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ABSTRACT 

Microorganisms are the most dominant forms of life in Earth’s history. Interactions 
between prokaryotic and eukaryotic microorganisms play key roles in ecosystem 
functioning and can take many forms. Traditionally, such interactions have been 
studied either by isolating individual microeukaryotes and observing them and their 
symbionts under a microscope, or by identifying all microeukaryotes and prokary-
otes in a community and analysing correlation patterns of their co-occurrence. The 
former methods fail to scale to the numbers and complexity typical of natural sys-
tems, while the latter fail to capture individual interactions and their functional con-
text. This thesis aims to add single-cell transcriptomics as a high-throughput high-
resolution tool to the microbial ecology toolbox to characterize natural microeukary-
ote function and their interactions with prokaryotes. 

First, the thesis presents a study using amplicon sequencing for identifying mi-
croeukaryotes and prokaryotes. Analyses of their compositions across time and en-
vironmental conditions revealed that changes in the prokaryotic community had a 
causal impact on the eukaryotic community and the environment. However, neither 
functional activity nor individual- or species-level interactions could be elucidated 
from amplicon sequences. Thus, the thesis presents subsequent studies using single-
cell transcriptomics to isolate individual microeukaryotes and sequence their tran-
scriptomes to infer population-level taxonomic identity, sub-population-level func-
tional profles and metabolic states, and individual-level prokaryotic associations. 
Gene expression and associated prokaryote compositions enabled the identifcation 
of cells potentially close to dormancy or under bacterial colonisation. 

Most environmental microeukaryotes, including many in this thesis, are thought 
to be uncultivable in laboratory conditions and are absent from reference genome 
or transcriptome databases. This thesis aggregates computational methods–de novo 
assembly of microeukaryote transcriptomes, transcript annotation using sequence 
and protein structure homology, differential expression and abundance analyses, and 
metabolic mapping–for such environmental microeukaryotes. By demonstrating single-
cell transcriptomics’ and these computational methods’ effcacy among environmen-
tal mixotrophic microeukaryotes without cultures or references, I have set the stage 
to scale this reference-free culture-free method to the natural microeukaryotic diver-
sity and study microeukaryote-prokaryote functions and interactions in the stressful, 
heterogeneous, and ephemeral conditions that they occur in. 

KEYWORDS: Biodiversity, Protists, Single-cell, Symbiosis, Transcriptomics 
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Vait¨ öskirja, 140 s. 
Biologian, maantieteen ja geologian tohtoriohjelma (BGG) 
Joulukuu 2025 

¨TIIVISTELMA

Mikro-organismit–bakteerit ja mikroeukaryootit–ovat maapallon historian hallitse-
vimpia el¨ anmuotoja ja n¨ a ekosys-am¨ aiden fyysiset vuorovaikutukset ovat keskeisi¨ 
teemien toiminnalle. Perinteisesti tällaisia vuorovaikutuksia on tutkittu esimerkiksi 
eristämällä yksittäisiä mikroeukaryootteja ja havainnoimalla niitä ja niiden bakteeri-
symbiontteja mikroskoopilla, tai vaihtoehdoisesti etsimall¨ ä korrelaatioita mikroeukary-
oottien ja bakteereiden esiintymisessä erilaisissa ympäristöissä. Mainituista edel-
liset menetelmät eivät skaalaudu luonnonympäristöille tyypilliseen määrään ja mon-
imutkaisuuteen, kun taas jalkimm¨ aiset eiv¨ ¨ aisi¨at kykene havainnoimaan yksitt¨ a vuoro-
vaikutuksia ja niiden funktionaalista kontekstia. Tämä väitöskirja esittää menetelmiä 
korkean resoluution ty¨ avalikoimaan, tarkoituk-okaluiksi mikrobiekologian menetelm¨ 
sena selvittä¨ arist¨a luonnonymp¨ ojen mikroeukaryoottien toimintaa ja niiden vuorovaiku-
tuksia bakteereiden kanssa. 

Vait¨ ¨ aisess¨oskirjan ensimm¨ a tutkimuksessa selvitettiin mikroeukaryoottien ja bak-
teereiden merkitystä rehevöitymiselle kokeellisessa makean veden ympäristössä. Tutki-
muksessa yhteisörakenteen aikasarja-analyysi amplikonisekvensointia käyttäen pal-
jasti, etta muutoksilla bakteeriyhteis¨ oss¨ ¨ o¨a oli kausaalinen vaikutus eukaryoottiyhteis¨on 
ja tätä kautta ympäristön rehevöitymiseen. Mikrobien funktionaalista aktiivisuutta 
tai yksil¨ a¨ ayt¨ a olleella o- ja lajitasoisia vuorovaikutuksia ei kuitenkaan voitu selvitt¨a k¨ oss¨ 
amplikonisekvensointimenetelmall¨ ¨ am¨ ait¨a. T¨ an vuoksi v¨ oskirja esittelee kaksi jatko-
tutkimusta, joissa käytettiin yksisolutason transkriptomisekvensointia tarkoituksena 
pä¨ a yksitt¨ a yksitt¨atell¨ aisten solujen toiminnalliset tilat sek¨ aisten solujen fyysiset vuoro-
vaikutukset bakteerisolujen kanssa. Näissä tutkimuksissa onnistuttiin selvittämään 
ennestään tuntemattomien yksisoluisten organismien toimintaan liittyviä seikkoja, 
esimerkiksi merkkejä lepotilasta tai k¨ a olevasta bakteerikolonisaatiosta. aynniss¨ 

Valtaosaa ympäristön mikroeukaryooteista ei ole mahdollista viljellä laborato-
riossa, eikä tietoa niist¨ ait¨a ole tallennettu vertailutietokantoihin. V¨ oskirjani esittelee 
menetelmi¨ allaisia huonosti tunnettuja mikroeukaryotteja voidaan tutkia mod-a, joilla t¨ 
ernein DNA-sekvensointimenetelmin hyödyntäen transkriptomien de novo-rakentamista, 
DNA-sekvenssidatan tulkintaa sekvenssi- ja proteiinirakenteiden perusteella ja metabolista 
kartoitusta. Nämä tekniikat avaavat mahdollisuuksia aivan uudenlaisille ympäristön 
mikroeukaryoottien funktionaalisille tutkimuksille sekä mikroeukaryootti-bakteeri 
vuorovaikutusten selvitt¨ aysin uutta tietoa n¨amiselle, ja tuottavat t¨ aiden mikroskoop-
pisten mutta ekosysteemien kannalta keskeisten organismien toiminnasta ympäristöissään. 

ASIASANAT: Biodiversiteetti, Protistit, Transkriptomiikka, Yksisoluinen 
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1 Introduction 

Four and a half billion years ago, the Earth was formed [1; 2]. Over the frst half a 
billion years, the molten surface of the planet Earth cooled down to form a solid crust 
and oceans [3] and was enveloped by a strongly reducing (CH4 + N2, NH3 + H2O, 
or CO2 + H2 + N2) to neutral (CO2 + N2 + H2O) atmosphere [4]. Over the next half 
billion years, highly diverse and dynamic environments like reductive atmospheres, 
tidal pools, dry-wet and heating-cooling cycles, freezing temperatures, high energy 
discharges from lightning and submarine hydrothermal vents, extraterrestrial inputs, 
and the vast oceans set the stage for the prebiotic synthesis of the building blocks 
of life–amino acids, lipids, ribose sugar, nucleobases, fatty acids, nucleotides, and 
oligonucleotides–in the primordial soup on Earth [5; 6; 7]. 

Over the next few hundred million years, these building blocks of life came to-
gether and/or polymerised into phospholipids, nucleic acids, and proteins, forming 
the basis of life: compartmentalization (through lipid bilayers), replication (through 
nucleic acids), and metabolism (through proteins and other organic molecules) [5]. 
Thus, in the form of the frst cells that could replicate themselves, life on Earth be-
gan, albeit at the microbial level. One of the earliest evidences of life has been seen 
in the form of Stromatolite colonies of bacteria from 3.4 billion years ago [8]. In all 
this time and all the time till now, the conditions on Earth changed and these microor-
ganisms evolved with it. Over the aeons, they began to execute various functions to 
adjust to their environment as well as adjust the environment to themselves. Some 
performed photosynthesis, some fxed atmospheric inorganic nitrogen, and some de-
veloped the ability to make cell walls and cysts. Over the next billion years, these frst 
microorganisms evolved and diverged to form the three domains of life–Bacteria, Ar-
chaea, and Eukarya.1 From nearly four billion years ago, microorganisms have been 
the most dominant forms of life in Earth’s history and continue to form the majority 
of biomass and biodiversity on the planet [10; 11]. 

A brief understanding of the origin (as above) and natural taxonomic classif-
cation of life is necessary to understand the different forms of life and their inter-
actions. Until the development of high quality optics and the microscope, natural 
taxonomy was based on complex morphology and fossil records, and life was pri-
marily categorised into animals and plants. In 1866, Haeckel introduced a third 

1This was frst proposed as a natural system of organisms by Woese in 1990 [9]. 
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kingdom, protista, to include microscopic single-celled organisms as distinct from 
animals and plants [12]. In 1938, Copeland split out bacteria from protista to create 
a fourth kingdom [13]. In 1959, Whittaker added a ffth kingdom for fungi [14]. 
Following the discovery of the structure of the DNA, molecular techniques to deci-
pher DNA sequences, and the understanding that DNA forms the genetic material in 
nearly all forms of life, it became apparent that molecular structures and sequences 
of the DNA and resulting transcribed RNA contain more information for inferring 
taxonomic classifcation and evolutionary relationships than morphology and fos-
sil records. In 1990, using molecular sequence comparisons, Woese proposed that 
living organisms are more primarily divided in three domains: Bacteria, Archaea 
(which used to be considered part of the bacterial kingdom previously), and Eukarya 
or Eukaryota (which contains within it the kingdoms protista, fungi, plantae, and 
animalia) [9]. 

In the three decades since Woese’s three domain proposal, culture and culture-
free sampling and sequencing of microorganisms from diverse environments, from 
lakes to deep-sea thermal vents and from animal guts to the deep terrestrial subsur-
face, have enabled the discovery of tens of supergroup and kingdom level branches 
and hundreds of phyla level branches in the tree of life, the phylogenetic tree that 
connects all organisms based on shared evolutionary history. Recent discoveries 
have led to better resolution of branches especially in Archaea (Asgard archaea, Eur-
yarchaeota, DPANN–Diapherotites, Parvarchaeota, Aenigmarchaeota, Nanohaloar-
chaeota, and Nanoarchaeota, TACK–Thaumarchaeota, Aigarchaeota, Crenarchaeota, 
and Korarchaeota etc.) [15] and Eukarya (Haptista, Cryptista, Archaeplastida, Amor-
phea, CRuMs, Discoba, Metamonada, TSAR–Telonemids, Stramenopiles, Alveo-
lates, and Rhizaria etc.) [16]. 

Prokaryota or prokaryotes, from pro meaning without or before and karyon mean-
ing kernel, includes all organisms that do not have a nucleus, i.e., bacteria and ar-
chaea, and considering how understudied archaea are compared to bacteria, often 
refers to just bacteria. Eukarya, eukaryota, or eukaryotes, from eu meaning true and 
karyon meaning kernel, includes all organisms with membrane bound nuclei. Aside 
from the membrane-bound nucleus, eukaryotes are distinct from bacteria in other 
ways as well: they possess complex morphology like cytoskeletons, mitochondria, 
endoplasmic reticulum, Golgi aparatus, fagella etc. as well as chimeric genomes, 
meiosis, mitosis, epigenetic phenomena, and cell cycles [17]. 

Symbiosis is the spatially close and temporally long-term interaction between 
organisms of different species [18]. Endosymbionts, smaller symbionts living inside 
larger symbiotic partners, live either inside the cells of their partners or outside the 
cell but inside larger multicellular animals. Ectosymbionts or epibionts live outside 
of and are usually attached to their larger symbiotic partners. From the interac-
tion of prokaryotes in shallow marine environments 3.43 billion years ago to form 
reef-like build-ups of stromatolite colonies [8] to probiotic interactions in the hu-
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man gut, symbiosis is everywhere. Intra- and inter-domain interactions or symbioses 
have been observed across the tree of life and throughout its multi-billion year long 
history [18]. Perhaps, the most important of these is the endosymbiotic origin of 
eukaryotes. 

The origin of the frst eukaryotes, nearly two billion years ago, is thought to be 
from the endosymbiosis of an �-proteobacteria in an Asgard archaean host [17]. The 
�-proteobacterium endosymbiont or parasite lost many of its genes to the archaeal 
host’s nuclear genome and eventually lost its ability to survive independently, thus 
forming the mitochondria, an organelle found in nearly all eukaryotic cells. The mi-
tochondria provided the bioenergetic means for an increase in cell sizes from 10x 
to 100x that of bacteria and archaea and the evolution of eukaryotic cell complex-
ity [19]. Another later endosymbiotic event involving a cyanobacteria led to the 
origin of photosynthesis in eukaryotes via plastids, an organelle found in all plants 
(including red algae and green algae). The presence of photosynthesis in other eu-
karyotes like diatoms, cryptomonads, and dinofagellates is from a secondary en-
dosymbiosis of a green or red alga [19]. 

Microeukaryote hosts of symbiotic interactions span across all the eukaryote su-
pergroups, particularly well-studied large protists in culture [18]. The diversity of 
prokaryotic symbionts involved is also vast, including �-proteobacteria, Bacteri-
odetes, and Chlamydiae, but might have some sampling bias as well [18]. Some 
microeukaryotes might host communities of many co-habiting symbiotic prokary-
otes [20; 21; 22]. These symbionts could be spatially located in the cytoplasm, co-
localized with certain organelles (like hydrogenosomes), in the nucleus, or outside 
the cell. The microeukaryote-prokaryote interaction may be mutualistic (benefcial 
to both), commensal (benefcial to one), or even parasitic (benefcial to one, harm-
ful to the other). On extreme ends of the beneft scale exist syntrophy–where each 
partner requires metabolites or toxic waste removal provided by the other, and mi-
crobial farming–where the microeukaryote cultivates prokaryotes extracellularly for 
later consumption. Over evolutionary timescales, the symbiont can have one of three 
outcomes: to go extinct, adapt to an obligate, but host-species-independent, symbiont 
lifestyle, or to integrate into the host as an organelle [18]. 

