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Time-series metagenomics reveals changing @

protistan ecology of a temperate dimictic lake
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Abstract

Background Protists, single-celled eukaryotic organisms, are critical to food web ecology, contributing to primary
productivity and connecting small bacteria and archaea to higher trophic levels. Lake Mendota is a large, eutrophic
natural lake that is a Long-Term Ecological Research site and among the world’s best-studied freshwater systems.
Metagenomic samples have been collected and shotgun sequenced from Lake Mendota for the last 20 years. Here,
we analyze this comprehensive time series to infer changes to the structure and function of the protistan community
and to hypothesize about their interactions with bacteria.

Results Based on small subunit rRNA genes extracted from the metagenomes and metagenome-assembled
genomes of microeukaryotes, we identify shifts in the eukaryotic phytoplankton community over time, which we
predict to be a consequence of reduced zooplankton grazing pressures after the invasion of a invasive predator (the
spiny water flea) to the lake. The metagenomic data also reveal the presence of the spiny water flea and the zebra
mussel, a second invasive species to Lake Mendota, prior to their visual identification during routine monitoring. Fur-
thermore, we use species co-occurrence and co-abundance analysis to connect the protistan community with bacte-
rial taxa. Correlation analysis suggests that protists and bacteria may interact or respond similarly to environmental
conditions. Cryptophytes declined in the second decade of the timeseries, while many alveolate groups (e.g., ciliates
and dinoflagellates) and diatoms increased in abundance, changes that have implications for food web efficiency

in Lake Mendota.

Conclusions We demonstrate that metagenomic sequence-based community analysis can complement exist-

ing efforts to monitor protists in Lake Mendota based on microscopy-based count surveys. We observed patterns

of seasonal abundance in microeukaryotes in Lake Mendota that corroborated expectations from other systems,
including high abundance of cryptophytes in winter and diatoms in fall and spring, but with much higher resolution
than previous surveys. Our study identified long-term changes in the abundance of eukaryotic microbes and pro-
vided context for the known establishment of an invasive species that catalyzes a trophic cascade involving protists.
Our findings are important for decoding potential long-term consequences of human interventions, including inva-
sive species introduction.
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Background

Protists are ubiquitous unicellular eukaryotic microbes
capable of widespread dispersal and found globally across
most ecosystems, from diverse terrestrial soil environ-
ments [1] to all reaches of the ocean [2]. Protists also
encompass vast taxonomic and physiological diversity
[3]. Lake ecosystems are no exception, where protists are
key players in the microbial loop and determinants of
lake trophic status [4]. Like bacteria, protists are essen-
tial in the movement of nutrients and energy through an
ecosystem [5-7] but are behaviorally and morphologi-
cally more complex [5]. They can display diverse trophic
strategies (e.g., mixotrophy [8]) that can alter freshwater
food webs [9]. Protists may also colonize macroalgae and
assist in carbon transformation, vitamin By synthesis,
and even silica cycling and storage, functions which have
recently been predicted metagenomically [10]. Despite
the importance of protists in ecosystem functioning,
much less effort has been placed on understanding their
biogeography, temporal patterns, and ecology as com-
pared to bacteria. This has been in part due to the visible
importance of cyanobacterial blooms [11], and in part
due to challenges of defining and differentiating protistan
morphology and function [12] or deciphering their com-
plex genomes [5, 12], leaving a large knowledge gap on
their geographic extent and lifestyle [5, 13].

Lake Mendota (Dane County, Madison, WI), a tem-
perate dimictic lake, is considered among the world’s
best-studied freshwater systems due to the longevity and
intensiveness of its monitoring program [11]. Previous
studies of Lake Mendota have investigated the seasonal
dynamics of the bacterial community in this and nearby
lakes [14-16], including using amplicon sequencing
approaches [15], but eukaryotic algae and their trophic
linkages to bacteria were less frequently considered,
though visually identified and counted in microscopy-
based surveys [17]. Despite evidence for strong network
relationships between bacteria and eukaryotes in both
lacustrine and oceanic ecosystems [18], heterotrophic
protists are frequently excluded from long-term bio-
monitoring programs [19], including those in Lake Men-
dota. Metagenomic sequencing data have the potential
to expand the known diversity of lake protists [13], and
a recent study showed that 185 rRNA gene data from
metagenomes can accurately recapitulate diatom abun-
dance data from sediments [20].

Two invasive species reached high abundances in Lake
Mendota during the period from 2000 to 2020 consid-
ered in this study. The spiny water flea (Bythotrephes
longimanus) was first detected in Lake Mendota in 2009
[21] but was shown via sediment cores to have been pre-
sent more than 10 years prior to net tow identification
[22, 23]. Zebra mussels (Dreissena polymorpha) were
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detected in the lake in 2015 [24]. Zebra mussels consume
phytoplankton, which can result in “benthification” due
to enhanced nutrient and light availability in normally
shaded benthic lake habitats [24]. New zooplankton
predators in lake ecosystems can shunt nutrients from
the surface to depth [25]. Trophic cascades can emerge
when introduced invasive species eliminate a trophic
level, allowing a different taxon to become overabun-
dant [15]. Ongoing microscopic count observations in
Lake Mendota confirmed an increase in diatoms (class
Bacillariophyta) and chlorophytes (phylum Chlorophyta)
and a decrease in cryptophytes (phylum Cryptophyta)
but lacked taxonomic resolution or the inclusion of het-
erotrophic protists that cannot be easily captured by net
tows or visually identified [26].

To explore protistan ecology and interactions in Lake
Mendota, we analyzed the diversity, structure, and com-
position of the lake’s protistan community over the
course of 20 years. We have extracted 16S and 18S rRNA
gene sequences and quantified the abundance of these
sequences in the underlying raw read data. We enhanced
the taxonomic resolution of Lake Mendota’s eukaryotic
microbial community and explored how it has changed in
association with prokaryotic community members over a
20-year time series. Furthermore, we introduce the first
curated eukaryotic metagenome-assembled genomes
(MAGs) from the same long-term metagenomic time
series. We show that some of these MAGs can be linked
to 18S rRNA gene data and compare relative abundance
of highly complete MAGs in the time series compares to
using the 18S rRNA gene. Using enriched metagenomes
(metagenomes sequenced from samples with exception-
ally high concentrations of the target taxon) sequenced
from samples with high abundance of two key metazoans
in the lake, Daphnia pulicaria (water flea) and Bythotre-
phes longimanus (spiny water flea), we binned MAGs to
track environmental abundances of these key metazoans.
We tested whether the spiny water flea was present in low
abundance in the lake prior to its visual identification in
2009. Our long-term metagenomic study of lake protists
demonstrates the power of time series metagenomics to
transform our knowledge of freshwater protists and their
contribution to lake biodiversity and ecology.

