 

Hypothetical 

Bacteria 
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Table 5.2 Top 10 most expressed annotated genes from heterotrophs in           

each study site. The top 10 most expressed genes from each lake, filtered to exclude               

photosynthetic genes, phototrophic organisms, hypothetical genes, and unclassified        

genes, are presented here. Annotations and classifications are derived from the           

sequence to which each read mapped. 

Lake Mendota Trout Bog Sparkling Lake 

PQQ-dependent dehydrogenase 

LD28 

Ig-like protein group1 

acI-B 

Chaperonin GroEL 

Deltaproteobacteria 

Translation elongation factor 

TU 

Bacter0idetes 

S-layer homology domain 

Fimbriimonas 

S-layer homology domain 

Fimbriimonas ginsengisoli 

YTV protein 

Actinobacteria 

Ribonucleoside-diphosphate 

reductase alpha chain 

Pedosphaera parvula 

F-type H+-transporting 

ATPase subunit beta 

Chitinophagia 

Translation elongation factor 

EF-G 

acI-A6 

Type II secretion, pseudopilin 

PulG 

Verrucomicrobia 

Heat shock protein 5 

Deltaproteobacteria 

DNA-directed RNA polymerase 

acI-A6 

Porin 

Rhodospirillales 

Flagellin 

Comamonadaceae 

Probable sodium:solute 

transporter 

LD12 

DNA-directed RNA polymerase 

subunit beta 

Pedosphaera 

Chaperone DnaK 

Deltaproteobacteria 

DNA-directed RNA polymerase 

acI-A6 

Chaperonin GroL 

Bdellovibrionales 

Major capsid protein Gp23 

Candidatus Saccharibacteria 

(TM7) 

ABC-type sugar transport 

system 

acI-B1 

Elongation factor Tu 

Verrucomicrobia 

F-type H+-transporting 

ATPase subunit beta 

Chitinophagia 

Translation elongation factor 

TU 

acI-A6 

Outer membrane receptor, 

mostly Fe transport 

Proteobacteria 

Outer membrane receptor, 

mostly Fe transport 

Caulobacteraceae 

Por secretion system C-terminal 

sorting domain 

Sphingobacteriia 

Prepilin-type N-terminal 

cleavage protein 

Armatimonadetes 

Flagellin 

Deltaproteobacteria 
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Figure 5.3 Most highly expressed or abundant phyla by lake. ​The expression of genes were               

aggregated by phylum and compared to the coverage of those phyla in metagenomes. No positive               

relationship was observed between expression and abundance. The identity of the most expressed and              

most abundant phyla varied by lake. One phylum, Chloroflexi, was removed from the plot of Lake                

Mendota due to orders of magnitude higher expression and abundance. This phylum is likely an outlier. 
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What phyla are expressed? 

We next aggregated expressed genes by phylum to compare the most expressed            

taxa to the most abundant taxa based on metagenomic data (Figure 5.3). The same              

reference database was used for mapping metatranscriptomic and metagenomic data,          

making such comparisons possible. No positive trend between expression and          

abundance was observed. Eukaryotic algae were among the most expressed and most            

abundant phyla in all three lakes, with more types of algae observed in Trout Bog.               

Cyanobacteria were highly expressed in all three lakes, while viruses were present and             

expressing at low levels in all sites. The only abundant and expressing Archaeal phylum              

observed, ​Crenarchaeota, was detected in Lake Mendota. One phylum, ​Chloroflexi​, had           

orders of magnitude higher expression and abundance than other phyla in Lake            

Mendota. This phylum is likely an outlier - genes with this classification were almost              

exclusively derived from a single, low quality MAG. 

Trends in environmental variables 

We collected data on many other environmental variables to compare these           

trends to those observed in gene expression, expecting that several of these trends             

would be diel. Parameters that reflect the boundaries between layers within the water             

column, such as dissolved oxygen, temperature, pH, and conductivity, were strongly diel            

in Lake Mendota, but less so in Sparkling Lake and Trout Bog (Figure 5.4).              

Concentrations of chlorophyll, often used as an indicator of primary production, were            

diel in Trout Bog, but not in the other two sites. Bacterial production, measured via               
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C14-leucine incorporation, showed dynamics over the two day time series all three lakes,             

although the trends were not diel (Figure 5.5). No trends were observed in nitrogen or               

phosphorus concentrations. It is unclear based on our metatranscriptomic data which           

taxa or genes may be driving trends in our measured environmental variables. 