Observations of microeukaryote-prokaryote interactions in aquatic ecosystems 
over the last century have enabled our understanding of the variety and wide-spread 
existence of the interactions as seen above, but most of them rely on the cultivability 
of the microeukaryotes in the lab and other biases associated with ease of study [23]. 
A signifcant majority of the observations involve direct observation of the interac-
tion using microscopy or fuorescence in situ hybridization (FISH). This has two 
main disadvantages. One, microeukaryotes, especially free-living heterotrophs, that 
are smaller, less-studied, and more diffcult to cultivate are scarcely investigated for 
functional activity and interactions [18]. Two, the ftness effects of microeukaryote-
prokaryote interactions under laboratory conditions in nutrient-rich media and ab-
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sence of other organisms is likely not representative of the more stressful, diverse, 
and ephemeral natural conditions [18; 23]. Knowledge of these interactions in the 
heterogeneous conditions enshrouding natural microbial diversity is lacking and is 
the focus of this thesis. 

1.1 Natural microbial diversity 

1.1.1 What is species? 

Before we talk about diversity, we must frst understand what is a species. Accord-
ing to the classical biological species concept, species represents a population of 
organisms that can interbreed among themselves to produce fertile offspring and are 
reproductively isolated from other such populations [24; 25]. This works well for 
separating humans and horses and helmeted hornbills as distinct species but not for 
a variety of closely related animal and plant species that can hybridize to produce 
fertile offspring or bacteria that reproduce asexually. One solution to this limitation 
is the morphological species concept according to which a species represents a pop-
ulation of organisms that are morphologically and anatomically alike [25; 24; 26]. 
Another solution is the ecological species concept according to which species repre-
sents a population of organisms occupying a unique ecological niche [27]. Both these 
concepts still present limitations when faced with populations that exhibit high mor-
phological variance or those that change their roles based on available resources, and 
with evolutionarily distinct populations exhibiting similar morphologies and ecosys-
tem functions. Mitigating the limitations of the other species concepts is the phylo-
genetic species concept according to which species is a population of organisms that 
share a common pattern of ancestry and descent and that form a single branch on the 
tree of life [28; 29]. Species, in this paradigm, are distinguished using unique genetic 
markers. The limitation of this species concept lies in the ambiguity associated with 
how recent a common ancestor or how unique a genetic marker demarcates a species. 
Establishment and use of a singular concept of species appears unlikely with at least 
22 different concepts formulated already [30; 31]. 

For microorganisms, in this era of high throughput sequencing, the phylogenetic 
species concept appears to be used most often to demarcate species and conduct 
phylogenetic analyses [32; 33]. Assuming (i) that each cell contains DNA as the 
genetic material and (ii) that there are certain genes, such as those coding for riboso-
mal RNAs essential for making proteins, conserved across the genomes of all organ-
isms [34], (iii) that these certain marker genes are suffciently constrained that they do 
not change rapidly in time and are resistant to horizontal gene transfer [35; 36; 37], 
and (iv) that all copies of the marker gene in the organism are identical [34; 38], 
we can say that populations with more similar gene sequences share a more recent 
ancestor [39; 40]. In the identifcation of microbial species and corresponding phy-
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logenetic analysis, the 16S (for prokaryotes) and 18S (for eukaryotes) ribosomal 
subunit’s rRNA genes are used most commonly as the representative of these con-
served genes with sequence variation across species [39; 41; 42]. In the 16S and 18S 
genes, the presence of multiple hyper-variable regions aids in identifying species 
and the presence of conserved regions aids in primer design for amplifying these 
sequences [43; 44]. 

To reduce the ambiguity associated with how recent a common ancestor or how 
similar a sequence to determine a distinct species, the concept of an Operational 
Taxonomic Unit is used. An Operational Taxonomic Unit or OTU is defned, in a 
population of different species, as representative of all the sequences that cluster to-
gether at (usually) 97% sequence similarity [45]. Defning the concept within the 
limits of individual populations meant that addition of any data from new species or 
new populations required the re-clustering and re-analysis of all data, without which 
populations, in terms of their constituents, could not be compared [46]. Thus, sim-
ilar to standard feld guides that exist to identify specifc morphological markers in 
different animal and plant species, reference sequence databases were prepared after 
careful sampling and sequence analysis from different ecosystems across thousands 
of geographic locations. Identifying the constituent species in a new population con-
sequently involves the clustering of marker gene sequences obtained from all the 
organisms in the population to determine the OTUs and mapping the representative 
sequences from these OTUs to the reference database to identify the sequence-based 
taxonomy. These reference databases are regularly updated to include new sequences 
and species and correct the branches in the tree of life based on new fndings. Refer-
ence databases for the 16S rRNA gene in prokaryotes include SILVA [47], Genome 
Taxonomy Database (GTDB) [48], Ribosomal Database Project (RDP) [49], and 
Greengenes2 [50]. Reference databases for 18S, ITS, and CO1 genes in eukary-
otes include Protist Ribosomal Reference (PR2) [51], UNITE [52], coidb [53], Phy-
toREF [54], and EUKARYOME [55]. 

Clustering the sequences at a similarity threshold of 97% sequence identity runs 
the risk of grouping multiple similar species into a single OTU and consequently los-
ing diversity [56]. OTUs clustered at higher thresholds like 100% sequence identity 
run the risk of identifying sequencing errors as new species and false diversity [57]. 
Thus, Exact Sequence Variants or ESVs were developed that omit clustering alto-
gether and use an error model to correct for sequencing errors.2 This results in data 
with single-nucleotide resolution that is more easily comparable across studies [61]. 
Thus, the ESV (used interchangeably with ASV) approach is purported to be the 
future of the feld [62]. However, ASVs could lead to falsely splitting the same or-

2ESVs generated from different tools using different error correction or de-noising methods are 
called different names: Amplicon Sequence Variants (ASVs) when obtained using DADA2 [58], sub-
OTUs (sOTUs) when obtained using Deblur [59], and zero-radius OTUs (zOTUs) when obtained from 
UNOISE2 [60]. 
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ganism into multiple taxa calls, particularly considering some organisms like fungi 
and apicomplexans can have multiple non-identical target gene copies [63; 64; 65]. 

Determining the species constituents of a microbial community using singular 
marker genes such as the 16S rRNA gene can sometimes lead to systematic false 
negatives or non-identifcation of certain groups of related species due to techni-
cal reasons such as primer incompatibility [66; 67]. Primers are used to amplify 
the marker gene sequences from the microbial community’s DNA pool. Bias in 
the primers’ affnity or compatibility for the marker genes’ fanking sequences in 
certain taxa groups can lead to misleading representations of the community’s con-
stituents [68]. Appropriate choices of primers and marker gene targets based on the 
expected species in a community can alleviate some of the bias. However, shot-
gun metagenomics, especially shallow shotgun metagenomics which is comparative 
in cost to marker gene amplicon sequencing, offers alternative solutions for identi-
fying constituent species in a microbial community since they do not involve any 
sequence-specifc amplifcation (and consequently no primer bias) and provide addi-
tional information in the form of whole genome sequences and consequently func-
tional potential [69]. Their limitation lies in the lack of reference genomic sequence 
information for microbes from all environments. Thus, shotgun metagenomics is 
more useful in well-studied systems like the human gut microbiome whereas marker 
gene amplicon sequencing is more useful in other environmental ecosystems [69]. 

Marker gene amplicon sequencing can also lead to a lack of species-level reso-
lution [70]. This can be alleviated by capturing larger or more sensitive regions of the 
hyper-variable regions of the marker genes [71] or sequencing multiple marker/conserved 
genes for phylogenomic analyses [72]. 

1.1.2 What is diversity? 

Diversity refers to the different species present in the study system, from a petri dish 
to the ocean, and their relative abundances [73]. Estimates of the number of species 
on Earth have ranged from two million to three trillion, mostly comprised of diver-
sity among insects, fungi, protists, and bacteria [74; 75; 76]. Of the estimated 550 
gigatons of carbon (Gt C) in the biosphere, 450 Gt C is thought to be composed of 
plants followed by 70 Gt C of bacteria, 12 Gt C of fungi, 7 Gt C of archaea, 4 Gt 
C of protists, and only 2 Gt C of animals [77]. Considering their small sizes and 
masses, there are an estimated 2 × 1030 prokaryotes and approximately 1027 pro-
tists on the Earth across marine, freshwater, terrestrial, and deep biosphere ecosys-
tems [77]. Microbial diversity, biomass, and abundance, in the form of prokaryotes 
and microeukaryotes, are immense and present in parts of the biosphere from inside 
our guts to the surface of this book to high up in the atmosphere and deep in the 
ocean. But due to habitat destruction and overexploitation and climate change, bio-
diversity loss is rampant [78; 79]. It is essential to identify how many species are 
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present, what they are, where they are, and what they are doing before they vanish in 
the sixth great extinction. 

Most of our understanding of biology comes from the deep study of a few or-
ganisms, usually in controlled laboratory conditions, called model organisms. Thus, 
most of the estimated species on Earth have never been identifed or studied or grown 
in a lab [80]. While the study of model organisms for the understanding of biology 
conserved across the tree of life is essential and fruitful, it still leaves behind a large 
gap in understanding those organisms that cannot, yet, be cultivated in the lab [80] or 
those that behave or interact differently in laboratory conditions [18]. Marker gene 
based amplicon sequencing, and more recently metagenomic sequencing, has aided 
tremendously in identifying and counting the different microbial species present in 
the environment [81; 82]. However, more needs to be done to decipher what they do 
there. 

1.1.3 What is functional diversity? 

The millions of different species, in their ecosystems and niches, perform various 
functions from essential processing and cycling of carbon, energy, nitrogen, phos-
phorus, and other nutrients, to developing special traits to consume prey (like chemo-
taxis or fagella) or avoid predators (like toxic metabolites and sharp spikes) [83]. 
The feld of functional ecology investigates the different roles that species play in 
their environment in a bottom-up manner, by focussing on the functions of indi-
vidual species or strains [84]. The feld of ecosystem function investigates these 
different functions in a top-down manner by focussing on the ecosystem and deci-
phering all the active processes in the ecosystem arising as a function of different 
abiotic and biotic components present in the environment and their interactions [85]. 
Often, strong associations exist between the physicochemical composition of the en-
vironment, the composition of microbial communities, and their functional potential 
and activity [86]. Deciphering these associations, especially the role of microbial 
diversity in ecosystem functioning, is essential and requires suffcient understanding 
of interactions between species [86]. 

One of the clearest forms of functional diversity seen in the environment is 
trophic diversity. Different organisms, including microorganisms, have developed 
different strategies for acquiring the carbon, energy, and nutrients for their survival. 
Autotrophy is the ability for organisms to convert inorganic forms of energy like 
light and electrochemical potential to organic forms like glucose and to fx carbon. 
Autotrophs are the primary producers in the food web. Heterotrophy is the mode of 
energy metabolism in organisms that cannot produce their own food or energy from 
inorganic sources and rely on the consumption of other organisms or organic car-
bon fxed by other organisms. Heterotrophs form the other trophic levels in the food 
web. Both autotrophs and heterotrophs depend on the environment, other organisms, 
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and their metabolites for procuring essential nutrients other than carbon and energy. 
Mixotrophs represent a unique form of trophic activity which enables them to survive 
in both autotrophic and heterotrophic modes [87]. 

Life exists rarely in communities comprised entirely of a single species. Mul-
tiple species come together, act and interact, to perform different functions for the 
survival of communities. One of the fundamental goals of microbial ecology is to 
decipher the link between the diversity of the microbial communities and the ecosys-
tem processes and stability [86]. One of the most well-studied such links between 
diversity and function involves the nitrogen cycle via nitrifcation and denitrifca-
tion. Nitrifcation, for example, involves two completely distinct sets of prokaryotes: 

–aerobic ammonia oxidizers convert ammonia (NH3) to nitrite (NO2 ) and nitrite ox-
– –idizers convert nitrite (NO2 ) to nitrate (NO3 ) [88]. Survival in some environments 

and some ecosystem functions might even necessitate syntrophic interactions where 
metabolites produced by one species in the community need to be consumed and 
metabolised by another for the survival of both [89]. 

Not all functions performed by microbes are benefcial. Some outcomes of the 
functional activity in an ecosystem can be undesired and potentially harmful long-
term. One such harmful outcome is caused by eutrophication or the overenrichment 
of nutrients like phosphorus and nitrogen in aquatic environments [90]. Eutrophica-
tion can affect the microbial diversity, including functional diversity, and cause rapid 
increases in the accumulation of algae (photosynthetic prokaryotes and microeukary-
otes) in aquatic ecosystems called algal blooms [90]. These can potentially cause 
secretion of toxins in the water, depletion of oxygen levels in the water due to block-
ing of sunlight, ”dead zones” due to anoxia from decomposition of dead algae, and 
unavailability of water for human and other animals’ consumption. The occurrence 
and persistence of such harmful phenomena in aquatic ecosystems are also mediated 
by microeukaryote-prokaryote interactions and presence or absence of foundation 
species [91]. 

1.1.4 Do all species contribute equally to the community? 

Microbial communities, like all biological communities, are composed of few abun-
dant and many rare, sometimes dormant, community members [11]. While some 
rare microbial taxa maintain high metabolic activity and perform essential ecosys-
tem functions, others may remain dormant or inactive and grow in abundance when 
the ecosystem changes to ft their optimal conditions [92; 93]. These rare biosphere 
members host a nearly unlimited repository of genomic innovation and maintain 
functional redundancies in the community [94]. The functional redundancies may 
be essential to ecosystem stability in case there is a sudden reduction or extinction of 
abundant taxa [11]. 