Methods

Twenty years of metagenome data from Lake Mendota
Lake Mendota is a eutrophic, temperate lake that is heav-
ily influenced by both urban and agricultural land use. The
North Temperature Lakes Microbial Observatory (NTL-
MO) has collected a time series of water samples starting
in 2000 to study microbial communities in Lake Mendota
(N 43° 06, W 89° 24). The NTL-MO is coupled with the
Long-Term Ecological Research site at Lake Mendota,
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which collects core limnological data such as water tem-
perature, water chemistry, and plankton microscopy
counts (all data available at http://Iter.limnology.wisc.edu).
NTL-MO collected depth-integrated samples from the
epilimnion (approximately 0—12 m depth), primarily dur-
ing the ice-free period (approximately March-December)
and filtered at 0.2 um prior to storage at — 80° C until fur-
ther processing.

At the Joint Genome Institute (JGI), 323 of these sam-
ples collected from 2000 to 2018 were sequenced on
the Illumina HiSeq 2500 platform. The workflow used
to process these reads is described in JGI's metagen-
omic assembly workflow [27], and includes standard
deduplication, filtering, and error correction prior to
metagenomic assembly with metaSPAdes versions
3.13.0 (n = 78) and 3.14.1 (n = 245) [28]. The resulting
323 assembled metagenomes across the 20-year time
series were processed and annotated using the Integrated
Microbial Genomes and Microbiomes (IMG/M) process-
ing pipeline [29].

rRNA gene discovery workflow

To identify small subunit (SSU) rRNA genes in the
metagenomic contigs, we used cmsearch from the
Infernal package (1.1.4) [30] on each assembly with the
eukaryotic (RF01960) and bacterial (RF00177) covari-
ance models from the Rfam database [31, 32]. The long-
est match per contig from each model was retained, and
the 16S and 18S rRNA gene sequences were extracted.
Identified SSU rRNA gene sequences were filtered by
sequence length and clustered at 97% sequence similarity
using VSEARCH [33]. An absolute minimum cutoff of 500
bp was used for 16S rRNA gene sequences, while a cutoff
of 750 bp was used for 18S rRNA gene sequences. We fil-
tered the sequence matches using the National Center for
Biotechnology Information (NCBI)’s BLAST alignment
tool [34] against an alignment database of the rRNA gene
sequences from the RefSeq database available from the
NCBT’s ftp server [34—36]. An e-value cutoff of 1e—4 was
used, and a minimum alignment length of 100 bp was
applied. After obtaining the initial blastn hit to the
RefSeq rRNA gene database, we used the Entrez Direct
command-line utilities to query relevant identifiers
from the NCBI database [37, 38]. In order to minimize
any issues inherent to rRNA discovery within assem-
bled genomes, namely the fact that rRNA genes may not
assemble consistently, in particular for less abundant
organisms, we retained only clusters of 16S or 18S rRNA
gene sequences which appeared in ten or more data-
sets out of the total of 323 selected assembled metage-
nomes for the purposes of the time series trends. Only
within-contig matches to the PR2/Silva database that
also aligned at the domain level to the appropriate rRNA
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model (e.g., domain bacteria with RF00177 as the under-
lying model) were included, and contigs with a qualifying
match to both domains were entirely excluded. This con-
dition occurred three or fewer times per assembly, and
was likely the consequence of a poor quality sequence to
begin with, as these alignments also tended not to meet
the alignment length or percentage identity cutofts of 200
bp and 80%, respectively.

Subsequently, we constructed an 18S rRNA gene and 16S
rRNA gene phylogenetic tree separately for eukaryotes and
bacteria, respectively using randomly selected sequences
from the combined curated database clustered at 85%
sequence similarity to approximate order-level group-
ings [39] as well as the clustered operational taxonomic
units (OTUs) from the rRNA gene discovery workflow.
All sequences were aligned to the corresponding eukary-
otic (RF01960) and bacterial (RF00177) [31, 32] covariance
model. A combined alignment file was generated using the
cmalign tool from the Infernal package [30] (1.1.4).
IQ-TREE (2.1.4) was used to construct a phylogenetic tree
using the combined alignment file [40], which was then
visualized using GGTree in R (v. 4.1) [41, 42]. In the case
of disagreement in the taxonomic annotation between the
cluster representative (the longest sequence in the 97%
sequence identity OTU grouping) and the consensus anno-
tation of the cluster members, the placement in the tree
was used to determine the more likely annotation of the
sequence.

Once we had found a set of contigs containing an SSU
rRNA gene, we quantified the abundance of these contigs
in the raw sequence files, in order to track the relative
abundance of taxa in the dataset over time. We aligned
filtered raw reads from the JGI assembly pipeline to the
subset of the assembled contigs that had a 16S or 18S
rRNA gene recovered. We did this such that all sam-
ples were quantified against the same assembled contig
set; however, it does result in much higher estimated
abundance values than when the respective assem-
bly for each set of raw reads is used. We compared this
approach to quantification using only clustered rRNA
genes and found a > 66.9% R? (p << 0.01) correlation
coefficient between the two, with much of the differ-
ence being driven by the fact that many samples did not
contain the 16S or 18S rRNA gene when only clustered
genes extracted by each assembly were used. Alignment
was done using the Bowtie 2 aligner (2.4.4) [43], then
BAM, sorted BAM, and SAM files were generated using
SAMtools [6] (1.3), and duplicated reads were marked
and removed using Picard [44] (2.26.9). Finally, SAM-
tools [6] (1.3) was used to obtain coverage estimates
and a number of mapped raw reads per contig. This
final number of mapped reads per contig was used with
the contig length to calculate a per-contig version of
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transcripts per million (TPM) [45], which has recently
been adopted for metagenomic data [46]. We call this
version of TPM “CPMcontig” We calculated “CPMcontig”
using the following formula:

mapped readsx 103
contig length

CPMcontig = x 10°

n  mapped reads; x 103
i=0  contig length;

where 7 is the total number of contigs in the assembly.
The total sum of CPMcontig in a given assembly will hence
always be equal to 10°.