 

 

Figure 5.4. Water column temperature over the two day time series. ​Temperature and             

dissolved oxygen mark the boundaries between layers in lakes, and have previously been shown to               

fluctuate on diel scales. We measured these variables using a multi-parameter sonde at each              

timepoint. Temperature and dissolved oxygen co-varied across all lakes; we present only the             

temperature data here. The x-axis indicates time since the first sample was collected, and the y-axis                

indicates the depth at which the measurement was taken. Temperature is in Celsius, and the black                

line indicates the lowest depth of the integrated water column taken for RNA filtration. Temperature               

shows strong diel trends in Lake Mendota, but not in the other lakes. 
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Figure 5.5. Chlorophyll concentrations and bacterial production. ​Filtered chlorophyll was 

collected at each timepoint, and bacterial production assays were used to measure protein production. 

Only chlorophyll concentrations in Trout Bog showed a diel trend. Both chlorophyll concentration and 

protein production were overall lower in Sparkling Lake than in the other two lakes. 
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Differential expression between lakes 

We next asked how the expression of genes associated with specific functions            

varied by lake (Figure 5.6). The most highly expressed functional groups were genes             

encoding photosystem I, photosystem II, and ribulose-bisphosphate carboxylase        

(RuBisCO). Trout Bog had significantly higher expression of all three of these groups             

than Sparkling Lake and Lake Mendota. As expected, many of these reads were             

classified as ​Cyanobacteria in all lakes, but ​Chitinophagia was also a large contributor             

of genes related to primary production, especially in Sparkling Lake. In general, genes             

related to complex carbon degradation (hexosaminidases and glycosyl hydrolases) and          

one-carbon (C1) compound degradation (methane and methanol degradation) were         

most expressed in Trout Bog. Groups expressing complex carbon degradation genes in            

Trout Bog included ​Verrucomicrobia, Armatimonadetes, and ​Bacteroidetes, while C1         

genes were derived from ​Alphaproteobacteria, Gammaproteobacteria​,      

Betaproteobacteria, Armatimonadetes, and Bacteroidetes. Carboxylate transport was       

also most expressed in Trout Bog. Chitinase and chitobiose were more expressed in Lake              

Mendota (​Verrucomicrobia and ​Cyanobacteria) and Sparkling Lake (​Actinobacteria        

and ​Burkholderiales).  

Genes related to rhodopsin biosynthesis (​Actinobacteria and ​Bacteroidetes​) and         

general sugar transporters (​Actinobacteria and ​Burkholderiales​) were most expressed         

in Lake Mendota. Genes encoding nitrate reductase (​Eukaryota​), sulfur oxidation          

(​Betaproteobacteria​) and cellobiose transport (​Actinobacteria and ​Proteobacteria​)       
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were only expressed in Sparkling Lake. These significant differences in gene expression            

and taxonomy suggest different microbial metabolisms are used in each lake. 

 

Figure 5.6. Differential expression by lake. ​To investigate how expression of functional groups             

varied by lake, we aggregated genes by associated metabolic function and tested differential             

expression by lake. The average expression of each group in samples from each site is shown on the                  

x-axis. Three groups (photosystem I, photosystem II, and RuBisCO) are not shown due to orders of                

magnitude higher expression. In all three of these groups, expression in Trout Bog was significantly               

higher than in Sparkling Lake and Lake Mendota. Many other groups also differed significantly by               

lake.  
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Is there evidence of diel trends? 

We designed this experiment to investigate relationships between phototrophs         

and heterotrophs revealed through diel trends in heterotrophic populations. Therefore,          

we used Fourier transformations to identify genes with significant cyclic expression over            

the time series in each lake. An abundance threshold was imposed on genes before              

testing. At a significance threshold of p < 0.05, we expected a false discovery rate of 5%                 

and corrected for this. No genes in Trout Bog or Sparkling Lake were found to have                

significant cyclic trends after correction for false discovery; without this correction, 2.4%            

of genes in Sparkling Lake and 3.7% of genes in Trout Bog were determined to be cyclic                 

at p < 0.05. In Lake Mendota, 7.6% of genes tested were significantly cyclic at p < 0.05,                  

and 73 genes (approximately 0.01%) passed the threshold for significance after           

correction for false discovery. These genes were primarily from Cyanobacteria or           

Bdellovibrio, ​and most annotations encoded photosystem machinery. 

Instead, we aggregated timepoints by day (9AM, 1PM, and 5PM) or night (9PM,             

1AM, and 5AM) and tested differential expression. To reduce the number of tests, this              

analysis was performed on the top 20,000 most abundant genes. This analysis revealed             

many genes with significantly different expression in day timepoints vs. night           

timepoints. As expected, genes related to photosystems and oxidative phosphorylation          

were more highly expressed in the day than at night in all lakes. Expression in day vs.                 

night of these genes did not partition by taxonomic classification. Sugar transporters,            

both of general transporters and specific substrates, were more expressed at night than             
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during the day in all lakes. Differential expression was not associated with taxonomic             

group in any lake. 