Often some species perform certain functions that have a disproportionate effect 
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on the survival of the communities and ecosystem functioning [95]. Foundation 
species are abundant (in number and biomass) members of an ecosystem that are 
involved in numerous non-trophic mutualistic interactions, some of which provide 
structural support for other species in the community and modulate fuxes of energy 
and nutrient fow through the ecosystem [95]. For example, aquatic macrophytes 
increase the habitat complexity and affect nutrient cycling and sedimentation and 
sediment-nutrient levels by attenuating currents and waves, and providing physical 
structure for shelter and attachment [96; 97; 98]. They are distinct from keystone 
species (herbivores or predators) that increase local species richness via their trophic 
interactions and creating physical space for subordinate competitors, and ecosystem 
engineers that physically change materials in the environment and mediate energy 
and nutrient fuxes in their ecosystem [95]. Although organisms of all species modify 
their environment, foundation species are distinguished due to the disproportionate 
effect of their abundance or biomass [95]. 

1.2 Molecular methods and sequencing techniques 

1.2.1 Information content of the cells 

All prokaryotes and eukaryotes contain DNA as the genetic material (the means for 
passing information from one generation to the next) which is transcribed into RNA. 
RNAs act as the template for the production of proteins (mRNA) or are in other 
ways involved in the production of proteins (rRNA and tRNA) or catalyse some 
reactions. RNAs mediate the expression of the genes encoded by the DNA in the 
genetic material. Proteins synthesised by the translation of RNAs are involved in the 
catalytic functions in all cells. 

Genes, subsequences of DNA present in the cell, dictate what functions can be 
potentially performed by the organism. Gene transcripts, particularly mRNAs, dic-
tate what functions are being performed actively by the organism. This follows the 
assumption that each mRNA transcript leads to the synthesis of the same number 
of proteins and that each protein has similar catalytic activity in the cell. The as-
sumptions are not egregious since studies of functional activity usually involve com-
parisons of the same function across cells, where they hold true. Nonetheless, for a 
more accurate and precise picture of functional activity in the cell, the proteins and 
metabolites in the cell can be studied. 

Eukaryotes, especially microeukaryotes, however, add many additional complex-
ities in the process of transcription. Transcripts (pre-mRNA) transcribed from the 
gene generally contain introns (or intragenic regions that are removed) and exons (or 
expressed regions that are spliced together to make mature mRNAs). In most eukary-
otes, alternative splicing is used to join exons in different permutations to make dif-
ferent mature mRNAs and proteins from the same gene. Some microeukaryotes pos-
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sess even more complex transcriptional mechanisms like twintrons (introns within 
introns that need to be removed sequentially) [99], noncanonical genetic codes (for 
example UGA encoding for tryptophan instead of the usual stop codon) [100], and 
4- or 5-letter codons (due to translational slippage or shifting of reading frame ev-
ery time certain codons appear in-frame) [101]. Thus, the inference of the mature 
mRNA transcript sequence from the gene sequence is obscured, which consequently 
obscures the inference of the translated protein sequence and function [102]. 

Phylogenomic analyses, which include the identifcation of taxonomy of the 
community components and the measurement of their abundances, are based on cer-
tain genes conserved across the tree of life (as mentioned in section 1.1.2). DNA 
sequences of these genes identifed in the community can be used to infer who is 
present. Additionally, RNA sequences of these genes’ transcripts can be used to 
infer who in the community is functionally active [11]. 

1.2.2 Broad sequencing methods 

Amplicon sequencing (also called metabarcoding, marker gene sequencing, or metatax-
onomics) is the PCR amplifcation and sequencing of highly conserved genes, such 
as the rRNA gene. This is used to identify and calculate relative abundance of the 
prokaryotes and eukaryotes (based on the marker gene amplifed) present in the com-
munity. The most common target for identifying prokaryotes is the 16S rRNA gene 
and eukaryotes is the 18S rRNA gene. Tens of thousands of studies have used these 
marker gene targets to identify prokaryotes and eukaryotes. Amplicon sequencing is 
fast and cost-effective since it captures sequences for a single gene, but can encounter 
amplifcation bias, i.e., the primers used to amplify the marker genes might sys-
tematically amplify sequences from certain species more than from others [66; 67]. 
Well-established and publicly available workfows and tools exist for the analysis of 
amplicon sequencing data [103]. 

Genomics (or genomic sequencing) is the sequencing and analysis of all DNA 
content in cells, tissues, and communities, without selecting for individual genes. Se-
quencing can be done after amplifying the genetic content using random nucleotide 
primers or with no amplifcation by cutting the DNA sequences at random places 
(like a shotgun would). The DNA can be sourced from single isolated cells or from 
environmental samples or from cultures.3 Shotgun metagenomics refers to the se-
quencing, without amplifying, and analysis of DNA sequences from all organisms in 
an environment, thus yielding information on community composition, phylogeny, 
and functional potential of individual species in the community. After assembly of 
metagenomic reads into contigs and chromosomes, the sequences are binned to yield 

3The cultures can be axenic, i.e., of a single organism or strain, or non-axenic, i.e., of more than one 
organism. Heterotrophic microeukaryotes are often not cultivable in axenic cultures due to the necessity 
of prey and symbionts for their survival. 

10 



Introduction 

metagenome assembled genomes (MAGs) for individual species in the community. 
Metagenomics, however, ignores cellular heterogeneity and involves complex com-
putational analyses related to binning. To mitigate these shortcomings, single-cell 
genomics, at single-cell resolution, amplifes the small quantity of genetic material 
present in individual cells and yields single amplifed genomes (SAGs). In the case of 
microeukaryotes that can host prokaryotic symbionts intracellularly or on the surface 
of their cells, the amplifed genetic content could contain prokaryotic sequences as 
well, which can be fltered out as contamination or separated and used to investigate 
the potential roles of the symbionts. 

Transcriptomics (or transcriptomic sequencing), analogous to genomics, is the 
sequencing and analysis of all RNA content in cells, tissues, and communities, with-
out selecting for individual transcripts. Sequence information from the isolated RNA 
is frst converted to DNA in the form of complementary DNA (cDNA) which is con-
sequently amplifed and/or sequenced. Since mRNA forms a small percentage of the 
total RNA present in a cell, mRNA enrichment (using poly-dT primers in eukaryotes) 
is carried out prior to sequencing. Analogous to genomics, metatranscriptomics and 
single-cell transcriptomics can be performed. For organisms with well-curated anno-
tated reference genomes, such as humans and mice, only short sequences from either 
end of the transcripts can be amplifed or isolated and sequenced to infer the func-
tional activity of the cells by mapping the transcript ends to the reference genomes. 
For environmental microeukaryotes, however, reference genomes are rarely avail-
able and thus full-length transcripts are sequenced to enable de novo transcriptome 
assemblies. 

Analogous to genomics and transcriptomics, proteomics and metabolomics are 
used to characterise the profles of proteins and metabolites in the cells, but with 
methods more expensive and experimentally challenging than sequencing, such as 
liquid chromatography-coupled tandem mass spectrometry. These approaches also 
rely on the presence of high quality reference genomes and/or reference transcrip-
tomes. They are used very rarely in the study of environmental microorganisms 
without prior characterization of the communities using metagenomics or metatran-
scriptomics. 

The presence of complex transcriptional mechanisms in microeukaryotes com-
plicates the inference of functional potential from genomic sequences alone due to 
the lack of confdence in directly predicting transcript and protein sequences from 
gene sequences [102]. Transcriptomics offers a good alternative to gain similar in-
ferences and sidestep the transcriptional complexity, but it has its own trade-offs with 
respect to the ability to maintain laboratory cultures and the representativeness of the 
assembled transcriptomes. Culture-based transcriptomics yields transcriptomes rep-
resenting nearly the complete functional capacity, but require that the microeukary-
otes be maintained in culture. Culture-free transcriptomics yields partial transcrip-
tomes that cover the functions active at the time of sampling, but can be used to study 
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environmental microeukaryotes in natural conditions. 

1.2.3 Specifc methods for inferring interactions 

Metataxonomics, metagenomics, and metatranscriptomics can be used to identify 
and quantify the prokaryotes and eukaryotes present in an ecosystem and conse-
quently infer potential interactions between microeukaryotes and prokaryotes based 
on their co-occurrence. However, defnitive evidence of the interactions can only 
be obtained by studying them at single-cell resolution [104]. The earliest stud-
ies of microeukaryote-prokaryote interactions involved the manual isolation of mi-
croeukaryote single-cells and identifying the interactions based on morphology. Morphology-
based identifcation is expensive, time-consuming, and prone to misassignments among 
morphologically similar but phylogenetically distant taxa. 

Metataxonomics, metagenomics, and metatranscriptomics can provide more defni-
tive evidence of interactions when performed on non-axenic but unialgal cultures 
of microeukaryotes, i.e., cultures containing a singular phylogenetically unique mi-
croeukaryote but with all associated prokaryotes [105]. However, this approach has 
many challenges: (i) the microeukaryotes should be amenable to maintaining in cul-
ture, (ii) it is expensive and time-consuming to maintain cultures and potentially 
impossible for all members of the natural microeukaryote diversity, and (iii) mi-
croeukaryotes potentially behave and interact differently in laboratory cultures as 
compared to natural conditions. 

Single-cell interactomics or microbiomics, by isolating singular microeukaryote 
cells and then performing 16S rRNA amplicon sequencing, aims to mitigate some 
of the challenges above. The cells can be isolated manually or using less time-
intensive methods like fuorescence-activated cell sorting (FACS). 18S rRNA can 
also be amplifed in the same single-cell pool to enable identifcation of microeukary-
ote and extend the method to natural diversity and beyond lab cultures of well-studied 
microeukaryotes [106; 21; 22]. A recent study even depleted the microeukaryote 
host’s chloroplast 16S genes using CRISPR-Cas9 to reduce host sequence contami-
nation [107]. However, challenges associated with amplifcation bias, lack of distinc-
tion between prey and symbionts, and unavailability of information about functional 
potential or activity persist. 

A different way to isolate single cells is by capturing them in emulsion droplets 
or capsules, such as in epicPCR [108]. Each droplet or capsule can then be used 
as a separate reaction mixture for amplifcation of multiple target genes and physi-
cally linking them. This enables the identifcation of linkages, here rRNA gene for 
taxonomic identity and another target gene in the same prokaryote. By considering 
symbiotic interaction as the linkage, epicPCR can be used to identify interactions 
between bacteria and viruses [109] or bacteria and smaller bacteria [110], or poten-
tially even microeukaryote and bacteria [104]. However, microeukaryotes have been 
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rarely captured in emulsion droplets or capsules, particularly due to the diffculty in 
breaking microeukaryote cell walls. Capturing microeukaryotes and their associates 
in the same droplet faces the challenge of massive size differences between the inter-
action partners jeopardizing capture of exactly two partners at a time. Additionally, 
the challenges associated with single-cell interactomics mentioned above exist here 
as well. 

Single-cell based metagenome sequencing, by isolating singular microeukary-
ote cells and then performing genomic (technically metagenomic due to the pres-
ence of prokaryotic symbionts) sequencing, foregoes issues associated with ampli-
fcation bias and missing data on functions. Such studies have begun identifying 
extensive collections of bacteria linked to microeukaryotes and observed that indi-
vidual microeukaryotes simultaneously host multiple bacteria in symbiotic relation-
ships [111; 112; 113]. Current studies have mostly restricted themselves to certain 
branches of the tree of life such as the ciliates, but their potential to uncover the 
diversity of symbiotic associations in nature is high. 

Single-cell transcriptomics, similar to single-cell based metagenome sequenc-
ing, can yield high resolution data on the microeukaryotes’ functional activity, as 
well as their taxonomic identity and the identities of their prokaryotic associates 
from the rRNA sequence reads and transcripts. Transcriptomics, compared to ge-
nomics, skips the complications associated with complex transcriptional mechanisms 
in microeukaryotes described in section 1.2.2. Early single-cell transcriptomics stud-
ies focussed on microeukaryotes in culture [114; 115], model parasites [116; 117] 
and yeasts [118; 119], or on manual isolation of single cells [120; 121; 122; 123; 
124; 125; 126]. The isolation of cells using FACS and sequencing of full-length 
transcripts using tools like Smart-seq2 and Smart-seq3 enable high-throughput and 
high-resolution gene expression and associate identifcation among microeukary-
otes [127]. Morphological information can also be linked to the sequencing informa-
tion by using tools like MASC-seq [128]. Previous studies using these methods have 
tested them on microeukaryotes with reference genomes/transcriptomes, but their 
potential for reference-free and culture-free study of microeukaryotes’ expression 
and their associates is high. 

1.3 Aims of the study 
This work focuses on the development and use of different methods for the study 
of microeukaryote-prokaryote interactions in aquatic ecosystems. Microeukaryote-
prokaryote interactions have been prevalent in aquatic ecosystems for over half of 
Earth’s history and are crucial to ecosystem functioning and stability. The interac-
tions have been studied but using methods with insuffcient throughput to charac-
terize them in natural populations. The aim of this thesis is to add a useful high-
throughput tool to the microbial ecology toolbox by characterizing microeukary-
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ote function and prokaryotic interactions at single-cell resolution in a reference-free 
culture-free manner. An additional goal of the thesis is to compare this single-cell 
transcriptomic approach to the widely used amplicon sequencing approach. 

The specifc aims are: 

1. To identify the microeukaryotes and prokaryotes mediating the unexpected 
ecological outcomes of co-occurring foundation species in eutrophic aquatic 
ecosystems. 

2. To measure gene expression changes and associations with prokaryotes of a 
non-model microeukaryote in culture. 

3. To identify environmental microeukaryotes and their associated prokaryotes 
as well as measure the microeukaryote’s gene expression changes in a natural 
sample without cultures and references. 
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2 Materials and Methods 

Microeukaryote-prokaryote interactions were studied in different systems and using 
different sequencing technologies and analysis techniques. Broadly, chapter I utilizes 
16S SSU rRNA, 18S SSU rRNA, and CO1 gene amplicon sequencing to identify the 
prokaryotes and eukaryotes in the microbial communities in large artifcial ponds and 
tracks changes in the community structure as nutrients are added in. The artifcial 
ponds also contain foundation species which affect the physicochemical character-
istics of the pond via the microbial communities. Chapters II and III both utilize 
single-cell transcriptomics but with two slightly different library preparation proto-
cols and completely different systems. In short, chapter II utilizes Smart-seq2 on a 
non-axenic culture of Ochromonas triangulata to characterize the gene expression 
of the microeukaryote as well as identify its prokaryotic associates. Expanding on 
the potential of single-cell transcriptomics identifed in chapter II, chapter III uti-
lizes Smart-seq3xpress on the mixotrophic subset of a natural freshwater sample to 
identify the microeukaryotes, characterize their gene expression, as well as identify 
each one’s prokaryotic associates. The different methods used in the three chapters 
are summarised in table 1. 