Because of inconsistencies in 16S and 18S rRNA gene
copy number between different taxa (e.g., [47-49]), we
further normalized abundance estimates to Z-scores
during the period of interest. While not making dispa-
rate samples directly comparable [45, 50, 51], Z-scores
standardize measurements already subject to variance
stabilization via CPMcontig calculation and simplifies
interpretation of changes in abundance during the sam-
pling period. Instead of using raw abundance, the Z-score
of each abundance estimate was calculated as a relative
measure of the change in the size of the community of
the respective taxonomic group over time. We also took
into account unbalanced sampling over the total sam-
pling period by using the weighted mean and weighted
standard deviation within climatological seasons (the
ice period, spring, early summer, late summer, and fall)
as defined by Rohwer et al. (2022; [15]). We took unbal-
anced sampling into account by dividing by the total
number of samples observed during each season and
year to avoid unduly biasing overall abundance estimates
towards years that were sampled more densely.
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sequences over the full 20-year time series, we used hier-
archical clustering. We clustered the sequences with the
hclust function from the stats package within R and
created a cluster dendrogram using the Ward method and
the Canberra distance function [42]. We used the pvclust
function for uncertainty estimation and bootstrapping
with 1000 bootstrap iterations [54] and an initial adjusted
approximately unbiased bootstrap probability value (AU) of
0.80 for preliminary filtering of cluster results. Visualization
was performed using the dendextend package [55].

We also conducted a broader co-abundance network
analysis between all taxa using all-by-all Pearson cor-
relations as computed using the rcorr function within
package Hmisc [56]. To control for multiple testing and
identify significant Pearson correlations between taxa, we
used the Benjamini-Hochberg procedure with a false dis-
covery rate of 0.25 and an alpha value of 0.05 [57]. In our
network visualizations, we use a correlation coefficient
cutoff of 0.5 to identify correlations that are both signifi-
cant and strong. Network visualization was performed
using the network and igraph packages within R ver-
sion 4.1.0 [42, 58, 59]. The Louvain clustering algorithm
as implemented in igraph was used to identify coher-
ence communities within the network [59, 60].

Eukaryotic metagenome-assembled genomes (MAGs)

from Mendota metagenomes highlight key groups

of protists

Eukaryotic metagenome-assembled genome identification,
taxonomic annotation, and phylogeny

Each individual assembled metagenome from discrete
sampling dates was scanned for eukaryotic sequences

RPMcontig for sample of OTU — weighted mean(RPMg,, samples of oTU)

Z-scoregample =

weighted stdev(samples of OTU)

The Z-score metric constrains the range of values for
multiple species over the 20 years of measurements [52]
and partially addresses the limitations of TPM (thus,
RPMcontig) for between-sample comparisons [45, 51].

We conducted weighted two-sample ¢-tests (using the
R package weights version 1.0.4 [53]) with a Benjamini-
Hochberg correction with a 0.05 alpha value as separated
between the pre-invasion of spiny water flea (2009 and
before) [21, 22] and post-invasion (after 2010) segments
of the time series and their corresponding abundance
estimates in genes per million to categorize each eukary-
otic clustered 18S rRNA gene.

Identifying co-abundant community members in time
In order to identify frequently co-occurring organisms on
the basis of the abundance of their 18S and 16S rRNA gene

with EukRep [61] (0.6.7). Identified eukaryotic sequences
were combined into bins using METABAT2 [62] (2.12.1),
and gene prediction was performed using Prodigal
(2.6.3) [63]. Completeness and contamination of MAGs
was estimated using EukCC [64] (0.2).

We used the BUSCO (Benchmarking Universal Single-
Copy Orthologs, [65]) genes found in 60% of MAGs of
completeness > 40% as well as those same genes from a
selection of reference genomes and transcriptomes (73
reference genomes sequenced and curated by the JGI and
35 eukaryotic transcriptomes from the Marine Microbial
Eukaryote Transcriptome Sequencing Project (MMETSP;
[66]) to align the highly complete MAGs and construct a
phylogenetic tree. The highly complete MAGs each had
more than 90% of the genes found in 60% of all highly
complete MAGs.
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The above workflow only retained four of the identi-
fied MAGs, so we constructed a secondary phylogenetic
tree using MAGs with completeness > 10% that had 30%
or more of the BUSCO genes that were found in 15% or
more of the MAGs. This tree was constructed using this
subset of BUSCO genes found with differing consistency
> 30% among the MAGs.

In addition to extracting MAGs from the time series
metagenomes, we also did so for two enriched metage-
nomes, one enriched with Daphnia pulicaria and one
enriched with Bythotrephes longimanus, the spiny water
flea. Enrichment was performed by physically separat-
ing each zooplankton group from a water sample and
sequencing zooplankton-dominated material. The raw
read sequencing data for these two enriched metagen-
omes is available online at the NCBI's Sequence Read
Archive (SRA) under accession number fo be added.
We used the same workflow for these MAGs, including
completeness estimation with EukCC as described in the
“Methods”

Using the extracted BUSCO proteins for each of the
MAGs and a number of reference genomes curated by
the JGI [67], we used trimal [68] to reduce spurious
sequences, Clustal Omega [69] (1.2.4) to perform mul-
tiple sequence alignment, and FastTree (2.1.10) and
RAxML (8.2.12) [70] for phylogenetic analysis.

For taxonomic annotation of the MAGs, we compared
two approaches. First, we used the suggested NCBI data-
base and utility provided by EukCC ([64]; 0.2) in concert
with completeness estimates Second, we used EUKu-
lele [71] with a custom database comprised of the
MMETSP [66, 72], MarRef [73], and a selection of ref-
erence genomes of eukaryotes from the JGI's Genome
Portal [67] to annotate the proteins extracted from the
contigs binned into each MAG.