 

Figure 5.7. Differential expression in day vs. night in Lake Mendota. ​Many genes were differential               

expressed depending on light conditions in Lake Mendota. For example, sugar transport was more highly               

expressed at night, while nitrogen cycling genes were more highly expressed during the day.  
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Lake Mendota was the only lake were alkaline phosphatase was differentially           

expressed (Figure 5.7). Its expression was higher during daytime, contrary to previous            

research. Nitrogen-related functions were more highly expressed during day, as was           

rhodopsin biosynthesis. Notably, chlorophyllide reductases and photosynthetic reaction        

centers were more highly expressed at night. Rhodopsin-related genes showed higher           

expression in the day time, as did genes encoding carboxylate transporters. 

Figure 5.8. Differential expression in day vs. night in Trout Bog. ​In this lake, C1               

enzymes were expressed more at night than during the day. Motility-related genes showed the              

opposite trend. Light-harvesting complex were more expressed in day, while chlorophyllide           

reductases and photosynthetic reaction centers were more expressed at night. 
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Trout Bog had several unique metabolisms that were differentially expressed in           

day vs. night compared to the other two lakes (Figure 5.8). Genes related to motility               

were more expressed during the day, while genes encoding C1-related enzymes were            

more expressed at night. Similar to Lake Mendota, chlorophyllide reductases and           

photosynthetic reaction centers were more expressed at night, although light-harvesting          

complex were differentially expressed and higher in the day time in Trout Bog.             

Rhodopsins and carboxylate transporters were not differentially expressed. 

Sparkling Lake was the only lake where nitrogenase was differentially expressed;           

its expression was higher during the day, as was expression of nitrite reductase (Figure              

5.9). As in the other two lakes, chlorophyllide reductases and photosynthetic reaction            

centers were more highly expressed at night, while light-harvesting complexes were           

more highly expressed during day. Genes encoding chitinase were more expressed in the             

day, while genes encoding chitobiose transporters were more expressed at night.           

Carboxylate transporters were more expressed in daylight. Interestingly,        

rhodopsin-related genes were more expressed at night than during the day. 
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Figure 5.9. Differential expression in day vs. night in Sparkling Lake. Results of             

photosynthesis-related genes were largely consistent with the trends in the other two lakes, while              

rhodopsin-related genes were unexpectedly more expressed at night. Nitrogen cycling functions           

(nitrogenase and nitrite reductase) were more highly expressed during the day. Chitinase was more              

expressed in daytime, while cellobiose transport was more expressed at night. 
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Discussion 

We hypothesized that interactions between phototrophs and heterotrophs in         

freshwater microbial communities would result in diel trends in heterotrophic gene           

expression. To make our findings more generalizable, we repeated this experiment in            

three different types of lakes. We used lake-specific reference genomes and contigs,            

avoiding the issues of read-based annotation, to understand how community          

functioning varies by lake and by time of day.  

Our main research question was how gene expression varies in day vs. night in              

each lake. As expected based on previous metatranscriptomic studies, genes related to            

photosystems and oxidative phosphorylation were more expressed during daylight in all           

lakes ​(180, 181)​. Transports of di-and tri-carboxylates, known to be photodegradation           

products of dissolved organic carbon, were more highly expressed in daylight ​(197)​.            

These findings are consistent with our understanding of microbial metabolisms in           

freshwater. 

Based on the documented exchange of metabolites such as carbohydrates and           

glycolate between phototrophs and heterotrophs, we hypothesized that expression of          

genes related to uptake and degradation of sugars would peak at the same time as genes                

related to primary production. However, the exact opposite was true. Uniformly across            

lakes and multiple transporter types, genes encoding sugar transport were significantly           

more expressed at night than during the day, opposite to the expression patterns             

observed in genes related to primary production. Still, the diurnal changes in sugar             

https://paperpile.com/c/z0wJNO/VSAl+Rfl5
https://paperpile.com/c/z0wJNO/jGM7
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uptake suggest that carbon is being passed from the phototrophic community to the             

heterotrophic community. 

Sugar degradation at night is remarkably similar to how these metabolisms are            

partitioned in plants and algae: photosynthesis fuels carbon fixation during the day and             

the plant stores that carbon as starch, which is broken into carbohydrates and used to               

fuel respiration and biomass production at night ​(198, 199)​. We searched for genes             

encoding starch synthase and starch phosphorylase in our metatranscriptomic dataset,          

and we found that these genes had low expression and were primarily derived from              

Bacteroidetes and Cyanobacteria. This does not mean that starch accumulation and           

degradation is not occurring in our lakes. Rather, little to no expression of these genes               

may be due to the previously observed disconnect between expression levels and protein             

abundance ​(65)​ or to the lack of representative algal genomes from our lakes. 