2.1 Experimental setup and sampling 
For Chapter I, 20 large (15m2) artifcial ponds, situated at the Swiss Federal Institute 
of Aquatic Sciences (Eawag) research facility in Dübendorf, Switzerland were used 
for a full-factorial manipulation of the presence and absence of two foundational 
species: Dreissena polymorpha (referred to henceforth as Dreissena), a freshwa-
ter mussel, and Myriophyllum spicatum (referred to henceforth as Myriophyllum), a 
freshwater plant, with an oligotrophic control and four replicates each. The ponds 
were identical, fberglass-lined, in-ground, and outdoors (Figure 1). Each had a shal-
low end (0.5 m) and a deep end (2.0 m). The ponds with Dreissena received 100 live 
mussels (mean dry biomass without shells = 632.67 mg) and those with Myriophyl-
lum received 100 live macrophytes (mean dry biomass = 19.84 g). The ponds were 
set up and the experiment begun in June 2016. The experiment ended in June 2017. 

Stated simply, there were four ponds each with Dreissena and Myriophyllum 
(henceforth Myriophyllum+Dreissena or MD), only Dreissena (henceforth Dreis-
sena or D), only Myriophyllum (henceforth Myriophyllum or M), and neither (hence-
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Method Study 
Amplicon Sequencing 
Single-cell transcriptome sequencing 
Adapter trimming & QC 
OTU/ASV/ESV calling 
Contaminant removal 
De novo transcriptome assembly 
Read mapping 
Functional annotation 
Diversity analyses 
Dimensionality reduction & Clustering 
Differential expression analysis 
Differential abundance analysis 
Metabolic mapping 
Structural equation modelling 

I, III 
II, III 
I, II, III 
I, II, III 
II, III 
II, III 
II, III 
II, III 
I, II, III 
I, II, III 
II, III 
I, II, III 
II, III 
I 

Table 1. Summary of methods used 

forth Control or C), each of which received fve doses of nutrients in the form of 
nitrates and phosphates. The last remaining four ponds, henceforth oligotrophic 
controls or O, did not have either foundation species and did not receive nutrient 
additions. The effect of the foundation species on microbial community structure 
and ecosystem characteristics were inferred by comparing against the controls. The 
effect of the nutrient additions were inferred by comparing against the oligotrophic 
controls. 

Nutrient disturbance or additions of nitrogen and phosphorus were made in the 
form of KNO3 and K2HPO4 respectively to the frst 16 ponds. No nutrients were 
added to the oligotrophic control ponds. Five nutrient additions were made in in-
creasing concentrations at 2-2.5 week intervals. The phosphorus concentrations were 
10, 20, 30, 40, and 50 µgl-1. Since nitrogen can escape the ponds via denitrifcation, 
nitrogen was added at double the Redfeld ratio or 32 times the molar concentration 
of phosphorus. 

Full-depth samples were collected from each pond in the deep end using a custom-
made Leibold-sampler consisting of a 180 cm long PVC tube (with a diameter of 
5 cm) and a rubber ball attached to a rope passing through it. Samples were taken in 
intervals of weekly to monthly over a period of 13 months. Two different sampling 
schedules existed, one for the 16S and 18S rDNA amplicon sequencing, and another 
for the CO1 gene amplicon eDNA sequencing. After sampling, the water was fltered 
through a GF/F flter (0.7 µ m pore size). DNA was extracted from the flter using 
a xanthogenate nucleic acid isolation [129], phenol:chloroform:isoamyl alcohol ex-
tractions, isopropanol precipitation, and ethanol precipitation. The resulting pellet 
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Figure 1. Overhead view of the experimental ponds, with Dr. Anita Narwani for scale. 

was dissolved in pure water and stored at -20° C. DNA from the eDNA samples, 
which were collected similarly, were extracted using a DNeasy Blood & Tissue Kit 
(Qiagen, Germany) with small modifcations [130]. 

For Chapter II, Ochromonas triangulata, a mixotrophic microeukaryote, i.e, one 
that performs photosynthesis as well as preys on bacteria in its environment, was 
studied. To maintain its access to prey as well as other bacteria it interacts with, 
Ochromonas triangulata cells (strain RCC21) were maintained as unialgal but non-
axenic (i.e., not single species) cultures in flter-sterilized K/2 medium [131; 132]. 
The cultures were kept serially at 18° C and 12 hour photoperiod by diluting 10X 
every 10 days. 

Samples were taken at two time points; one, two days after refreshing (or dilut-
ing) in a fast-growth phase, and two, eleven days after refreshing (or diluting) in a 
slow-growth phase. Samples from both growth phases were independently stained 
with LysoSensor Blue DND-167 (Invitrogen) and sorted using a MoFlo Astrios EQ 
cell sorter (Beckman Coulter). Cells were selected based on chlorophyll a signal, 
indicative of photosynthesis, and LysoSensor signal, indicative of viable cells with 
food vacuoles. These cells were deposited into 384-well PCR plates (kept at 4° C and 
containing 2 µl of lysis buffer), immediately spun down, and then stored at -80° C. 

For Chapter III, natural water samples were collected from lake Långsjön (Stock-
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holm, Sweden) in oligotrophic and clear water conditions. The water was fltered 
on-site through a 42 �m net and acclimatized in fve litre glass bottles for two days 
under a 14 hour photoperiod. After acclimation, half the sample was subjected to 
a shading treatment (with only 7.5% of acclimation irradiance) while the other half 
continued in acclimation conditions. Samples (250 mL) were taken at four time in-
tervals, one just before the onset of shading, and the others six hours, 24 hours, and 
48 hours after. 190 cells per treatment per time-point were sorted based on simul-
taneous signals for SYBR Green II, chlorophyll autofuorescence, and LysoSensor 
Blue, to select for putative mixotrophic microeukaryotes. 

2.2 Library preparation and sequencing 
For chapter I, the 16S and 18S regions were PCR-amplifed using primer sequences 
listed in supplementary table 1 of chapter I resulting in fragments of 464 bp and 
576 bp respectively [133; 134]. The primers include random nucleotide frameshifts 
to enhance the sequencing performance. PCR for 16S amplicons was done using 
a QIAGEN Multiplex PCR Master Mix (Catalogue No. 206145). PCR for 18S 
amplicons was done using the Phusion polymerase (Catalogue No. M0535L). The 
samples were indexed using an Illumina Nextera XT index kit and sequenced on an 
Illumina MiSeq machine in 300 bp paired-end mode. 

The CO1 gene from the eDNA sampling was amplifed using established de-
generate primers to yield a 313 bp fragment [135; 136]. PCR was done using the 
AmpliTaq Gold polymerase (Thermo Fisher Scientifc, USA). The samples were in-
dexed using an Illumina Nextera XT index kit and sequenced on an Illumina MiSeq 
machine in 300 bp paired-end mode. 

For chapter II, the Smart-seq2 protocol was used to prepare single-cell transcrip-
tomic libraries for the 768 single cells in two 384-well PCR plates [137]. Smart-seq2 
enables the full-length cDNA generation from single-cells with high sensitivity and 
accuracy, all using standard reagents [137]. The lysis agent was 0.2% Triton-X100 
(Sigma) and the reverse transcriptase was 5U/µl SuperScript II Reverse Transcriptase 
(Invitrogen). Following reverse transcription, the resulting cDNA generated were 
pre-amplifed (using PCR), here using a KAPA HiFi HotStart Ready Mix (Roche). 
Next, tagmentation (or the simultaneous DNA fragmentation at random sites and 
adapter ligation) was done with the enzyme Tn5 transposase in the Nextera XT kit 
(Illumina) to prepare the sequencing libraries. The two pooled libraries, one from 
each 384-well PCR plate, were sequenced on separate lanes of an Illumina NovaSeq 
6000 SP v1.5 machine in 150 bp paired-end mode. 

For chapter III, the Smart-seq3xpress protocol was used to prepare single-cell 
transcriptomic libraries for the 1,520 cells in four 384-well PCR plates [138]. Smart-
seq3 improved upon the Smart-seq2 protocol by incorporating 5’ Unique Molecu-
lar Identifers (UMI) and improving sensitivity [139]. Smart-seq3xpress improved 
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upon Smart-seq3 by shrinking the protocol so smaller quantities of the reagents are 
needed [138]. The molecular steps in the protocol are similar to Smart-seq2 except 
for the addition of UMIs in the reverse transcription step. The single-cell transcrip-
tomic library prep for this study were outsourced to Xpress Genomics (Stockholm, 
Sweden) who also did the sequencing on separate lanes of DNBSEQ-G400 sequenc-
ing machine (MGI Tech, Shenzhen, China) in 150 bp paired-end mode to obtain 
approximately 1 million sequence reads on average. 

2.3 Computational analyses 
Amplicon sequencing involves the PCR amplifcation of a small target sequence of 
DNA. In chapter I, it was used to amplify fragments of the 16S SSU rRNA, 18S 
SSU rRNA, and CO1 genes from microbial communities. Due to the hypervariable 
regions present in these genes, amplicon sequences can be used to taxonomically 
identify the microeukaryotes and the prokaryotes. Assuming no PCR bias, i.e. the 
polymerase did not selectively amplify some sequences more than others, the number 
of amplicon sequence variants (ASVs) or sequences of the same kind can be used 
as a proxy for the number of that particular microbe in the community. Since the 
whole sample is processed, the data obtained this way contains the information for 
all the eukaryotes and prokaryotes present in the community (or at least those that 
were fltered and lysed). However, information about individual microeukaryote-
prokaryote interactions is lost in the process. 

nf-core is a community effort to collect and share analysis pipelines built us-
ing Nextfow, a workfow tool for data-driven scientifc workfows [140; 141]. The 
pipelines in nf-core are useful for well-documented replicable end-to-end analysis of 
sequencing data. One such analysis pipeline, relevant to amplicon sequencing data, 
is ampliseq [103]. The ampliseq pipeline includes primer trimming using cutadapt, 
quality evaluation using FastQC, ASV inference using DADA2, and reporting using 
MultiQC [142; 143; 58; 144]. Modules for downstream analyses like diversity anal-
ysis, differential abundance, and function prediction are available, but these analyses 
were done separately and not as part of the pipeline in this study. 

Single-cell transcriptomics using full-transcript sequencing (like the Smart-seq2 
and Smart-seq3xpress protocols) yields primarily sequence reads corresponding to 
random fragments of the full-length of the cDNA representing all the mRNA in the 
individual cells. These reads can be assembled together to obtain the full-length 
mRNA sequences. The number of reads (or the UMIs for more precision) so obtained 
are used as a proxy for the number of those mRNA sequences present in the cell, and 
consequently as a proxy for the relative number of the protein encoded by that mRNA 
and the activity of the function performed by the resulting protein. Read counts are 
adjusted for the length of the mRNA sequence, since long mRNAs can produce more 
fragments. It is assumed that each mRNA produces relatively the same number of 
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proteins before degrading. 

rRNA constitutes the overwhelming majority of the RNA present in the cells. 
The scRNAseq protocols mentioned above target only the mRNA in the cells using 
oligo-dT primers which attach to the poly-A tails of the mRNA. Despite this mRNA 
targeting, the sheer amount of the rRNA in a cell results in many fragments of the 
rRNA accumulating in the sequencing library. Although rRNA contains little in-
formation about cellular function beyond relative levels of transcriptomic activity, 
parts of this rRNA, as described above, can be used to identify the microbe bear-
ing the rRNA. In chapters II and III, this carryover rRNA was used to identify the 
microeukaryote as well as its individual-level prokaryotic associates. 

2.3.1 Adapter trimming and quality check 

After base calling by the sequencers, the sequencing data is provided to the end user 
almost universally in the FastQ format which consists of the DNA read sequence 
and corresponding to each of the nucleotide base call in the read sequence, a quality 
score. The per base quality score indicates the confdence in the base call based on 
a sequencing technology dependent statistical model. These sequence qualities can 
be summarised and visualized across all the reads of the sample using FastQC [143]. 
Summary reports like this can be used to identify and rectify systematic errors in 
sequencing. Reports like this can be summarised across all samples, and even across 
multiple analyses and checks, using MultiQC [144]. 

In library preps for next-generation sequencing (NGS) experiments, like those 
described here, adapters are key components of the workfow. Adapters are short 
pieces of DNA which attach to the DNA fragments, that are to be sequenced, on 
either side. Adapters enable them to bind to the sequencer’s fow cell’s solid sur-
face. They also contain primer sites for the PCR primers or sequencing primers to 
bind to as well as indexes or barcodes that are unique to samples/plate wells so mul-
tiple samples can be pooled and sequenced together. While adapters are essential 
for sequencing, they are unnecessary and potentially error-inducing in downstream 
analyses. Therefore, after demultiplexing (or separating sequence reads based on the 
sample-specifc indexes) the data, the adapters are trimmed from the reads. Many 
tools exist for trimming adapters and low quality bases from the ends of the reads 
such as Cutadapt [145], Trimmomatic [146], fastp [147], Trim Galore! [148], BBmap 
BBduk [149], AdapterRemoval [150], chopper [151] and dozens more. In chapter I, 
adapters and low quality bases were trimmed using Cutadapt (as part of the nfcore 
AmpliSeq pipeline), usearch, and prinseq-lite [145; 152; 153]. In chapters II and III, 
adapters and low quality bases were trimmed using Trim Galore! and Cutadapt. 
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2.3.2 OTU/ASV calling 

OTU/ASV calling is the process of determining the taxonomic origin of a sequence 
and is based on the assumption that the target sequence (like 16S, 18S, CO1) con-
tains variable regions that are specifc to individual species. In essence, one might 
take the specifc DNA sequence of the 16S gene in a microbe, look it up in a database 
of 16S gene sequences, and identify that this sequence belongs to, for example, the 
E. coli bacteria. In microbiome research, two main strategies have been used to do 
this: Operational Taxonomic Units (OTUs) and Exact Sequence Variants (ESVs), 
most commonly used in the form of Amplicon Sequence Variants (ASVs) obtained 
from the DADA2 tool. Tools for generating OTUs include usearch [152; 60] and 
vsearch [154]. Tools for generating ESVs include DADA2 (ASV) [58], Deblur 
(sOTU) [59], and UNOISE2 (zOTU) [60]. 