Eukaryotic MAG abundance quantification

The abundance of the top 51 most complete MAGs was
quantified using the output of the same workflow as for
the rRNA gene sequences to which the filtered raw reads
from the JGI metaSPAdes [28, 74] assemblies were
mapped. In brief, raw reads were aligned to contigs from
full metagenomic assembly using the Bowtie 2 (2.4.4)
[43], then BAM, sorted BAM, and SAM files were gen-
erated using SAMtools [6] (1.3) with duplicates marked
and removed using Picard [44] (2.26.9). Contigs from
the MAGs were searched against the full metagenomic
assembly to identify MAG representatives in each sam-
ple using mmsegs2 search with a sensitivity param-
eter of 0.70 [75]. Matches were filtered for those with
e-value < 10~°° and percentage identity of 0.90 or above.
The sum of the abundance of those clustered contigs
was taken for each sample to be the per-sample MAG
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abundance. SAMtools (1.3) was used to obtain cover-
age estimates and a number of mapped raw reads per
contig [6]. This procedure was used in place of mapping
the MAGs directly to ensure that an appropriate value for
CPMcontig could be established using the full set of con-
tigs extracted from each sample. This avoided bias related
to the sample that each MAG was originally extracted
from (since all MAGs were treated using the same proce-
dure) and the total number of MAGs tested. Bias related
to the total size of each MAG was unavoidable. Using a
sequence search between binned contigs and all the con-
tigs minimizes bias because quantification is done only
based on assembled sequences, but bins with larger num-
bers of contigs will inevitably have more opportunities
for a sequence match to be made that meets the selection
criteria.

Phylogenetic analysis for individual clades

Phylogenetic analysis for individual clades was per-
formed similarly to the general phylogenetic analysis for
eukaryotes and bacteria. In brief, using clustering with
VSEARCH [33], alignment with Infernal [30], and phylo-
genetic analysis using I0-TREE [40] (2.1.4) and plotting
inggTree [41].

Putative trends of bacterial symbionts of microeukaryotes
Several bacterial taxa are known endo- or ectosymbionts
of eukaryotic microorganisms. We identified representa-
tives of these taxa from the bootstrapped hierarchi-
cal clustering procedure described in the “Identifying
co-abundant community members in time” section. In
order to explore the bacterial taxa which fell into clusters
with defining temporal trends, we calculated the corre-
lation between the Z-scores (as calculated over the full
time series) of the putative endosymbiont clades and all
eukaryotic OTUs, selecting OTUs with Pearson corre-
lation coefficients of at least 0.5 as explained by the co-
abundance network analysis, and which co-occurred in
at least 10 distinct samples with the putative endosym-
biont OTU. We also explored the number of samples in
common between each bacterial taxon and co-clustering
eukaryotic taxa, identifying the proportion of the time
that these bacterial taxa were present independently of
their eukaryotic counterparts.

Results

Microbial communities in Lake Mendota show seasonal
partitioning

rRNA gene discovery from 323 assembled Lake Men-
dota metagenomes recovered 606 clusters of 18S rRNA
gene sequences and 2,223 clusters of 16S rRNA gene
sequences (at 97% sequence similarity). Sequences
were then further filtered to include only those with
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ten or more occurrences in the dataset and high qual-
ity blastn matches, resulting in 109 18S rRNA gene
sequences (Fig. 1) and 608 16S rRNA gene sequences
(Additional file 1: Figure S5). The average length of fil-
tered 18S rRNA gene sequences was 1834 + 363 bp,
while the average length of 16S sequences was 1298 +
299 bp. The eukaryotic OTUs spanned major branches

Ciliates
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. Mollusca

Ochrophyta

. Oomycota

Opisthokonta

. Rotifera

. Stramenopiles

. Dinoflagellata . Chlorophyta

. Apicomplexa
Arthropoda Ciliophora

. Ascomycota . Cryptophyta

Chytridiomycota
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of eukaryotic life, including Metazoa (including inverte-
brate arthropods like Daphnia and Bythotrephes longi-
manus, the water flea and spiny water flea, respectively),
Apicomplexa (parasites), Cryptophyceae (cryptophyte
algae), and Ochrophyta (a group that includes diatoms-
class Bacillariophyta-and other algae). Some of these
sequences, including many cryptophytes and arthropods,

Dinoflagellates

& §

3 weald | |

\©
10

Cryptophytes

. Bacterial Endomyxa Mean Z—SCOFQD -020 00002004
. Bigyra . Euglenozoa
Cercozoa Haptophyta

Origin O MG e Outgroup ® Ref

Fig. 1 Phylogenetic tree of 185 rRNA gene sequences extracted from Lake Mendota metagenomes over the 20-year time series. Colored, filled
circular points on the tree indicate novel sequences extracted from the Mendota metagenomes, while smaller black circles denote a representative
set of previously published sequences. The outer heatmap represents the mean Z-score of extracted sequence during each of the seasons

of the year, and bars show the number of samples the 18S rRNA gene was found in
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were independently assembled and recovered from the
majority of the Lake Mendota metagenomes (Fig. 1). As
expected based on the Plankton Ecology Group model
[76, 77], some eukaryotic taxa also showed strong sea-
sonal patterns, such as the tendency of cryptophytes to
be most relatively abundant in winter and the tendency
of diatoms (labeled Ochrophyta, class Bacillariophyta)
such as family Stephanodiscaceae to be abundant in fall
and spring ([78], Figs. 1 and 2). The majority of micro-
eukaryotic taxa were most relatively abundant in spring,
the ice-on period, and fall (Fig. 2A). However, arthro-
pods, including nearly all zooplankton taxa, were most
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abundant in the clearwater period (mid-spring to early-
summer, when phytoplankton abundances decline;
Fig. 2A), coinciding with the lower number of distinct
SSU rRNA genes identified (alpha diversity; Fig. 2B and
C). Both bacteria and eukaryotes had highest taxonomic
diversity in the fall and winter according to SSU rRNA
gene recovery (Fig. 2B and C). Bacteria had universally
higher alpha diversity than eukaryotes, but eukaryotic
diversity was highest relative to bacterial diversity in the
month of April during the spring bloom (Fig. 2B). Cope-
pods had higher relative abundance in winter, rotifers
had higher relative abundance in summer and fall, and

124

Season
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@ Spring
© Clearwater
@ Early Summer
@ Late Summer
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. Domain
. Bacteria
4 . Eukaryota
34 CPMcontig
2
10000
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Fig. 2 Evidence of seasonal variability of SSU rRNA genes. A The abundance of major taxa of protists and metazoans in Lake Mendota by season.
Circles are colored by the season of the year and sized according to total abundance via CPMconig for that month. B Alpha diversity as assessed
by extracting OTUs with TPM of 100 or greater. Distributions of alpha diversity are shown for both eukaryotes and bacteria for each month

of the year in the time series. C Proportion of total observed taxa present in each season of the dataset for (left) bacteria and (right) eukaryotes
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cladocerans had higher relative abundance in spring and
summer (Fig. 5).