Algae have long been known to excrete molecules such as polysaccharides, amino            

acids, and even cytotoxins to their environment ​(200)​. Up to 25% of fixed carbon can be                

excreted by algae ​(201)​. This carbon can then be assimilated by heterotrophs ​(202)​.             

However, there has been debate about whether actively growing algae exude carbon or             

whether these compounds are derived decaying algae ​(203)​. Algal release of cytotoxins            

would presumably improve fitness by reducing competition, making it unlikely that           

these compounds are decay products ​(204)​. The marine phototroph ​Prochlorococcus          

likely exudates carbon to maintain redox, as it generates more reducing power than it              

can use via photosynthesis ​(205)​. However, a frequently observed adaptation to excess            

https://paperpile.com/c/z0wJNO/x8JB+fjQH
https://paperpile.com/c/z0wJNO/2ckO
https://paperpile.com/c/z0wJNO/NvaQ
https://paperpile.com/c/z0wJNO/IIWE
https://paperpile.com/c/z0wJNO/gPFS
https://paperpile.com/c/z0wJNO/yfxN
https://paperpile.com/c/z0wJNO/ktk3
https://paperpile.com/c/z0wJNO/2Lzg
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reducing power is to downregulate photosynthesis electron flux, which is not observed            

in ​Prochlorococcus. ​The heterotrophic community is highly dependent upon these          

Prochlorococcus ​exudates and likely performs a community function in return, much           

like the co-dependency between chloroplasts and mitochondria in plant cells. In coral            

reefs, algal exudates can dramatically shift bacterial community composition, potentially          

providing algae with a competitive advantage over coral by selecting for coral pathogens             

in the heterotrophic community ​(206)​.  

It is therefore not outlandish to hypothesize that freshwater algae may be            

releasing carbohydrates to change the heterotrophic community for their own benefit.           

Perhaps heterotrophs produce compounds that are beneficial for phototrophs, such as           

peroxidases or catalases, vitamins, antimicrobial peptides and antibiotics, or inorganic          

nutrients, all of which were expressed in our metatranscriptomic dataset. However,           

further experimentation is needed to confirm these hypotheses.  

The research presented here asks only a handful of questions of this large             

metatranscriptomic dataset. Focusing on a specific lake, subset of taxa, or metabolism            

type also has the potential to inform our understanding of freshwater microbial            

functions. This dataset also informs us about the daily variability of metatranscriptomes            

in freshwater and the depth of sequencing required to observe trends, which is crucial              

knowledge when planning experiments to assess seasonal or regional trends in gene            

expression. All data and code from this research is publicly available at            

<​https://github.com/alexlinz/geodes​>, and we hope that this dataset will be used as a            

https://paperpile.com/c/z0wJNO/g7mO
https://github.com/alexlinz/geodes
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resource by other scientists for their own questions about freshwater microbial           

communities. 
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Introduction 

A major question in microbial ecology is how microbial species arise and diverge.             

Because of their high rate of mutations and fast generation times, speciation in bacteria              

can be observed on the scale of months to years. Long-term evolution studies have been               

groundbreaking in their discovery of how mutations in Escherichia coli are either            

maintained or lost in the population ​(207)​. However, we still have much to learn about               

bacterial speciation, particularly in “wild” populations. 

Freshwater lakes are ideal environments for studying bacterial speciation because          

they function like islands in the landscape. Several bacterial taxa can be found in              

freshwater globally, allowing cross-lake comparisons. Lakes have already been used as           

model systems to study evolution - loss of diversity in ​Chlorobiales ​of Trout Bog was               

used as an indicator of a strain with beneficial mutation quickly outcompeting all other              

strains ​(54)​, and diversity within populations from the same lake and from different             

lakes was assessed using single amplified genomes (SAGs) ​(186)​. In this second study,             

sequence discrete populations (having less than 95% average nucleotide identity)          

classified as the same tribe in the established freshwater taxonomy ​(32) (having greater             

than 98% identical 16S rRNA genes) were observed co-existing in the same lakes. Some              

of these groups even had highly correlated abundance over time. Presumably, these            

closely related populations can co-existed because they do not out-compete one another;            

that is, they occupy slightly different ecological niches.  

https://paperpile.com/c/z0wJNO/MBjz
https://paperpile.com/c/z0wJNO/7EqT
https://paperpile.com/c/z0wJNO/fpc3
https://paperpile.com/c/z0wJNO/TPQW
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Using the metatranscriptomic dataset introduced in Chapter 5, we analyze gene           

expression in closely related freshwater taxa to learn if differences in expression can             

reveal niche partitioning. A similar analysis was performed in marine systems and found             

differences in the expression of transporters ​(182)​; therefore, we focused on expressed            

transporters in this analysis.  