The OTUs and ASVs generated all need reference databases to look up sequences 
in to assign the taxonomy. Reference databases for the 16S rRNA gene in prokary-
otes include SILVA [47], Genome Taxonomy Database (GTDB) [48], Ribosomal 
Database Project (RDP) [49], and Greengenes2 [50]. Reference databases for 18S, 
ITS, and CO1 genes in eukaryotes include Protist Ribosomal Reference (PR2) [51], 
UNITE [52], coidb [53], PhytoREF [54], and EUKARYOME [55]. Aside from taxa 
calling for amplicon sequencing data which relies on taxonomic databases mentioned 
above, there exist tools like Kraken 2, Diamond, and FastQ Screen that can be used to 
search sequences against large repositories of genomes to determine the taxonomic 
origin of the sequences [155; 156; 157]. These can use as reference databases the 
complete genomes in RefSeq or the BLAST nt and nr databases. 

In chapter I, ASV calling was done for 16S, 18S, and CO1 genes using DADA2, 
DADA2, and UNOISE2 respectively, using as references SILVA, PR2, and Barcode 
of Life Data Systems (BOLD) databases respectively. In chapters II and III, the 
rRNA reads were frst separated out from the rest using RiboDetector and then used 
for ASV calling using vsearch against the SILVA and PR2 databases [158]. The 
RiboDetector and vsearch workfow for taxa calling in scRNAseq data was validated 
in chapter II by the accurate identifcation of Ochromonas triangulata. Trimmed 
reads were also fltered using Kraken 2 to keep only unclassifed reads, since most 
microeukaryote sequences are absent from standard databases. 

2.3.3 Contaminant removal 

Independent studies have shown that sample handling, especially DNA handling, in 
the laboratory can incur human-associated and laboratory contaminants from ultra-
pure water, culture media, PCR reagents, and DNA extraction kits themselves [159; 
160; 161; 162; 163; 164; 165; 166]. It is important to remove contaminating se-
quences from the data and the contaminants from the analysis results in order to cor-
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rectly identify the microbes under study and infer the correct associations between 
microeukaryotes and prokaryotes. To this end, a table of common human-associated 
and laboratory contaminant genera and families of bacteria was prepared. Taxonomy 
tables of the samples under study were fltered using this contaminant or ”kitome” 
table to rid contaminants from downstream analyses [159]. 

Additionally, the non-rRNA reads in the single-cell transcriptomics data were 
put through Kraken 2 to identify contaminants. The reference database consisted of 
NCBI taxonomic information, as well as the complete genomes in RefSeq for the 
bacterial, archaeal, and viral domains, along with the human genome, and a collec-
tion of known vectors (UniVec Core). A confdence score threshold of 0.60 was 
used [167]. This enabled the fltering out of potentially contaminating DNA from 
human handling of samples in laboratory as well as ambient bacterial, archaeal, and 
viral contaminants. 

2.3.4 de novo transcriptome assembly and read mapping 

Adapter and quality trimming of the raw data from short-read single-cell transcrip-
tomics yields millions of short sequence reads of length 150 bp. Short reads are a 
consequence of the choice of sequencing technology, for example Illumina NovaSeq 
short reads vs PacBio long reads. The aim of transcriptome assembly is to deci-
pher the origin of the short reads and rearrange them together to form the original 
transcript sequence [168]. This is usually achieved by identifying overlaps between 
reads1 and arranging them accurately to form contiguous sequences or contigs. Tran-
scriptome assembly is most commonly done using k-mers2 and De Bruijn graphs 
(directed acyclic graphs representing overlaps between sequences of symbols like 
k-mers). All the k-mer subsequences (with different choices of k) from each read 
are identifed, tabulated, and stored as nodes in the De Bruijn graph. Edges are 
drawn between nodes with exactly k-1 overlap. Long paths through such a De Bruijn 
graph represent contigs. This, in addition to handling edge cases of isoforms etc., 
is done by numerous transcriptome assemblers like Trinity [169], rnaSPAdes [170], 
SOAPdenovo-Trans [171], Oases [172], Trans-ABySS [173], IDBA-tran [174], and 
RNA-bloom [175]. However, long-read sequencing, already in 2011, was thought 
to generate reads longer than transcripts and obviate the need for transcriptome as-
sembly in the near future [176]. With improvements in the quality of long-read se-

1Overlaps between reads from the same transcript in a cell are possible due to the cDNA amplif-
cation and tagmentation done in library prep. cDNA amplifcation ensures multiple full copies of the 
transcript are available for tagmentation where random cuts are made in these copies. The random cuts 
ensure that the same transcript sequence can yield different reads with partial overlaps. 

2k-mers are oligonucleotides of length k. Think of it as a polymer of nucleotides. Polymer of one 
nucleotide would be a monomer, of two nucleotides would be a dimer, and of k nucleotides would be a 
k-mer. 
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quencing technologies from PacBio and Oxford Nanopore as well as new long-read 
sequencing technologies from Roche and MGI Tech, long-read scRNAseq might ac-
tually obviate transcriptome assembly [177]. 

The quality of the assembly can be assessed in various ways to ascertain differ-
ent aspects of it. The fragmentation, or lack thereof, of the assembly can be assessed 
using the N50 and Ex90N50 statistics [178]. The N50 length statistic implies that 
50% of the assembled transcript nucleotides are found in contigs that are of at least 
N50 length. The Ex90N50 statistic is the N50 statistic limited to the most expressed 
transcripts representing 90% of expression. The read representativeness of the as-
sembly can be assessed by aligning the reads against the assembly using an aligner 
like bowtie2 [179]. The completeness or near-completeness of the the transcripts 
assembled can be assessed by BLAST-ing the sequences against all known proteins 
and determining the number of unique top matching proteins that align across more 
than a given proportion of their length. Finally, the completeness of the assem-
bled transcriptome can be assessed by how many conserved orthologous genes are 
are present in the assembly, using tools like BUSCO and compleasm and databases 
of conserved genes from orthoDB [180; 181; 182]. The contiguous sequences as-
sembled do not necessarily represent mRNA transcripts in the cell since they could 
contain isoforms, splice variants, non-coding regions etc. Thus, the contigs were pro-
cessed through TransDecoder to get the longest isoforms and open reading frames 
and clustered using CD-HIT to keep only the representative sequences [183; 184]. 

Read mapping here refers to the alignment of reads to the assembled transcripts 
and then using this alignment to estimate the abundance of each transcript in the cell, 
or in other words to quantify the gene expression. Read alignment can be done us-
ing tools like bowtie [185], bowtie2 [179], and STAR [186] and then counted using 
RSEM [187] (RNA-seq by Expectation-Maximization). This can also be done in a 
single step by performing pseudoalignment using k-mers, instead of comparing every 
read against every transcript, with tools like Kallisto [188] and Salmon [189]. The 
UMIs or Unique Molecular Identifers can be used to more accurately quantify the 
gene expression [190]. Read counts are normalized by transcript length and library 
size or the total reads per cell to yield metrics like transcript per (kilobase) million 
(TPM) or fragments per kilobase million (FPKM). RNAseq data is compositional, 
i.e, measures of expression of genes are relative to the whole sample of gene expres-
sion. Thus, to adjust for some cells expressing some genes that are not expressed in 
others and still be able to compare expression of individual genes across samples, a 
normalization of weighted trimmed mean of the log expression ratios (trimmed mean 
of M values (TMM)) can be used [191]. 
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2.3.5 Functional annotation of transcripts 

de novo transcriptome assembly yields us sequences representing transcripts in the 
cell, but these still contain no information on what genes these transcripts repre-
sent or what proteins they encode. The most common strategy for gene/protein 
identity assignment and functional annotation of sequences is homology search. 
This usually means sequence homology search using tools like BLAST [192] or 
Diamond [156] against databases like the UniProt/Swiss-Prot [193] or NCBI Ref-
seq [194] or UniRef [195]. Structure homology is a newer strategy enabled by the 
recent advances in deep learning models that can predict secondary and tertiary pro-
tein structures from just the protein sequences. By utilizing the tertiary structures 
of the proteins encoded by the assembled transcripts, predicted using models like 
AlphaFold2 [196], RoseTTAFold [197], and ESMFold [198], and performing struc-
tural search using tools like Foldseek [199] against databases of protein 3D structures 
obtained empirically like in the Protein Data Bank (PDB) [200] or predicted using 
state-of-the-art models like in AlphaFold Protein Structure Database [201] (which 
contains high-confdence predicted structures of all the proteins in UniProt/Swiss-
Prot), we can assign protein identity using structural homology. 

Following protein identity assignment using sequence or structure homology, the 
process of annotating transcripts continues with ontology3, orthology4, and protein 
family assignment, all of which associate some form of biological function or process 
to the transcript or protein. These functions can be obtained from sequence identity, 
assigned above, using various publicly available databases or via specifc tools like 
Blast2GO for Gene Ontology [205], KofamScan (github.com/takaram/kofam scan) 
or KofamKOALA for KEGG Orthology [206], and InterProScan for domains, func-
tional sites, and protein family annotation [207; 208]. Functional annotation like 
Gene Ontology and Enzyme Commission (EC) numbers can also be assigned to pro-
teins based on their 3D structures using tools like DeepFRI [209]. Other tools for 
functional annotation or sequence feature detection include SignalP for signal pep-
tide identifcation [210], DeepTMHMM for predicting transmembrane domains [211], 
Infernal for RNA secondary structures [212], and eggNOG-mapper for functional 
annotation across multiple databases [213]. Functional annotation using multiple 
tools and databases mentioned above are combined in annotation suites like Trino-
tate [178]. 

3Gene Ontology, in the three key biological domains of Cellular Component, Molecular Function, 
and Biological Process, provides a biologically meaningful annotation of genes and gene products in a 
large number of organisms [202; 203]. 

4KEGG O or Kyoto Encyclopaedia of Genes and Genomes Orthology is a set of databases and a 
mechanism to link gene and protein orthologs to cellular metabolic enzymatic pathways, independent 
of organism [204]. 
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2.3.6 Diversity analyses 

As a result of ASV calling, we obtain, one, an ASV counts table containing samples 
on one axis and ASVs on the other, two, a taxonomy table containing ASVs on one 
axis and the different taxa5 on the other, and optionally three, a phylogenetic tree. 
Combining this with a third table of metadata, containing variables/covariates like 
sampling time, treatment condition, phosphate levels etc., nets us all the data in neat 
tabular forms for all downstream analyses like the measurement and comparison of 
diversity across treatments and time. Most of the analyses preceding this were done 
on supercomputers. Most of the analyses downstream, including diversity analyses, 
were done on desktop computers with the R programming language [214]. Diversity 
analyses were done using the vegan package in R [215]. 

Alpha diversity is the diversity of species in a particular locality or sample [73]. 
It covers two important diversity characteristics of a sample–species numbers and 
relative importances–and therefore can be measured either as species richness of the 
community in terms of number of species or as evenness or concentration of dom-
inance of species in the community in terms of diversity indices like the Shannon 
index or the Simpson index. The different measures or indices of alpha diversity 
can be thought of as special cases of a unifed diversity equation with different Hill 
numbers [216; 217]. In analyses of interventional or experimental microbial commu-
nities, one is generally interested in the difference in alpha diversity of communities 
under different treatment conditions or over time. 

Beta diversity or between-habitat diversity is the change of (number of) species 
along environmental gradients. Depending on whether the abundance of microbes 
(as opposed to only presence/absence) and the phylogenetic relationships between 
the microbes are considered, there are many different measures of distance or beta 
diversity between samples that can be used, for example Euclidean distance, Jaccard 
distance, Bray-Curtis dissimilarity, UniFrac and Weighted UniFrac distances, and 
Aitchson distance. 

Gamma diversity is the total diversity in all samples combined. This is rarely 
used in microbiome analyses. 

Redundancy analysis (RDA) is a multivariate statistical technique that is, here, 
used to understand the relationships between the microbial communities and the 
treatment or environmental conditions. RDA can be used to infer how well and 
how much individual relevant covariates explain the variance in the ASV table. 
Distance-based RDA (dbRDA) and permutational multivariate analysis of variance 
(PERMANOVA) can be used to compare groups of samples and to assess whether a 
treatment or environmental condition explains differences in the species abundances. 

5namely Kingdom, Phylum, Class, Order, Family, Genus, and Species for the prokaryotes [47] 
and Domain, Supergroup, Division, Subdivision, Class, Order, Family, Genus, and Species for the 
eukaryotes [51]. 

25 



Aditya Jeevannavar 

2.3.7 Dimensionality Reduction and Clustering 

The result of ASV calling is a normalized ASV counts table that has samples on 
one axis and ASVs on the other. Considering we had 20 sampling ponds sampled 
across 20 sampling time points, ponds with hundreds of different microorganisms, 
such a table can be very high dimensional. The most common strategy to visu-
alize such a high dimensional dataset is a dimensionality reduction technique like 
Principal Component Analysis (PCA) and plotting the frst two principal compo-
nents as scatter plots. Other such techniques include Canonical Correlation Analysis 
(CCA), Non-metric Multi-Dimensional Scaling (NMDS) and distance-based Redun-
dancy Analysis (dbRDA). Such analyses and statistical testing using PERMANOVA 
can be done using the vegan package in R [215; 214]. 

Similarly, the result of read mapping is a normalized read counts table that has 
samples on one axis and transcripts on the other. Considering we had 644 and 1,520 
samples here and hundreds of thousands of transcripts, many thousands of which 
were functionally annotated, such a read counts table can be very high dimensional, 
more so than ASV tables. Dimensionality reduction of data is done using non-linear 
techniques like t-distributed Stochastic Neighbor Embedding (t-SNE) or uniform 
manifold approximation and projection (UMAP) [218; 219]. 