Changes in community composition: an increase

in Alveolata and a decrease in cryptophytes

In the second half of the time series (2010-2019), the
relative abundances of several taxa significantly increased
following the invasion of Bythotrephes longimanus (spiny
water flea) (Fig. 3) [21]. These taxa included 28 alveo-
lates, 7 dinoflagellates of class Dinophyceae, 14 ciliates of
class Ciliophora, and 3 candidate Apicomplexan parasites
(Figs. 3 and 4). Ciliate classes Nassophorea, Litostomatea,
and Heterotrichea and dinoflagellate class Dinophyceae
had statistically significant increases in 2010-2019 rela-
tive to 2000—2009 (Fig. 4B, D). Nassophorea, Litostoma-
tea, and Dinophyceae also showed higher relative alpha
diversity during this period (Fig. 4E), meaning that more
of the total OTUs belonging to each class were recovered
with sufficient abundance in the second half of the time
series.

Within metazoans, the abundance of an OTU assigned
to the Zebra mussel (genus Dreissena; p = 8.2¢~%) sig-
nificantly increased after being low or zero abundance for
the majority of the time series (which correlated with its
documented irruption in Lake Mendota in 2015; Fig. 5;
[24]). Other OTUs with significant increases included
four copepods of order Cyclopoida (2 with p < 2e7>, 1
with p < 3e73, 1 with p ~ 0.01), a rotifer of order Flos-
culariaceae (p < 2e~°) and two rotifers of order Ploima
(p < 2e7°) (Figs. 3 and 5).

The remainder of the OTUs that showed significant
increases in abundances were two Stramenopiles (order
Hyphochytriaceae), two Chlorophytes (order Chlamydomo-
nadales), and a Haptophyte (order Prymnesiales).

In contrast, after 2010, significant decreases in abun-
dance were observed for the eukaryotic phyla Cryp-
tophyta, Ciliophora, and Cercozoa. This included two
unclassified Cercozoans (p < 0.005), two ciliates of class
Spirotrichea, and five cryptophytes. This was 41.7% of all
cryptophyte OTUs recovered (12 total) and 100% of the
cryptophyte OTUs annotated to belong to taxonomic
order Cryptomonadales (n=2, p < 0.001).

Putative relationships between eukaryotic and bacterial
taxa

Putative relationships between eukaryotic and bacte-
rial taxa were predicted using both hierarchical cluster-
ing and network analysis of the rRNA gene sequences
(Fig. 6). Initially focusing on bacteria that could be
potential endosymbionts of protists, we identified six
bacterial OTUs whose annotated taxonomies were
affiliated with known endosymbionts of microbial
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eukaryotes (Additional file 1: Figure S10; complete
list of correlations and hierarchical clustering mod-
ules available in Additional file 1: Tables S1 and S2).
The abundances of two endosymbiotic genera, a Cae-
dimonas OTU from order Holosporales and a Rickett-
sia OTU from order Rickettsiales [79], significantly
increased (p < 0.01) after the spiny water flea invasion
and correlated with eukaryotic OTUs, including multi-
ple ciliate (phylum Ciliophora) OTUs (Rickettsiales r =
0.57; Holosporales r = 0.60) (Fig. 6). Two ciliates formed
a module with a Sphingobacteriaceae bacterium (Bac-
teroidetes; AU p-value < 0.01). One diatom (phylum
Ochrophyta; class Bacillariophyta) OTU was signifi-
cantly correlated with an OTU belonging to the fam-
ily Anaplasmataceae (order Rickettsiales; r = 0.72), We
also identified bacterial taxa that were associated with
eukaryotes likely due to local environmental condi-
tions. One eukaryotic OTU annotated as Chytridiomy-
cota was significantly correlated with a Planctomycetes
(Isosphaerales) OTU (r = 0.66). A diatom OTU was sig-
nificantly correlated with an OTU of cyanobacterium
Chamaesiphonaceae (Synechococcales; r = 0.87) and a
cyanobacterial OTU of Microcystaceae (Chroococcales;
r = 55). A dinoflagellate (Peridiniales) was correlated
with a bacterium of order Saprospirales (r = 0.54) and
another bacterium of order Sphingomonadales (r = 67).
One cluster of ciliate Nassulida contained bacteria of
orders Desulfuromonadales, Synechococcales, and Phy-
cisphaerales (AU p-value < 0.01). Other relationships
may have been associated with direct trophic relation-
ships, for example the correlation between a dinoflag-
ellate (Peridiniales) with a cercozoan (Cryomonadida;
p <0.001, r = 0.58) and a ciliate (Oligotrichia; p < 0.001,
r = 0.60). Furthermore, we identified bacterial OTUs
known to be potential constituents of protistan micro-
biota or members of biofilms [80, 81]. These included
an OTU of Borreliaceae (order Spirochaetales) that
significantly correlated to a diatom (r = 0.75), and one
of cyanobacterium Chamaesiphonaceae (Synechococ-
cales), also correlated to a diatom with the strongest
correlation coefficient value recorded in the dataset
(r = 0.87; Fig. 12; Additional file 1: Figure S6). Chloro-
phytes (green algae) were correlated with two Coma-
monadaceae (Burkholderiales) OTUs (r = 0.50 and r =
0.51), a Rhodobacteraceae (Rhodobacterales) OTU (r =
0.53), a Chthoniobacteraceae (Chthoniobacterales) OTU
(r = 0.52, 0.53), a Flavobacteriaceae (Flavobacteriales)
OTU (r = 0.51, 0.52), and a Sphingosinicellaceae (Sphin-
gomonadales) OTU (r = 0.54) (Fig. 12). Some of these
bacterial OT Us were also contained in a large hierarchi-
cal clustering module which contained several eukary-
otes: two chlorophytes, a chrysophyte, a dinoflagellate,