Methods 

For detailed information on metatranscriptomic sampling and sequencing, please         

see Chapter 5. The data presented in this chapter diverges at the mapping stage - instead                

of mapping to the nonredundant coding region database created from published and            

newly sequenced freshwater genomes and metagenomic assemblies, metatranscriptomic        

reads were mapped to our reference database of curated MAGs and SAGs used in prior               

studies. This mapping was performed at 95% identity to capture reads from sequence             

discrete populations. Following mapping, reads were counted using FeatureCounts and          

normalized to transcripts/L using the internal standard as previously described. Count           

tables were processed in R (R Core Team, 2018) and plots were created using ggplot2               

(Wickham, 2009) and cowplot (Wilke, 2017). Average nucleotide identity (ANI) was           

calculated using the “pairwise ANI” tool in the Integrated Microbial Genomes (IMG)            

database ​(137)​. No abundance threshold was imposed in this analysis. Correlation in            

expression was measured using Pearson’s correlation. 

https://paperpile.com/c/z0wJNO/JKeY
https://paperpile.com/c/z0wJNO/9Equ
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Results 

Within each lake, we identified clusters of closely related MAGs or SAGs with             

sufficient numbers of mapped reads to identify expressed transporters. Genomes in           

these clusters were typically classified as the same freshwater tribe and had average             

nucleotide identities of 75% to 99%. Overall expression of these groups was highly             

correlated, with r2 values ranging from 0.84 to 1. Because these genomes are             

incomplete, only expression of genes found in all genomes was considered. 

LD12 in Sparkling Lake 

In Sparkling Lake, we analyzed expression of the freshwater tribe LD12. LD12 is             

commonly known as “the freshwater SAR11,” as this heterotrophic         

Alphaproteobacterium is related to this ubiquitous marine group and is also widespread            

in freshwater ​(208)​. LD12 has recently been cultured and assigned the name            

Candidatus ​Fonsibacter ubiquis ​(209)​. This taxon is proposed to degrade low molecular            

weight compounds such as carboxylic acids and amino acids, and to have auxotrophies             

for some vitamins and amino acids ​(92)​.  

 

 

 

 

 

 

https://paperpile.com/c/z0wJNO/jJ2N
https://paperpile.com/c/z0wJNO/zvNv
https://paperpile.com/c/z0wJNO/hy8A
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Table 6.1. Genomes used in this study. ​Metatranscriptomes sequenced for the           

analysis of day vs. night expression in Chapter 5 were mapped to our curated collection               

of MAGs and SAGs. Clusters of closely related, expressed genomes from each lake were              

identified and further analyzed. Genomes used in this analysis are reported here. 

 

IMG Genome ID Genome 

Name 

Classification Lake of 

origin 

Lake 

expressed 

Completeness 

2236347069 D10 LD12 Mendota Sparkling 82% 

2236661000 L09 LD12 Sparkling Sparkling 68% 

2264265190  D14 acI-A7 Sparkling Sparkling 48% 

2236661005 N04 acI-A7 Damariscotta Sparkling 80% 

2582580642 TE567 PnecC Trout Bog Trout Bog 72% 

2582580500 TH238 PnecC Trout Bog Trout Bog 66% 

2582580711 TH944 PnecC Trout Bog Trout Bog 70% 

2593339188 TE788 PnecC Trout Bog Trout Bog 57% 

 

In Sparkling Lake, two LD12 genomes with 96% ANI were expressed (Table 6.1).             

Their expression over time was correlated at r2 = 0.96. Many transporters, such as those               

for C4 dicarboxylates, amino acids, and long-chain fatty acids, were expressed in both             

populations (Figure 6.1). However, the population mapping D10 expressed an          

ammonium transporter and an antimicrobial peptide transporter not expressed in the           

population mapping to L09. Conversely, transporters for mannitol and potassium were           

expressed in L09 but D10.  
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Figure 6.1. Expression of transporters in Sparkling Lake’s LD12         

populations. Different transporters suggest that niche partitioning in these         

populations occurs at the level of RNA regulation. The expression of overlapping            

carbon compound transporters may explain their correlated expression over time,          

while expression of different ion transporters, mannitol transport, and antimicrobial          

peptide transport may explain their co-existence. 