Analogous to how mammalian single-cell transcriptomic studies produce dimen-
sionally reduced visualizations of the gene expression of different cell types and 
use unsupervised clustering to identify cell types and subtypes, in environmental 
single-cell transcriptomic studies, we can visualize the gene expression of different 
species populations and use unsupervised clustering to identify populations and sub-
populations. In chapter II, since we had only one species and expected only two 
transcriptomic sub-populations, we used a simple DBSCAN to cluster the cells. In 
chapter III, due to the increased number of populations and sub-populations, we 
clustered the samples using shared nearest-neighbour (SNN) graphs or hierarchical 
clustering. 

2.3.8 Differential Expression and Abundance Analyses 

Differential expression analysis (DEA) and differential abundance analysis (DAA), 
which refer to the measurement of change in gene expression and species (or any 
other taxonomic level) abundance respectively as a result of changing environmental 
conditions, are the primary goals of hypothesis-based transcriptomic and amplicon 
sequencing studies respectively. In both de novo transcriptome assembly and ASV 
calling, it is essential to process the samples together, i.e., pool reads from the same 
species and assemble de novo together and ASV call and cluster amplicon reads to-
gether respectively, in order to make differential expression and abundance analyses 
possible. The two analysis methods are described together here because they share 
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many similarities. Read mapping/counting transcriptomic data and ASV calling am-
plicon data both yield compositional (i.e. relative measures of gene expression and 
species counts as compared to the whole samples) and sparse (i.e. high number of 
zeroes in the table because not all genes are expressed in all conditions and not all 
species are present in all samples) data that have samples on one axis and genes or 
ASVs on the other. The gene expression or ASV count tables together with sample 
metadata like treatment conditions and environmental covariates like temperature 
and turbidity are data necessary for the two analyses. 

There are dozens of R packages available to perform differential expression and 
abundance analyses which differ in the way they handle the compositional and sparse 
nature of the data and what they assume the underlying distribution of the expression 
or abundance to be. Sparse or zero-infated nature of the data is mitigated by the use 
of over-dispersed count models or zero-infated count models or by zero imputation 
using Bayesian models to estimate values or adding a small pseudo-count to all ze-
roes. Compositional nature of the data is mitigated by normalizations like Trimmed 
mean of M-values (TMM) normalization, Relative log expression (RLE) normal-
ization, Cumulative sum scaling (CSS), Centered log-ratio transformation (CLR) 
normalization, or Geometric mean of pairwise ratios (GMPR) normalization. The 
underlying distribution of the data is generally assumed to be negative binomial, 
beta-binomial, normal, or log-normal. Packages in R to perform these analyses in-
clude DESeq2 [220], LinDA [221], ANCOM-BC [222], ALDEx2 [223], MaAsLin 
2 [224], edgeR [225], limma [226], corncob [227], eBay [228], sccomp [229], Cuffd-
iff2 [230], NOIseq [231], and sleuth [232]. Any single tool may not be perfect for 
identifying differentially expressed genes or differentially abundant taxa due to im-
perfect ftting of the data to the tool’s assumed distribution or normalization and zero-
handling strategy. So, it is suggested to use the consensus among fve tools/methods 
to ensure robust biological interpretations [233; 234]. A recent study also found that 
elementary methods like Wilcoxon tests or linear regression/t-tests were more con-
sistent and sensitive than more widely-used packages like those listed above [235]. 

2.3.9 Metabolic Mapping 

Information on the expression of individual genes is obtained from the combination 
of functional annotation of transcripts and read mapping/counting. Information on 
which of the above genes (in the form of a list) are differentially expressed is obtained 
from differential expression analysis. But, practical insights into what this means 
inside the microeukaryote cells biochemically, enzymatically, or metabolically are 
missing. In chapters II and III, such insights were gained by mapping the expressed 
genes, especially the differentially expressed genes, onto KEGG Orthology maps 
using an R package called Pathview [204; 236]. Pathway maps from KEGG Orthol-
ogy database were chosen because microeukaryotes are often not well-studied and 
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consequently do not often have species specifc pathways available. By mapping 
differentially expressed genes between, for example, different treatment conditions, 
one can quickly and easily visualize which genes in which metabolic pathways are 
upregulated in which conditions. After inferences are made, the maps can then be 
rendered for more aesthetic presentation with tools like GraphViz [237] or vector 
image editors like InkScape. 

Gene Set Enrichment Analysis (GSEA) is an analysis with a similar outcome of 
identifying metabolic functions that are upregulated or downregulated in one con-
dition compared to another. GSEA with a pre-ranked list involves pathways or 
metabolic functions being represented as gene sets and the gene expression as ranked 
list of genes ordered based on the expression level change between conditions. GSEA 
then checks if a given gene set is overrepresented at either end of the ranked list of 
genes. This analysis is particularly useful to examine if any particular gene ontolo-
gies are enriched in particular treatment conditions. In chapters II and III, this was 
performed using the R package fgsea [238]. 

2.3.10 Structural Equation Modelling 

Results from most of the analyses described here are based on correlations and as-
sociations. In order to perform causal hypothesis testing, in chapter I, we used 
a form of confrmatory path analysis called a structural equation model (SEM) to 
resolve complex multivariate relationships between treatments, environmental vari-
ables, prokaryotic and microeukaryotic community compositions, and biomass prox-
ies. The R package piecewise SEM (or pSEM) enables using linear mixed effects 
models to explain each endogenous biotic and abiotic variable and accounting for 
random effects and temporal auto-correlation of dependent variables. Multiple dis-
tinct attempts were made to understand the effects of nutrient additions as well as 
the mediation of the foundation species in the realisation of these effects. Models 
with endogenous and exogenous variables represented as measured values, change 
in measured values from the start of the experiment, and changes or rates of change 
from previous sampling state, were tested. Changes in community composition from 
previous sampling point best explained the hypothesised model. 
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3 Results 

3.1 Selection on prokaryotic community stabilizes al-
ternative eutrophic state in nutrient-disturbed ponds 

Eutrophication due to nutrient disturbance can cause major changes to aquatic ecosys-
tems. Invasive foundation species, even if used as ecosystem management instru-
ments, can, individually and interactively, have unexpected effects like stabilizing 
algal blooms. In this study, artifcial ponds were sampled to test the interactive effect 
of two foundation species on a freshwater ecosystem’s response to nutrient distur-
bances. Longitudinal samples of water were taken to flter out microbes for 16S 
and 18S rRNA gene amplicon sequencing, and to flter out eDNA for CO1 gene 
amplicon sequencing. Ecosystem dynamics were measured in terms of alkalinity, 
conductivity, dissolved nitrogen, dissolved oxygen, pH, dissolved phosphorus, and 
turbidity. A previous study on the same experimental study system measured phyto-
plankton trait evenness (using fow cytometry and machine learning), algal biomass 
stoichiometry, and zooplankton abundance to study the same interactive effect, but 
without species-level resolution of the microbial communities [91]. 

Only the prokaryotic communities responded systematically to 
nutrient disturbance and foundation species 

Nutrient disturbance, representing eutrophication or the gradual build-up of phos-
phorus, nitrogen, and nutrients in aquatic ecosystems, led to a strong directional 
shift in the prokaryotic community composition (Figure 2A). The rate of change of 
prokaryotic community composition was highest during the nutrient disturbance and 
was stabilised post-disturbance. In contrast, the eukaryotic community composition 
shifted stochastically as a result of the nutrient disturbance (Figures 2B 2C). Variance 
among the replicates’ eukaryotic communities and the rate of change of their com-
positions remained high throughout the sampling schedule: pre-disturbance, during 
disturbance, post-disturbance, and the subsequent winter. While there existed domi-
nant families of prokaryotes before and after nutrient disturbance, no such dominance 
was observed among the eukaryotes. 

The presence of the two foundation species, individually or in combination, af-
fected the prokaryotic communities’ trajectories (Figure 2A). PERMANOVA was 
used to determine that the fnal compositions of the prokaryotic communities were 

29 



Aditya Jeevannavar 

-2

-1

0

1

-1 0 1

dbRDA CAP0 (7.89%)

db
R

D
A

 C
A

P
1 

(4
.3

7%
)

R2
= 0.3, p = 0.005 R2

= 0.24, p = 0.231

-2

0

2

-2 0 2 4

dbRDA CAP0 (3.04%)
db

R
D

A
 C

A
P

1 
(1

.2
8%

)

R2
= 0.29, p = 0.048

-2

0

2

-2 0 2

dbRDA CAP0 (4.58%)

db
R

D
A

 C
A

P
1 

(2
.1

4%
)

Pre Disturbance Disturbance

WinterPost Disturbance

Observation

Treatment Control Dreissena

Myriophyllum Dreissena + Myriophyllum

A B C

Figure 2. Mean community trajectory visualized after RDA for (A) prokaryotes via 16S, and 
micro-eukaryotes via (B) 18S and (C) COI amplicon sequencing. 

signifcantly different depending on the combinations of the two foundation species 
present. However, no such directional effect was seen on the eukaryotic communi-
ties’ trajectories or their fnal compositions (Figures 2B 2C). The prokaryotic com-
munities were more stable, had multi-week trends, and appeared to converge to a 
steady state post-disturbance, whereas the eukaryotic communities were unstable, 
varied week-to-week, and did not converge. 

Prokaryotic community composition covaries with environment 

When considering both exogenous (dissolved N2 and P) and endogenous (dissolved 
O2, turbidity, pH, alkalinity, conductivity) factors, changes in ecosystem-level prop-
erties correlated highly with changes in prokaryotic community compositions. The 
correlation was lower for eukaryotic communities. The highest correlations of changes 
between prokaryotic communities and the environment (as well as the biggest differ-
ences between these correlations for prokaryotic and eukaryotic communities) was 
observed in oligotrophic ponds followed by ponds with both Dreissena and Myrio-
phyllum or with only Myriophyllum. 

Presence of both foundation species infuences most ecosystem 
properties post-disturbance 

At the beginning of the experiment, all the ponds had clear water, oxygen levels 
close to saturation, and low phosphorus and nitrogen levels. As the nutrient sup-
plements were added, phosphorus levels increased steadily and remained high even 
after the supplements stopped, especially for the ponds with both foundation species. 
The supplemented nitrogen, however, was absorbed quickly and remained scarce 
throughout. The nutrient supplements led to supersaturation of oxygen and turbid 
waters. In oligotrophic ponds, phosphorus and nitrogen was scarce throughout re-
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sulting in clear water and oxygen levels close to saturation throughout as well. 

The nutrient disturbance caused a destabilization of the prokaryotic community 
composition, i.e., a higher successive change in community composition from its 
previous state. Post-disturbance, the prokaryotic community composition was sta-
bilized, or the successive change was reduced, especially for the ponds with both 
Dreissena and Myriophyllum and less so for ponds with either one present alone. 

Hypothesised causal relationships between the foundation species’ presence, prokary-
otic and eukaryotic communities, and endogenous and exogenous ecosystem proper-
ties were investigated using piecewise structural equation modelling. Post-disturbance, 
after the treatment had time to affect the system, the presence of both Dreissena and 
Myriophyllum had a signifcant negative effect on the successive change in prokary-
otic community composition, indicating a stabilizing effect (Figure 3). The prokary-
otic community change directly affected the eukaryotic community change. The 
foundation species and community structure further affected biomass properties like 
total phytoplankton, chlorophyll a, and total cell concentration. All of these, in turn, 
affected endogenous ecosystem properties like dissolved oxygen levels and pH. The 
structural equation model best explained the variance of these endogenous ecosystem 
properties (Figure 3). 

In this study, it was possible to determine that the individual and interactive ef-
fects of nutrient disturbance and foundation species on aquatic ecosystems are medi-
ated by prokaryotic and eukaryotic communities. However, the mechanistic details 
of this mediation and the contribution of individual microbial taxa is uncertain. Deci-
phering these details required a new type of methodology, focussing on cellular het-
erogeneity and functional behaviour of individual microbial community members, 
prototyped in chapter II. 
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Figure 3. The best ft structural equation model for the time interval post nutrient additions 
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3.2 Metabolism and prokaryotic associates’ composi-
tion of Ochromonas triangulata varies by growth 
stage 

Microeukaryotes are complex organisms and perform various ecosystem functions 
under different environmental conditions. Chapter II involves our investigation of the 
metabolism and interactions of microeukaryotes at the single-cell level. Non-axenic 
cultures of Ochromonas triangulata were sampled at an early fast-growth stage and 
a late slow-growth stage (Figure 4A). 380 cells from each sample were sorted based 
on chlorophyll a and LysoSensor Blue markers. Single-cell transcriptomic libraries 
were prepared using the Smart-seq2 protocol. Thus, we obtained FACS data as well 
as sequence reads from full-length transcripts of individual cells. Reference genome 
for another species from the same genus was available, but very few reads mapped 
to this reference. Therefore, de novo transcriptome assembly and annotation was 
performed. 

Core metabolic activity occurs in three distinct levels among the 
two sampled stages 

Transcriptome assembly by pooling reads from all the O. triangulata cells, fltering 
out contigs that were present in only one cell (indicative of misassembly), and fl-
tering out cells that have too few reads or are not representative of the assembled 
transcriptome yielded gene expression that clustered clearly into three groups: the 
two expected expression clusters of fast-growing and slow-growing cells, and a third 
unexpected expression cluster which we referred to as the uncharacterised cluster 
(Figure 4B). Comparing the gene expression among the three clusters in a pairwise 
manner yielded 538 differentially expressed genes, most of which had high expres-
sion in the fast-growing cluster, intermediate expression in the slow-growing cluster, 
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and low expression in the uncharacterised cluster. 
Metabolic mapping against the KEGG Orthology pathways detected the three 

distinct levels of expression among four main pathway families: transcription and 
translation, carbohydrate metabolism, photosynthetic activity, and endocytosis and 
lysosomal activity. Downregulation of genes in transcription and translation asso-
ciated pathways agrees with the overall lower gene expression seen in the unchar-
acterised cells. Widespread downregulation of genes involved in carbon catabolism 
related pathways is indicative of a harsher energy landscape and worse cell mainte-
nance for the uncharacterised cells (Figure 5A). Higher expression, in fast-growing 
cells, of genes involved in chlorophyll a synthesis and carbon fxation is indicative 
of the early fast-growth in O. triangulata being powered by photosynthesis (Fig-
ures 5B & 5C). Lastly, higher expression of lysosomal proteases in fast- and slow-
growing cells is indicative of active lysosomal digestion in growing cells, but absent 
in the uncharacterised cells. Altogether, one possible explanation of the uncharac-
terised cells is that they are close to dormancy or cyst forming/breaking leading to 
observations of lower transcriptional activity and cellular metabolism. 