Krinos et al. Microbiome (2024) 12:133 Page 9 of 20

30+
2 20-
(2]
}
o
2
©
©
<
o
< 10 H
0- \ ‘ \ ‘ E--E Behavior
post—invasion
B Decrease
Increase
10000 4 No Change
g °
_§ —
c 50001
5.0 EIO
QO un
©c © ‘ o -
> o leo
cc O"%'-%m&-.—- ..... . .%G_f'@ ......... = _%_—e__'-él e SO -
O = [ 4 Fo
[SIN] o
€&
0 ©
@  -5000- e
£
(&)
-14000
~16000+ =
—18000+
_20000- T T T T -‘I T T T T T T T T T T T T T T
© © © © © v ©
5 £ £ 38 S 88528 22g g oy g
£ = & 9 o nz N & £ @® s & o 9O 2N X o 0§
g v o a 25 9 2 25 ¥ o > €& 2 5§ 2 >
O » o g O g o0 o0 o o ¢ E E o6 § &£ 3T E
= & 8 5 £ ¢ 5 £ ® £ ¢ 5 53T 2 £ s o
O % & ¢ % O = © e g5 § % ¢ o
2 55 < S5O0 = 8 ggwa g
o) < o & 5
<
o
Phylum

Fig. 3 Shift in diversity and abundance of microbial eukaryotes and other relevant eukaryotic taxa after the spiny water flea invasion. A Phylum
breakdown of OTUs that did or did not show statistically significant increases in CPMcontig before and after 2010. The majority of statistically
significant increases were from OTUs annotated as clade Alveolata (including phyla Ciliophora, Apicomplexa, and Dinoflagellata). B Difference

in mean CPMconig after the invasion for OTUs and mean CPMcontig before the invasion of the spiny water flea, grouped and colored by the statistical
significance of the change in abundance

an apicomplexan, three ciliates, and two cercozoans eukaryotes, including two alphaproteobacteria (Sphin-
(Fig. 12; Additional file 1: Table S2). Nine bacteria  gomonadales and Rhodospirillales) and two planctomy-
were contained in the same module as this cluster of cetes (Additional file 1: Table S2).
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trends were significant

Eukaryotic MAGs match several abundant taxa in 18S rRNA
gene time series

A total of 4511 eukaryotic MAGs were recovered across
all samples, of which the majority were small and incom-
plete. Only 154 were sufficiently large for EukCC [64] to
calculate a completeness estimate. Fourteen MAGs had
greater than 20% completeness, 5 had greater than > 50%
completeness, and 2 had above > 75% completeness. Lev-
eraging EukCC completeness estimates, the 4 MAGs that
were at least 40% complete had 28 BUSCO genes from
which a 90% subset could be found in at least 60% of the
40% complete MAGs. Ten MAGs met the second thresh-
old criterion (see the “Methods”) and were included
in the phylogenetic tree alignment (Fig. 7). In practice,
the 10 MAGs which met this second shared BUSCO

criterion had completeness of 17% or greater. A total of
86 BUSCO genes were used for the alignment.

We found a chlorophyte (green algal) MAG which had
both an associated 18S rRNA gene and was annotated as
a chlorophyte and aligned within the chlorophyte clade
in the MAG phylogenetic tree (Fig. 7A). While its 18S
rRNA was part of a cluster that only appeared 6 times
in the dataset and hence was excluded from the time
series analysis, it had 96.5% identity and a 1785-nucleo-
tide alignment length to a chlorophyte of genus Mono-
mastix via NCBI RefSeq sequence (accession number
AB491653). The vast majority of eukaryotic MAGs did
not have a co-binned 18S rRNA gene sequence from
the SSU rRNA discovery procedure. The most com-
plete MAGs extracted belonged to phylum Haptophyta
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and Daphnia

(MAG IDs ME-TYMEFLIES-MAG 32,36,37.38,42,43,45,
and 46; Fig. 7) and appeared to likely belong to genus
Chrysochromulina, a documented haptophyte genus in
lake ecosystems [82]. In the most complete haptophyte
MAG, 29.5% of contigs in the MAG showed consensus
for Chrysochromulinaceae, as opposed to 52.3% for order
Prymnesiales, 87.5% for class Prymnesiophyceae, and
90.2% for phylum Haptophyta.

MAG abundance quantification shows similar patterns to 18S
rRNA gene survey

The abundances of the top 20 MAGs of highest com-
pleteness per EukCC increased significantly after the
spiny water flea invasion (p < 0.001), showing the same
pattern as that observed for the 18S rRNA sequence
data. The highest overall abundance was associated with
MAGs of highest completeness, though all of the MAGs
revealed the same trend of increasing abundance.

Putative chlorophyte MAGs included ME-TYMEFLIES-
MAG 33, 47 (70.0% EUKulele consensus; 31.4% for class
Mamiellophyceae; 16.2% for order Mamiellales), 48 (86.5%
consensus for phylum Chlorophyta; 39.4% consensus for
class Trebouxiophyceae; 26.6% for order Chlorellales), and
50 (71.5% EUKulele consensus for phylum Chlorophyta;
32.6% for class Mamiellophyceae). The only putative cryp-
tophyte MAG was ME-TYMEFLIES-MAG 34 (EUKu-
lele consensus 79.5% for phylum Cryptophyta; 78.5% for
class Cryptophyceae; 55.7% for order Cryptomonadales).
Putative ciliate MAGs included ME-TYMEFLIES-MAG
40 (35.5% consensus) and 44 (37.7% consensus).

Putative ochrophyte MAGs included ME-TYME-
FLIES-MAG 35 (23.3% consensus), 39 (14.3% consen-
sus), 41 (20.3% consensus), and 49 (90.6% consensus for
Ochrophyta; 88.3% consensus for class Bacillariophyta;
21.6% consensus for order Thalassionemales), though
it should be noted that all of these MAGs apart from
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Fig. 6 Network analysis over 20-year time series of metagenomes suggests stable connections between eukaryotes and bacteria. Circles
correspond to significant, strong correlations between taxa listed on the x- and y-axes and are both colored and sized according to the correlation
coefficient. Only correlations with a significant Benjamini-Hochberg-corrected p-value and a correlation coefficient of greater than or equal

to 0.50 are included visually. The color corresponds to whether the x-axis partner is bacterial or eukaryotic, and shading indicates specific phylum.
Self-correlations are excluded when the small subunit rRNA gene sequences were the same

MAG 49 had conflicting annotations between dinoflag-
ellates and ochrophytes, and only MAG 49 was com-
plete enough to be included in the phylogenetic tree
constructed using BUSCO genes (Fig. 7). In MAG 49,
the strong signal of an exceptionally large diatom bloom

near the end of the time series was reproduced by the
contigs that clustered with the MAG, although the
annotation provided by the 18S rRNA gene sequence
was order Aulacoseirales, which is another taxonomic
order of pennate diatom. MAG 39 also showed a
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Fig. 7 Metagenome-assembled genomes recovered from Lake Mendota span a wide range of eukaryotic taxa. A Phylogenetic tree of extracted
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point is an estimated abundance for one MAG at one timepoint

substantial, though less than 10% of the CPM maximum
of MAG 49, increase in abundance during the same
time period.