 

acI-A7 in Sparkling Lake 

Two other genomes, classified as acI-A7 with an ANI of 86%, were also             

co-expressed in Sparkling Lake with an r2 of 0.99 (Table 6.1, Figure 6.2). The ubiquitous               

freshwater clade acI has been proposed to consume amino acids, xylose, ribose, and             

polyamines ​(41, 117)​. These groups also possess highly streamlined genomes ​(34)​. Both            

populations expressed transporters for amino acids, multiple sugars, peptides,         

https://paperpile.com/c/z0wJNO/Omc0+8kQA
https://paperpile.com/c/z0wJNO/85OB
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ammonium, phosphate, polyamines, and xylose. Only one of the genomes, N04,           

expressed a transporter for melibiose, as well as a galactosidase that could potential             

break the disaccharide bond in melibiose. While no melibiose transporters were found            

in D14, several genes encoding galactosidases were found in both acI-A7 genomes.            

Transporters expressed in D14 but not N04 included potassium, polysaccharides, and           

vitamin B3 (nicotinamide mononucleotide).  

 

 

Figure 6.2. Expressed transporters in acI-A7 in Sparkling Lake. Two          

genetically similar populations of acI-A7 had many shared expressed transporters, but           

also interesting differences. These include transporters for vitamin B3 and          

polysaccharides. 
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PnecC in Trout Bog 

The freshwater tribe PnecC includes well-studied and isolated members of          

Polynucleobacter ​such as ​P. necessarius. ​This species includes both subtypes that are            

obligate endosymbionts of freshwater ciliates and subtypes that are free-living ​(210)​.           

Free-living members of PnecC are thought to specialize in the degradation of low-weight             

compounds such as carboxylic acids, likely derived from photodegradation of dissolved           

organic carbon ​(36)​. High levels of genetic diversity were found within PnecC            

populations with nearly identical 16S regions ​(211)​.  

We identified four expressed genomes in Trout Bog classified as PnecC. Two of             

these genomes, TH238 and TE567, had an ANI of 99%, indicating that they were likely               

recovered from the same population; these genomes were considered a single entity in             

the following analysis. ANI between the rest of the genomes was between 75-76%. These              

genomes ranged in completeness from 57% to 72%, and had strongly correlated            

expression (r2 = 1 for all pairs). Many transporters were shared between these             

populations, including those for dicarboxylates, tricarboxylates, amino acids,        

polyamines, biopolymers, and general sugars. Transporters for ions were also largely           

shared. However, there were several key differences. The population represented by           

TE567 and TH238 expressed a transporter for lipids, while the other two populations             

did not. TE788 did not express a tungstate transporter that was expressed in the other               

https://paperpile.com/c/z0wJNO/ws49
https://paperpile.com/c/z0wJNO/Erfk
https://paperpile.com/c/z0wJNO/Ccrc
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two populations, and TH944 and TE788 expressed a multidrug resistance transporter           

not expressed in TE567 and TH238. 

 

 

 

Figure 6.3. PnecC’s expressed in transporters Trout Bog. Three genetically          

similar populations of PnecC were identified in Trout Bog. One was represented by             

two genomes, TE567 and TH238, with high ANI (99%). Many transporters were            

co-expressed in these populations, but key differences include transporters for          

tungstate, multidrug resistance, and lipids. 
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In Lake Mendota, clusters of expressed, genetically similar genomes classified as           

LD12 and acI were identified. However, no differential expression of transporters was            

found in these genomes. 

Discussion 

We hypothesized that expression of transporters may reveal how co-existing,          

genetically similar freshwater taxa fulfill different ecological niches. While not all of            

these populations displayed patterns in differential transporter expression, we did          

identify instance where this was the case. In particular, populations of LD12 and acI-A7              

in Sparkling Lake and PnecC in Trout Bog had correlated gene expression over time, but               

different expressed transporters. The lack of this trend in LD12 and acI from Lake              

Mendota is potentially a function of the reference genomes used, as SAGs from LD12              

and acI were particularly targeted in a sequencing project on Sparkling Lake, and MAGs              

of PnecC were particularly plentiful in Trout Bog.  

Many of the transporters in these populations were expressed across each tribe,            

such as dicarboxylate and long-chain fatty acid transporters in LD12, sugar and            

polyamine transporters in acI-A7, and carboxylates, biopolymers, and polyamines in          

PnecC. This overlap may explain why total expression of these related organisms is so              

tightly correlated over time. Differentially expressed transporters included ammonium         

and antimicrobial peptide transporters in LD12, polysaccharide and vitamin B3          

transporters in acI-A7, and lipid, tungstate, and multdrug transporters in PnecC. This            

suggests slightly different nutrient requirements in these populations during the time of            
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sampling, potentially enabling co-existence. The frequent appearance of expressed         

genes encoding antimicrobial peptide, multidrug, and antibiotic transporters in the          

populations presented here and in genomes not shown is intriguing, as chemical warfare             

has not been well-studied in freshwater. Transcription of these genes suggests that            

negative interactions may be an unaccounted factor structuring freshwater microbial          

communities. 