Structural homology analysis upholds sequence homology-based 
inferences 

Structural homology based annotation of predicted proteins folded using ESMFold 
yielded a much higher number of annotated transcripts compared to sequence homol-
ogy, but these transcripts still represented a similar quantity of sequenced reads as the 
sequence homology based annotated transcripts. Pairwise comparison across clus-
ters yielded 1,397 differentially expressed genes, a higher number than DEA based 
on only sequence homology based annotation. Metabolic mapping against KEGG 
Orthology pathways again detected differential expression in a similar set of path-
ways, upholding previous inferences, and additionally detected two new differential 
pathway families: cell cycle and oxidative stress. Identifcation of differential expres-
sion in these pathways was also bolstered by enrichment of associated GO gene sets, 
enabled by direct structure-based gene ontology prediction. Gene set enrichment was 
also detected in some pathways related to bacterial symbiosis like symbiotic interac-
tion (GO:0044403) and to bacterial invasion like entry into host (GO:0044409). 

rRNA read carry-over enables identifcation of microeukaryote 
and distinct associated prokaryotes 

The non-specifc rRNA reads recovered from the cells successfully identifed the 
fast-growing and slow-growing Ochromonas triangulata cells. The number of rRNA 
reads recovered from the uncharacterised cells was much lower and consequently 
precluded accurate taxonomic identifcation. The accurate identifcation of microeukary-
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otes from the carry-over rRNA of single-cell transcriptomic data indicated the pos-
sibility of identifying a priori unknown microeukaryotes from bulk sampling of mi-
crobial communities, as tested in chapter III. 

Compared to 18S reads, the abundance of 16S reads recovered was much lower, 
but suffcient to characterize the prokaryotic associates of the individual microeukary-
otes. All downstream analyses of the prokaryotic communities were possible. The 
alpha diversity of the prokaryotic communities associated with cells in the three clus-
ters were different, highest in association with fast-growing cells and lowest in as-
sociation with the uncharacterised cells. The prokaryotic communities were similar 
within the clusters and different between each pair of clusters, with most internal 
uniformity seen in the uncharacterised cluster. The ratio of 16S rRNA reads to 
all rRNA reads was highest in uncharacterised cluster and Endomicrobiaceae was 
among the differentially abundant prokaryote families that was more abundant in as-
sociation with the uncharacterised cells compared to cells from the other clusters. 
Thus, another possible explanation of the uncharacterised cluster is an invasion of 
the microeukaryote by specifc prokaryotes. 

3.3 Microeukaryote-prokaryote associations persist
through changing light and expression conditions 

The observation in chapter II that scRNAseq of microeukaryotes allows for their 
taxonomic identifcation using the carry-over reads led us to test the effcacy of 
the method in a natural environment with higher diversity of a priori unidentifed 
microeukaryotes in chapter III. Natural samples from Lake L˚ on (Stockholm,angsj¨ 
Sweden) were acclimated in the lab for two days, split into two treatment groups, 
one receiving illumination and the other shading, and sampled at four time points, 
0, 6, 24, and 48 hours after onset of treatment. Samples were taken for single-cell 
transcriptomic library prep (190 cells per time point per treatment), and 16S and 
18S rRNA gene amplicon sequencing (for each treatment and time point separately 
as well as from initial unacclimatized sample). The amplicon sequencing data was 
unavailable at the time of reporting these results. They will be used to validate the 
taxonomic inferences made from the carry-over rRNA reads. 

Gene expression clusters by taxonomic origin of the cells 

Of the 1,520 single-cell libraries sequenced, 22 distinct taxa (at the genus or family 
level) were detected based on the non-specifc recovery of the non-target carry-over 
rRNA reads. Thus, 22 de novo transcriptomes were assembled. This is a signif-
cant expansion in the breadth of sampled biodiversity as compared to the previous 
study with only Ochromonas triangulata. The taxa identifed, and transcriptomes as-
sembled for, were the following (with number of cells sequenced in parentheses): 
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Rhodomonas sp. (490), Cryptomonadales (309), Lecanicillium psalliotae (148), 
Isaria farinosa (114), Pedinellales (97), Fragilariopsis kerguelensis (70), Cylin-
drotheca sp. (64), Paraphysomonas sp. (49), Kathablepharidida (32), Askenasia sp. 
(26), Stephanodiscus hantzschii (23), Paraphysomonas uniformis (11), Tetrahymena 
rostrata (11), Olisthodiscs luteus (8), Ochromonadales (7), Pelagomonas calceolata 
(7), Chlorophyta (3), Chrysochromulina sp. (3), Pirsoniales (3), Haslea sp. (1), 
Paulinella chromatophora (1), and Telonemia (1). 

The de novo transcriptome assembly and the annotation was done separately for 
each of these distinct 22 sample subsets. Therefore, to compare gene expression be-
tween the different transcriptomes, only those genes that were expressed in common 
among the different taxa (with the additional impediments of successful detection 
in the libraries and successful annotation in computational analysis) could be used 
for comparison. In this study, the 12 biggest annotated transcriptomes, comprising 
88.7% of the 1,478 sampled cells, had 98 gene expressed in common. The expression 
of these 98 genes were used to compare the 12 transcriptomes. Including all the other 
smaller transcriptomes, with very few annotated and detected genes, led to no gene 
expressed in common and consequently no comparison. Visualization and clustering 
of gene expression from these 12 sampled taxa revealed clustering corresponding to 
the taxonomic origin of the samples (Figure 6). 

Figure 6. t-SNE visualization of the gene expression based on genes expressed commonly 
among the 12 largest transcriptomes in the study. 
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Shading results in downregulation of photosynthesis, lysosome, 
and carbon metabolism related pathways 

Rhodomonas, the most abundant mixotroph among the sequenced cells, saw a dip in 
transcription six hours after the onset of shading treatment. Among the Rhodomonas 
samples from the shading treatment, compared to the cells sampled right at the onset 
of the treatment, 275 genes were downregulated and four upregulated six hours later, 
indicating a dip in transcriptional activity. This transcriptional activity partially re-
covered eighteen more hours later with 95 fewer genes downregulated and 61 more 
upregulated. Twenty-four more hours later, more recovery was seen with still 95 
fewer genes downregulated. 

Metabolic mapping of genes differentially expressed between the illuminated 
and shaded treatment samples of Rhodomonas cells led to identifcation of metabolic 
downregulation due to shading in fve main KEGG Orthology pathway families: 
transcription and translation, photosynthetic activity, cell metabolism, cell stress re-
sponse, and endocytic activity (Figure 7). Except for photosynthetic activity, all 
the differentially expressed genes involved in these pathway families were down-
regulated due to shading. Widespread downregulation of transcription and trans-
lation related pathways agrees with the dip in the transcriptional activity detected 
in the shaded samples. Higher expression of protochlorophyllide reductase, light-
harvesting complex I proteins, and photosystem II proteins alludes to Rhodomonas 
cells trying to cope with reduced light conditions, but failing to do so as seen by 
the downregulation of Calvin cycle proteins indicating lower energy capture suc-
cess. Shading also led to a widespread downregulation of cellular metabolism as 
seen from the pathways of oxidative phosphorylation, glycolysis, citrate cycle, and 
oxidation of fatty acids reinforcing the inference of a harsher energy landscape under 
shaded conditions. 

Figure 7. Summary of KEGG pathways associated to the differentially expressed genes. 
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Microeukaryote-prokaryote association unaffected by light condi-
tions 

As with the taxonomic identity of the microeukaryotes in the previous section, the 
taxonomic identity of their prokaryotic associates were detected based on the non-
specifc recovery of the non-target carry-over rRNA reads. Endomicrobiaceae, Lep-
tolyngbyaceae, and Microcystaceae were the three most common families of prokary-
otic associates (Figure 8). RDA and PERMANOVA showed that the composition of 
the prokaryotic associates was most affected by the microeukaryote identity and then 
by sampling time point. Neither the relative abundance of the prokaryotes nor their 
alpha diversity was affected by the treatment conditions. Many prokaryote families, 
including the most common ones listed above, were differentially abundant in their 
associations with the different microeukaryotes, for example, Leptolyngbyaceae was 
associated with Rhodomonas and Cryptomonadales, Endomicrobiaceae with Aske-
nasia, Cylindrotheca, and Paraphysomonas, and Microcystaceae with Lecanicillium. 

Figure 8. Alluvial plot indicating each microeukaryote’s prokaryotic associations. 

The initial taxonomic identity assignment was done via rRNA reads detected 
using RiboDetector. This was validated by rRNA transcript detection from the de 
novo transcriptomes using Infernal. Further validation will be done using 16S and 
18S rRNA amplicon sequencing when the data becomes available. 

38 



4 Discussion 

4.1 Why study microeukaryotes and microeukaryote-
prokaryote interactions? 

Prokaryotes have existed on Earth for nearly four billion years. Microeukaryotes and 
microeukaryote-prokaryote interactions have persisted on earth for over two billion 
years. Yet, we are still unaware of exactly who is present where, what they do, and 
who interacts with whom. Multiple supergroup level taxa of eukaryotes have been 
discovered and added to the known tree of life only in the last decade [16]. An over-
whelming >90% of known species of bacteria and microeukaryotes have never been 
isolated in laboratory conditions [80]. Representativeness of the inferences about 
behaviours and interactions of species grown in laboratory conditions to their be-
haviours and interactions in nature have not been validated [18]. Thus, it is essential 
to study microeukaryotes and microeukaryote-prokaryote interactions, especially in 
culture-free natural conditions, to broaden and deepen our knowledge of natural mi-
crobial diversity and fll in the gaps in the tree of life and learn what each of the 
leaves do. 

Microeukaryotes have been of human utility from times beyond recorded history 
in the form of baker’s yeast and brewer’s yeast (different strains of the microeukary-
ote Saccharomyces cerevisiae). They are components of all normal human-, animal-, 
and plant-associated microbiomes and are necessary for normal functioning of bod-
ily functions. Many antibacterials (most famously penicillin), antifungals, and an-
tivirals have been isolated from them. Today, they are used in wastewater plants, 
industrial fermenters, and in various industrial bioreactors to produce foods (such 
as yogurts, single cell proteins), organic acids, enzymes, biofuels, pharmaceuticals, 
synthetic polymers, and more. While many of these molecular discoveries and uses 
have arisen from cultivable model microeukaryotes, uncultivable environmental mi-
croeukaryotes hold the potential for a plethora of more utilitarian discoveries. For 
example, there is a case developing for more research into the role of environmen-
tal microeukaryotes in the mitigation of the ongoing microplastic pollution in all 
ecosystems [239; 240]. 

The study of model microeukaryotes in axenic cultures has developed our un-
derstanding of their molecular biology in great detail, but their representativeness of 
heterotrophic and mixotrophic microeukaryotes that cannot be cultured axenically is 
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debatable. No organism lives naturally in isolation. Many microeukaryotes possi-
bly behave and interact differently in the lab when compared to their natural habi-
tats [18]. Thus, it is necessary to study microeukaryotes and their function in the 
context of the ecosystem in which they exist, inclusive of symbionts and prey. 

Microeukaryote-prokaryote interactions may be essential for ecosystem stability. 
For instance, consider a macroecological analogy. In the ecosystems that they occur 
in, wolves occupy the role of apex predators. When wolves are eliminated from the 
habitat, in just a few years, the population of all the wolves’ prey (like moose and 
deer) will increase immensely which can graze unchecked and reduce biodiversity, 
cause riverbank erosion, and reduce fsh habitats, and consequently affect fsh avail-
able for human consumption [241; 242]. We now know how essential wolves are 
for ecosystem stability and human utility because of a clear understanding of what 
wolves do and how they interact with others in the ecosystem. Similarly, we need 
to learn what microeukaryotes in aquatic ecosystems do, who they interact with, and 
how, to learn how essential they are for ecosystem stability as well as human util-
ity [243]. 

From the bacteria-archaea interaction based endosymbiotic origin of eukaryotes 
to trophic interactions between photoautotrophs and chemolithoautotrophs and het-
erotrophs and mixotrophs in all ecosystems to human gut microbiome interactions 
that infuence nutrition and brain activity, cross-domain interactions between organ-
isms is imperative for life on Earth. In many ecosystems, microeukaryotes and 
prokaryotes interact syntrophically and depend on one another for survival. Identi-
fying these interactions, especially in natural conditions and with functional context, 
generates new knowledge as the basis for better understanding of ecosystems and for 
future research and innovations, such as in environmental monitoring and mitigation. 

4.2 Microeukaryote composition is affected by prokary-
ote composition 

In chapter I, prokaryotic and microeukaryotic community compositions were mea-
sured in 20 artifcial ponds over several time points before, during, and after nutrient 
disturbance. Changes in the composition of the microeukaryotic community were 
infuenced by changes in the prokaryotic community. This change, whether mea-
sured as the immediate change from the previous time point or as the change from 
the initial composition in the pond, mediated downstream outcomes like increase in 
turbidity and decrease in dissolved oxygen. 

Foundation species, such as Dreissena polymorpha and Myriophyllum spicatum 
used in this study, are known to have direct and indirect impacts on aquatic commu-
nities and ecosystem functions. Both are known to increase water clarity, by fltering 
or stabilizing sediments, and provide physical structure [96; 97; 98]. Critical tran-
sition of the ecosystem toward an alternative turbid stable state following nutrient 
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disturbance was proposed previously based on temporal autocorrelation [244; 245]. 
The prokaryotic and eukaryotic community dynamics measured by the amplicon se-
quencing adds further evidence to this. The presence of multiple foundation species, 
whether as invasive species or as restorative management tools, can have unantici-
pated interactive effects, such as stabilizing turbid eutrophic states. 