Furthermore, we used two auxiliary datasets, one of
which was enriched in cladoceran Daphnia pulicaria and
the other in spiny water flea Bythotrephes longimanus, as

a comparison. We extracted 185 rRNA gene sequences
from these datasets and binned MAGs. EukCC esti-
mated the completeness of the Daphnia pulicaria MAG
at 32.4% with 8.8% contamination, and the Bythotrephes
longimanus MAG at 38.2% completeness and 8.8% esti-
mated contamination (Fig. 5).
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Discussion

Our results show that 18S rRNA genes can be recovered
from metagenomic time series data and used to inter-
pret temporal patterns. These patterns combined with
even coarse taxonomic information provided ecological
insights into protists, a diverse and abundant group of
organisms frequently ignored by freshwater microbial
ecologists. We identified eukaryotic lineages that signif-
icantly increased over the course of the time series and
conducted a network analysis to predict potential asso-
ciations between protists and bacteria. Major changes
in abundance were observed in Alveolates (including a
selection of dinoflagellates, ciliates, and Apicomplex-
ans; no phytoplankton of clade Alveolata are cataloged
in the LTER dataset for Lake Mendota), some diatoms,
as well as some classes of metazoans (Opisthokonta),
including genus Dreissena (Zebra mussel) and several
copepods, and decreases in several OTUs annotated
to be cryptophytes. These changes occurred follow-
ing the invasion of the spiny water flea, Bythotrephes
longimanus, near the end of 2009, which significantly
changed the ecology of Lake Mendota and likely con-
tributed to these shifts in protistan community struc-
ture [83]. Increases in eukaryotic phytoplankton may be
attributable to a decrease in grazing by Daphnia preda-
tors due to Bythotrephes invasion, as previously estab-
lished in the literature [21, 22, 83, 84].

Recent decrease in abundance of Cryptophytes in Lake
Mendota

One particular example of marked change in Lake Men-
dota eukaryotic communities is the decrease of abun-
dance and diversity of cryptophytes, which have been
shown to quickly respond to changes in other similar
temperate lakes [85]. In the NTL-LTER phytoplankton
time series, only two genera of cryptophytes are docu-
mented [86], whereas our results suggest the presence of
at least seven genera and multiple putative cryptophyte
MAGs. The lack of attention to cryptophyte diversity
in Lake Mendota in previous studies could be because
of methodological limitations in the microscopy used
for the NTL-LTER measurements, as cryptophytes are
smaller than many eukaryotic algae, and their size may
also be variable in situ [87].

Cryptophyte abundance may change in response to
other ecological shifts in Lake Mendota. Cryptophytes
are known to be adapted to low-light conditions [88], so
higher light intensity or smaller blooms of other organ-
isms may reduce the available cryptophyte niche. The
presence of zebra mussels (Dreissena polymorpha), which
are predicted to increase in abundance in response to
increases in spiny water fleas [24], and which irrupted
into Lake Mendota in 2015 [89], may also result in
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reduced cryptophyte abudances, as was observed in Lake
Oneida in the late 1980s [85]. To our knowledge, no other
study has investigated recent changes in cryptophyte
abundances in relation to spiny water flea and zebra mus-
sel invasions. Taken together, our findings indicate that
there has been a decline in cryptophyte diversity and
abundance in Lake Mendota in recent (2010-2019) years,
which may also have increased the available niche space
for other eukaryotic organisms.

Metagenome-assembled genomes reveal

only the dominant fraction of Lake Mendota’s protistan
diversity

Our results demonstrate that it is possible to link mostly
complete eukaryotic MAGs to an 18S rRNA gene
sequence and to use this to clarify the overall representa-
tion of assembled eukaryotic contigs in a mixed environ-
mental metagenomic assembly.

The number of MAGs recovered from Lake Mendota
metagenomes is on par with other recent studies from
similar sample types [90], though the complete MAGs
constituted a small fraction of the overall eukaryotic
microbial diversity that we identified via 18S rRNA
gene discovery. Our observation that the vast major-
ity of MAGs did not contain discovered 18S rRNA gene
sequences is in line with previous observations that
rRNA genes do not tend to co-bin with MAGs [91]. In
some cases, 18S rRNA genes may have been filtered
from the dataset, e.g., a single rRNA gene that appeared
to be Bythotrephes longimanus, which was subsequently
excluded due to not being present in multiple samples.

We have shown that MAGs and 185 rRNA gene
sequences provide complementary insights into protis-
tan diversity within a single metagenomic time series and
have the forthcoming potential to efficiently link multiple
sources of -omic data. In particular, MAGs from samples
enriched with a single organism will be a powerful tool
for maximizing inference from time-series metagenomic
surveys, because once MAGs are identified from the
enriched samples, the putative genomes can be quantified
across the entire time series. Indeed, for the two enriched
metagenomes collected from Daphnia pulicaria and
Bythotrephes longimanus, although the extracted MAGs
had relatively low completeness, this approach was far
superior to the community-level metagenomes in allow-
ing a MAG to be binned in the first place. Because count
data suggest high metazoan abundances [92], we suspect
detecting their genome sequences may be limited tech-
nically by assembly or by only capturing environmental
DNA rather than individuals during sampling (for exam-
ple, gelatinous blooms of B. longimanus clogging filters).

Abundance quantification both via the 185 rRNA gene
extracted from the time series metagenomes and the
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extracted MAG from the enriched metagenome strongly
suggest that Bythotrephes longimanus may have been pre-
sent in the lake in low numbers before 2009 (Fig. 5), which
has been previously discussed in the literature [21, 93].
Past work in lake sediment cores suggests that the spiny
water flea was present in low abundances in Lake Men-
dota since at least 1999 [22, 23] as a “sleeper population”
until conditions were right for the organism to become
dominant. Our analysis of this long-term time series pro-
vides additional evidence that suggest that the spiny water
flea could be detected genetically in the lake prior to 2009
(Fig. 5). Without collecting metagenomic time series in a
similar way to the established method of long-term sedi-
ment coring, this powerful retrospective insight into the
spiny water flea invasion and its effects would not have
been possible. Enriched metagenomes and MAG binning
for other organisms could yield more accurate estima-
tion of their composition in the lake and enable insights
about the functional potential of taxa without sequenced
genomes.