Since closely related, co-existing bacteria were first observed, niche partitioning          

in these groups has been a mystery. Here, we present evidence suggesting that niche              

partitioning in these populations can occur via regulation of transcription. This mode of             

niche partitioning is inherently highly variable. Depending on the availability of           

nutrients and carbon substrates, these groups may be in direct competition or occupying             

completely different niches. Still, changes in transcription appear sufficient to create           

diverging populations. Our analysis of expression in closely related freshwater taxa           

provides insight into how bacterial speciation can occur in wild populations by            

modifying gene regulation.  
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Chapter 7: Perspectives and future research 

Continuing the time series 

Time series analysis is a powerful technique in the experimental design arsenal            

and one that is particularly useful for ecosystem testing, where rigorous positive and             

negative controls are often impossible to find. The time series approaches used in this              

thesis were effective at determining community composition and variability, improving          

bin quality of metagenome assemblies, and capturing transient gene expression. These           

experiments depended on the rich history of microbial and environmental data from our             

study sites, which informed my study design and provided context to my results. As              

such, one top priority for the McMahon Lab should be to continue collecting and              

analyzing samples for long-term time series.  

Several projects that depend on the continuation of the time series are already in              

the works. For example, the metagenomic time series in Trout Bog and Lake Mendota              

have proved useful for studying virus-host dynamics in freshwater, and work is            

continuing on this project ​(131)​. The 16S rRNA gene amplicon time series is also              

well-suited as a test dataset for comparing different bioinformatics methods and           

determining best practices in data analysis. Continuing perturbations in Lake Mendota,           

such as the invasions of the zebra mussel and the spiny water flea ​(212)​, provide an                

unfortunate but timely opportunity to compare microbial communities before and after           

https://paperpile.com/c/z0wJNO/EqAH
https://paperpile.com/c/z0wJNO/EA2N
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food-web shifting events. Finally, given the pivotal role of freshwater (and particularly            

bogs) in global carbon cycling, maintaining the time series as the climate changes is a               

research area of high importance. 

MAGs and SAGs as a reference database  

In this work, I present an analysis of nearly 200 MAGs from multiple lakes and a                

diversity of taxonomic groups, as well as newly generated bins and SAGs from our study               

sites in conjunction with the metatranscriptomic study. While broad-scale genome          

analysis is useful for relating microbial metabolisms to ecosystem functioning, studies of            

a single taxonomic group or function can also be of great interest. Our genomes have               

proven to be of use to collaborators studying virus-host interactions, as they can quickly              

access the predicted metabolic functions of host bacteria. Another project that utilizes            

our genomes investigates nitrogen fixation in Trout Bog, specifically how different types            

of nitrogenases in diverse taxonomic groups are adapted to unique niches, while another             

analyzes rhodopsin genes to expand the known diversity of non-photosynthetic light           

harvesting in freshwater. 

One observation in the MAGs that has spawned a larger research project is genes              

homologous to those encoding extracellular electron transfer (EET). These MAGs,          

recovered from Trout Bog, are from diverse taxonomic groups such as Chlorobi and             

Betaproteobacteria that have not previously been shown to perform EET. Still, the            

presence of EET seemed likely, given research demonstrating that humic substances,           

the main component of dissolved organic carbon in Trout Bog, can be used as an               
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electron carrier by EET organisms. If present, this metabolic process would be an             

unaccounted energy source in freshwater. To test for the presence of EET organisms, an              

undergraduate researcher and I built microbial fuel cells inoculated with water from            

Trout Bog and amended with acetate. These fuel cells quickly began to produce current,              

while a negative control inoculated with filtered Trout Bog water did not. A similar setup               

suspended from a buoy in Trout Bog also produced current, indicating that EET is              

occurring in Trout Bog.  This project is likely to continue in the next few years. 

Finally, these genomes can be paired with other types of data to improve our              

knowledge of metabolic functions. Programs such as PICRUST infer metabolic function           

from 16S sequences based on relatedness to cultured, sequenced isolates. However,           

these programs perform terribly on environmental data (confirmed by myself for           

freshwater), likely because the public collection of cultured isolates is biased towards            

members of the human microbiome. A more appropriate collection of references for our             

freshwater lakes may be genomes obtained from the same study sites, even if potential              

functions have not been confirmed experimentally. One can envision using the MAGs            

and SAGs from my projects to build a PICRUST-like program specifically for use with              

our long-term 16S time series. 