Predicted eukaryote-prokaryote associations are common
in Lake Mendota

Our analysis predicted a wide range of association
between diverse bacteria and eukaryotes, in particular
chlorophytes, diatoms, chytrid fungi, and ciliates.

Chlorophyte (green algal) OTUs were associated with
OTUs of several bacteria identified by other studies to be
chlorophyte microbiome constituents, including fami-
lies Comamonadaceae, Rhodobacteraceae, and Chtho-
niobacteraceae [94, 95] and Flavobacteriaceae and order
Sphingomonadales (Alphaproteobacteria) [96]. Chloro-
phytes also correlated with sulfur bacteria (family Chro-
matiaceae) which are known to be abundant in lakes
[97], and cyanobacteria of order Oscillatoriales (family
Microcoleaceae), and two families of potentially patho-
genic Gammaproteobacteria, Moraxellaceae and Aero-
monadaceae [98, 99]. Chlorophytes are known to thrive
under high nutrient concentrations early in the season,
in particular high nitrate levels and a deep mixed layer
[100-102], and thus may increase in abundance, along-
side cyanobacteria, with high levels of nutrient pollution
[101, 102].

A diatom (phylum Ochrophyta, class Bacillariophyta)
of order Aulacoseirales was significantly correlated with
several other bacterial and eukaryotic OTUs: one cili-
ate, a bacterium of order Spirochaetales which is known
to be present among some diatom microbiota [95],
cyanobacteria of orders Chroococcales and Synechoc-
occales, one OTU of order Verrucomicrobiales, and an
Alphaproteobacterium of order Rickettsiales. Several
associations, in particular with cyanobacteria of orders
Chroococcales and Synechococcales, may be related to
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their shade-tolerance during dense blooms of diatoms
and other eukaryotes [103, 104]. A second diatom was
correlated with Synechococcales (Chamaesiphonaceae);
not only was this a distinct OTU as indicated by our clus-
tering approach, it also was one of the strongest correla-
tions we recorded in the dataset. This may be related to
their co-habitation of biofilms, of which Chamaesipho-
naceae is a major component [80], and diatom frustules
were found embedded in biofilms present in other lakes
[105, 106].

The analysis also suggested an association of Chytridi-
omycota and planctomycetes of the order Isosphaerales;
both taxa degrade organic matter in lake ecosystems
[107-109] and thus may clean up organic matter in the
lake. Chytridiomycota and Isosphaerales were most abun-
dant in April, which might be associated with the influx
of organic matter observed with spring runoff during
the ice-off period in lakes [110]. Due to uneven sampling
during the winter period at the beginning of the time
series, it remains unknown whether earlier ice-off due
to increasing temperatures is changing the prevalence
of Chytridiomycota and Planctomycetes, though there is
some evidence of their increased abundance (Additional
file 1: Figure S4). Interestingly, some other Planctomy-
cetes showed correlations only with individual eukaryotic
OTUs or distinct taxonomic groups, which may indicate
that they depend on the presence of eukaryotic taxa as
specialized hosts [111]. Planctomycetes can use the
nutrients generated from algal or cyanobacterial blooms
as a food source [111], which might explain its strong
correlation with a dinoflagellate, potentially supporting
the hypothesis that specific bloom types offer substrates
for these bacteria [111, 112].

A broad diversity of ciliates formed a high number of
clusters with both bacteria and other eukaryotes. These
results are particularly informative because many spe-
cies of ciliates, apicomplexans, and cryptophytes can
be quite challenging to delineate based on morphologi-
cal features, despite their abundance in the lake system
[113, 114]. Among the putative interactions, there was
one coherent module that consisted of two ciliates (fami-
lies Vorticellidae and Acinetidae) and a Bacteroidetes
OTU of family Sphingobacteriaceae. This strong asso-
ciation may be related to an endosymbiotic relationship
between the bacterium and one or both of these ciliates,
as a Sphingobacteria has previously been shown to have
an endosymbiotic relationship with Ichthyophthirius
multifiliis [115], an organism in the same taxonomic
class as one of these ciliates (Oligohymenophorea). Some
bacteria can associate with ciliates if they are resistant to
digestion by the ciliate [116]. We identified at least one
of these bacteria, family Phycisphaeraceae, that clustered
with a ciliate OTU, highlighting yet another route by
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which eukaryotes may be associated with bacteria in this
system.

Long-term time series facilitated the detection of invasive
species responses and putative associations, which
provides a foundation for future testable hypotheses

The prediction of protistan relationships in long-term
time series metagenomic data from Lake Mendota sup-
ports and extends our understanding of the roles played
by the major taxonomic groups in lake ecosystems and
their effects on food web structure [117]. We identified
putative interactions between protists and bacteria on
the basis of their consistently correlated abundances,
which opens the door for exploration of novel interac-
tions between these taxa, including lifestyles like endo- or
ectosymbioses [118] or farming (whereby organisms like
amoebas may tote and proliferate their bacterial food)
[119]. Our results provide evidence for the presence and
abundance of such interactions and enable new per-
spectives on their ecology. Furthermore, our metagen-
omic identification of a possible “sleeper population” of
spiny water flea aligns with observations from previous
research [21, 23], provides further genetic contextualiza-
tion for this important invasion event, and highlights the
importance of long-term ecosystem surveillance using
metagenomics.

Conclusion

Protists are critical to lake ecology and biogeochemis-
try. Relatively little is known about the protistan com-
munity dynamics at Lake Mendota, despite it being
among the world’s best-studied freshwater systems.
Here, we leveraged a 20-year time series of metagen-
omes from Lake Mendota to explore patterns in the
abundance of phytoplankton and heterotrophic protists
in the lake and identified co-occurring bacteria from
the same time series. We found dramatic shifts in the
protistan community in association with the introduc-
tion of two distinct invasive species to the lake. We
also identified the major groups of protist present and
abundant in Lake Mendota and extracted metagenome-
assembled genomes for a few photosynthetic protists.
Our results reveal how the dynamics of the protistan
community have changed in the past 20 years and high-
light the power of metagenomic time series in enabling
retrospective analysis of diverse taxonomic groups. Our
work further highlights the impact of human interven-
tions in freshwater systems and provides new insights
into lake protistan ecology.
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