Further insights from GEODES 

Similar to the MAGs, I have chosen to present a only a handful of stories from my                 

metatranscriptomic data, but this data also provides a wealth of information about the             

taxa and functions in freshwater microbial communities. Time series         
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metatranscriptomics, paired with comprehensive environmental datasets, can inform        

studies of people’s favorite freshwater microbes. At a minimum, metatranscriptomics          

can confirm that an organism detected via DNA is alive and doing something, instead of               

existing in a dormant state or having lysed its DNA to the environment long before               

sampling. Within a single organism, studying co-expressed genes may reveal linked           

functions, regulatory mechanisms, or even new pathways that may not be detected using             

only DNA. Metatranscriptomics can be paired with other projects on these study sites to              

provide more information about target freshwater microbes. 

This short-term metatranscriptomic study also lays the groundwork for         

metatranscriptomic work on longer time scales. Incorporating gene expression data into           

our decadal time series would likely reveal adaptations and community changes more            

quickly than metagenomics or 16S sequencing. However, expression changes so rapidly           

that interpreting a long-term time series of metatranscriptomics would be impossible           

without understanding the potential for short-term variability. My metatranscriptomics         

research revealed drastic changes in RNA profiles within four hours, and likely a finer              

resolution time series would have found changes on the order of minutes. While testing              

seasonal or annual trends in gene expression may be a worthwhile endeavor, the high              

variability of these data make any such investigation challenging. 

Culturing 

A major weakness of microbial ecology is the need to infer metabolic functions             

based on gene annotations. Currently, this is the best way to analyze uncultured             
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microbes on a large scale, but another alternative would be to expand our repertoire of               

cultured freshwater microbes ​(213)​. Even while I have been in graduate school, several             

“unculturable” ubiquitous freshwater bacteria have been isolated. Great strides have          

been made isolating and characterizing species of ​Polynucleobacter​, which possesses          

such high levels of diversity within strains with nearly identical 16S rRNA genes that              

new species may be proposed ​(211, 214, 215)​. Isolates of ​Limnohabitans, ​a fast-growing,             

heavily grazed freshwater microbe, has undergone many new metabolic tests in culture            

(216, 217)​. The methylotrophic ​Methylotenera ​(including LD28 in the freshwater          

taxonomy) ​had previously been isolated from sediments in Lake Washington, but           

related members of Methylophilaceae have since been isolated from a freshwater water            

column ​(173)​. While not closely related to ​Methylotenera, ​these new isolates are still             

methylotrophs and now comprise a new genus, ​Methylopumilis. ​Another ubiquitous          

group, LD12, is known as the “freshwater SAR11” because it is the only             

freshwater-adapted clade of ​Pelagibacteriales. ​Like SAR11, LD12 has a streamlined          

genome and was resistant to isolations until recently. This research has revealed novel             

pathways for ​Pelagibacteriales​, potential mechanisms of adaptation from saline to          

freshwater, and has led to the proposed species name ​Candidatus Fonsibacter ubiquis            

(209)​. ​Finally, the highly abundant freshwater clade acI had previously been enriched,            

but had not be cultured until catalase was added ​(42)​. This was a surprising result               

because genomic evidence suggested that acI produces its own catalase. 

https://paperpile.com/c/z0wJNO/9yJt
https://paperpile.com/c/z0wJNO/Ccrc+ivTQ+jGrN
https://paperpile.com/c/z0wJNO/kcom+O07w
https://paperpile.com/c/z0wJNO/Rdft
https://paperpile.com/c/z0wJNO/zvNv
https://paperpile.com/c/z0wJNO/cHOq
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Clearly, culturing provides a much needed foundation to the         

hypothesis-generating sequencing methods in freshwater microbial ecology. I hope that          

the data presented in this thesis will guide future culturing efforts and that my              

hypotheses will one day be tested using freshwater isolates or co-cultures. 

Conclusions 

In this thesis, I use time series of sequencing data to explore how microbial              

metabolisms scale to ecosystem functions. This approach provided insight into how           

microbes function in communities. I learned that freshwater microbial communities are           

incredibly diverse and dynamic through the 16S rRNA gene amplicon time series of bog              

lakes. My analysis of MAGs and functional marker genes demonstrated that metabolic            

processes differ by lake, but not as much as I was expecting. Steps from different               

freshwater biogeochemical cycles were connected through multi-functional microbes,        

and taxonomy appeared to play a role in how carbon and nutrients were processed. By               

comparing gene expression in day versus night in freshwater, I discovered that primary             

production and sugar degradation occur at different times. This suggested that           

metabolites are exchanged between phototrophic and heterotrophic microbial        

community members, and that community organization in freshwater is analogous to           

plant cells. Finally, I compared expression in closely related freshwater taxa to propose             

mechanisms of niche partitioning based on transcriptional regulation. My thesis work           

has significantly advanced both our knowledge of microbial-mediated biogeochemical         

cycling in freshwater and our understanding of microbial community properties. 
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