Community composition in the ponds, at various time intervals, was measured 
using 16S, 18S, and COI amplicon sequencing which only provides broad charac-
terization of prokaryotes and eukaryotes present in the ecosystem and an estimate 
of their abundance. Statistical testing and structural equation modelling was used to 
test the hypothesis that prokaryotic community stabilization, measured by successive 
changes in the community composition, led to eukaryotic community stabilization. 
This hypothesis was based on preexisting knowledge of foundation species affecting 
microbial communities and trophic interactions from prokaryotes to microeukary-
otes to grazers like cladocerans and copepods. However, no symbiotic interactions 
between the microeukaryotes and prokaryotes could be inferred or tested here. 

4.3 Reference-free function and interaction analyses 
are possible 

The inability of amplicon sequencing in chapter I to elucidate individual microeukaryote-
prokaryote interactions led us to microeukaryote single cell isolation. Ochromonas 
triangulata is a marine mixotrophic microeukaryote, i.e, it can survive by either pho-
tosynthesis or preying on bacteria. Although available in non-axenic pure culture 
(i.e., culture contains O. triangulata and associated bacteria) from the Roscoff Cul-
ture Collection, it has no available reference genome. Single cell isolation of the 
microeukaryote and full-length transcriptomic sequencing using Smart-seq2 enabled 
us to assemble de novo partial transcriptomes to infer the functional activity of the 
microeukaryotes as well as use the carry-over rRNA reads to identify their prokary-
otic associates, at single-cell resolution. 

Analogous to the microbial dark matter (majority of microorganisms not avail-
able in culture) [246; 247], dark matter of the genome (majority of the genome not 
coding for proteins or regulatory mechanisms) [248], and dark genome regions (re-
gions of the genome that cannot adequately be assembled or aligned to) [249], we 
observed and were limited by the dark expression or a majority of the assembled 
transcripts having no known function. Only around 11% of the sequenced reads 
contributed to our understanding of the active functions in the microeukaryote. Pre-
diction of the tertiary structures of the proteins and their annotation using structural 
homology yielded more transcripts with known function, but their read representa-
tion still remained close to 11%. This could be mainly due to two reasons, one, 
that many of the sequence reads come from pre-mRNA which are yet to undergo 
splicing and other transcriptional editing before they represent mature mRNA and 
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the corresponding function, and two, that gene, transcript, and protein sequences 
from environmental microeukaryotes are vastly underrepresented in publicly avail-
able sequence databases. Despite this, it was possible to perform differential gene 
expression analysis, metabolic mapping, and gene set enrichment analysis to deci-
pher microeukaryote functions, for example, associated with photosynthetic activity 
and carbon metabolism. 

O. triangulata cells from two distinct growth stages, an early fast-growing stage 
and a late slow-growing stage, were sampled and sequenced. But gene expression 
clustering revealed three distinct clusters, two corresponding to the two growth stages 
and the third comprising of cells from both growth stages. This third uncharacterized 
cluster contained cells that, compared to those in fast-growing and slow-growing 
clusters, exhibited lower photosynthetic activity, carbon fxation, and phagocytosis. 
Based on this functional characterisation and the knowledge that the fuorescence 
activated cell sorting selected for live cells, we hypothesised that these might be cells 
transitioning toward or away from dormancy. This would explain their presence 
among both growth stages, coming out of dormancy among fast-growing cells amid 
higher abundance of prey and going into dormancy among slow-growing cells amid 
lower abundance of prey. 

Ribosomal RNA carry-over due to the higher abundance of rRNA compared to 
mRNA in the cells, despite mRNA targeting using poly-dT oligonucleotide primers, 
enabled the identifcation of prokaryotic associates of individual O. triangulata cells. 
Each microeukaryote was associated with a diverse assemblage of bacteria, mostly 
assumed to be prey, but the composition of the associated bacterial community was 
quite uniform within the three clusters, especially so for the uncharacterised cluster. 
The difference in the associated bacteria between fast-growing and slow-growing 
clusters can be explained by higher abundance of bacteria and lower grazing pres-
sure in the early sample with fewer fast-growing microeukaryotes and higher grazing 
pressure and lower abundance of, potentially grazing-resistant, bacteria in the late 
sample with more microeukaryotes. The distinct, yet uniform, bacterial community 
associated with the uncharacterised cells obtained from the two distinct samples pro-
poses another hypothesis: that these might be cells under colonisation or invasion 
from bacteria. The presence of Endomicrobiaceae bacteria, known endosymbionts 
of protozoa, adds to this hypothesis. 

4.4 Culture-free and reference-free study of environ-
mental microeukaryote functions and interactions 
is nearly possible 

In addition to the taxonomic identifcation of associated prokaryotes, the carryover 
rRNA in chapter II also enabled the accurate identifcation of the (a priori known) 
microeukaryote from just single-cell transcriptomic data. This showed us the pos-
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sibility of identifying microeukaryotes and their individual-level prokaryotic asso-
ciates along with their functional activity without a priori knowledge of the mi-
croeukaryotes and consequently the potential for characterising natural microeukary-
ote diversity. However, from chapter II and previous studies, we know that single-
cell RNA reads from approximately 100 cells are needed to assemble a satisfactory 
de novo transcriptome due to low quantity of RNA in cells [250] and transcription 
occurring in bursts [251]. Thus, we limited the breadth of natural microeukary-
ote diversity in our samples by selecting for only mixotrophs, i.e., ones expressing 
chlorophyll a and containing acidic vacuoles representative of active feeding. 

Transcriptomes of 1,520 microeukaryotes from light and shaded treatment groups 
were sequenced, taxonomically identifed (using rRNA reads) to belong to 22 fam-
ilies across fve supergroups, and assembled de novo into 22 transcriptomes. Tran-
scripts were annotated using sequence and protein structure homology. Similar to 
chapter II, we observed dark expression again with functional annotation available 
for less than 10% of the transcripts in the Rhodomonas transcriptome (comprising 
491 out of 1,520 sampled cells). The Rhodomonas transcriptome contained only half 
the OrthoDB eukaryota conserved orthologous genes indicating incomplete recov-
ery due to library prep shortcomings, insuffcient sequencing depth, or lack of their 
expression at the sampling time. The Kathablepharidida transcriptome, assembled 
from only 32 cells but 3.25× the number of reads per cell, contained nearly the same 
number of orthologous genes, indicating that more complete transcriptomes could 
be assembled by sequencing more deeply. Overall, we believe that 100 million short 
reads retrieved across multiple single cells is suffcient to assemble a satisfactory de 
novo transcriptome. 

Each microeukaryote hosted communities of diverse co-existing prokaryotic as-
sociates, similar to observations in other natural microeukaryote populations [20; 21; 
18; 22]. Microeukaryotes within the same supergroup hosted the same prokaryotes, 
unlike previous observations of microeukaryotes of the same species in the same 
population hosting distinct prokaryotic symbionts [21]. Cryptophytes (Rhodomonas, 
Kathablepharidida, Cryptomonadales) were most associated with Leptolyngbyaceae 
bacteria indicating similar feeding behaviour across diverse cryptophytes. Alveolates 
(Askenasia) and Stramenopiles (Pedinellales, Olisthodiscs, Cylindrotheca, Fragilari-
opsis, Paraphysomonas) were associated with Endomicrobiaceae bacteria indicating 
widespread intracellular prokaryotic symbiosis across the TSAR supergroup. These 
microeukaryote-prokaryote associations were stable across treatments and sampling 
intervals. 

4.5 Sequencing targets and their implications 
In a cautionary review about the use of molecular sequencing tools for the study of 
microeukaryotes, Keeling and Del Campo [252] talk about how little we know about 
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ecosystem-level compositions, interactions, and functions of microbial communities 
in nature. While amplicon sequencing methods (with their initial biases and later 
corrections) have added to our knowledge of community compositions, knowledge 
of individual components’ functions and interactions are still limited. Great collab-
orative efforts have been made to cultivate environmental microeukaryotes, develop 
genetic tools for them, and create new model organisms from a diverse range of 
protist taxa to generate insights into general eukaryote cell biology and evolution 
of cellular pathways [253]. But the vast majority of microeukaryotes are unculti-
vated [80]. Sequence data might provide the only realistic means of acquiring any 
biological observations about uncultivated protists at all [252]. 

Across prokaryotes and microeukaryotes, small subunit ribosomal RNA (SSU 
rRNA) has been the most common target choice for amplicon sequencing. And 
across both prokaryotes and microeukaryotes, biases associated with amplicon se-
quencing exist [254; 70]. Due to the prevalence of short-read sequencing, small 
hypervariable regions of the 18S SSU rRNA, particularly the V4 and V9 regions, 
have been used for inferring microeukaryote community composition [252]. The 
choice of amplicon target infuences the observation of community composition, for 
example, sequencing amplicons of the V4 region excludes euglenozoans [255; 252]. 
Different microeukaryote taxa can have from just 30 copies of the SSU rRNA gene 
to over 12,000 copies [256; 257; 252]. Differences like these, in addition to se-
quence amplifcation bias, can severely bias the inferred relative abundances of com-
munity components. Amplicon sequencing also cannot differentiate between (poten-
tially more important) microbes active functionally and interactively and those lying 
dormant, instead using a simpler paradigm of higher abundance equating to higher 
importance [252]. These drawbacks aside, amplicon sequencing can still provide 
broad inexpensive community-level information about diversity and co-occurrence, 
but falls well short of providing meaningful insights about functions and interactions. 

Some of the above shortcomings and biases are mitigated by using single-cell 
transcriptomics or scRNAseq. For starters, it adds the whole paradigm of functional 
activity that was unavailable from amplicon sequencing data. This enables the iden-
tifcation of sub-population level functional profles, by means of gene expression 
clustering, differential expression analyses, and metabolic mapping. By including 
UMIs (chapter III vs II), accuracy of these inferences are improved further. Even 
for the task of taxonomic identifcation, scRNAseq forgoes amplifcation and se-
quence target bias by generating random rRNA gene fragments. Although ineffcient 
due to no targeted amplifcation of particular gene regions, it has less likelihood of 
bias. The taxonomic identifcation of the microeukaryotes enables broad culture-free 
study of environmental microeukaryotes, similar to amplicon sequencing, however 
additionally, the taxonomic identifcation of the individual-level prokaryotic asso-
ciates enables new inferences of microeukaryote-prokaryote interactions beyond co-
occurrence. 
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Similar to scRNAseq, single-cell genomics as well can be used to infer identi-
ties and interactions, in addition to functional potential instead of functional activity. 
Although genome-based phylogenetic classifcation provides greater resolution than 
the rRNA gene (or the even smaller individual hypervariable region) due to the com-
parison of a larger fraction of the genome, the extensive history of horizontal gene 
transfer complicates it [42]. Additionally, the order of magnitude difference between 
microeukaryote and prokaryote genomes sizes and additionally the loss of genes 
and reduction of genomes in prokaryotic symbionts [258] makes the simultaneous 
sequencing of microeukaryote and prokaryote genomes lopsided and inferences of 
interactions diffcult. The inference of functional potential is also hindered by the 
complex transcriptional mechanisms, as described in section 1.2. Nevertheless, in 
an ongoing project, we are investigating the utility and the various analysis methods 
of single-cell genomics and single assembled genomes for inferring microeukaryote-
prokaryote interactions and functional complementation potential. 

All of the aforementioned sequencing techniques generally use short sequence 
reads of approximately 150 bp. Assembly of these short sequence reads into tran-
scripts or genes and other essential steps in analysis of sequencing data such as iden-
tifcation of splice sites, coding regions, and alternative isoforms, and annotation of 
coding sequences are challenging in single-cell transcriptomics and genomics using 
short sequence reads. A potential solution to this is the use of long read sequencing 
(such as offerings from Oxford Nanopore Technologies, Pacifc Biosciences, MGI 
Tech, and Roche) to sequence whole transcripts and skip assembly altogether. Over 
the past decade, there have been attempts of using this methodology, but they have 
been hampered by transcript length bias, low read throughput, and insuffcient read 
accuracy [259]. With newer long-read sequencers and sequencing library prepara-
tion protocols and mitigation of bias and accuracy defciencies, the era of long read 
sequencing for transcriptomics [177] as well as rRNA amplicon sequencing [260] 
may soon be at hand. 

4.6 Single-cell transcriptomics for culture-free reference-
free microeukaryote study: Potential and planned 
steps 

From chapters II and III, we saw that single-cell transcriptomics has the potential 
to decipher microeukaryotic diversity in complex natural ecosystems, in terms of 
population-level taxonomic identity, sub-population-level transcriptomic profles and 
metabolic states, and individual-level prokaryotic associations. However, such deci-
pherment of the entire microeukaryote diversity is limited by throughput. With the 
need to sequence transcripts from around 100 cells and obtain around 100M reads 
from each microeukaryote species in a population, deciphering functions and inter-
actions for all microeukaryotes in complex natural ecosystems comprising 100s to 
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1000s of species of microeukaryotes will require isolating over 100,000 cells and 
sequencing billions of reads. 

Methods like Smart-seq that rely on FACS for high-throughput cell isolation in 
microplate wells do not scale well due to limitations of human, material, and fnancial 
resources. Alternative high-throughput full-length single-cell transcriptomics meth-
ods which do scale to million cells or more exist or are in development, but have not 
been tested on environmental microeukaryotes. Two such families of methods are 
described below. 

Split-pool barcoding based methods chemically fx and permeabilize cells such 
that each individual cell can be used as a separate reaction vessel [261; 262]. Then, 
the sample of fxed cells is split across 96 wells, different oligonucleotide barcodes 
are attached to cDNA in different wells, and cells across different wells are then 
pooled together. This split-pool cycle is repeated 3-4 times. After the fnal pooling, 
library prep, and sequencing, the unique barcode sequences can be used to distin-
guish transcript read sequences originating from over a million distinct cells. Split-
pool barcoding based scRNAseq kits are commercially available through Parse Bio-
sciences and Scale Biosciences. 

Droplet based methods generate thousands to millions of droplets capturing a 
single cell in a droplet, lyse the cells, and uniquely barcode the cDNA from each 
droplet using random oligonucleotides [263; 264]. While older methods relied on 
sophisticated microfuidics devices to generate the droplets, PIP-seq uses a standard 
benchtop vortexer for droplet generation and encapsulation of cells [265]. sc-rDSeq 
combines droplet generation using microfuidics, split-and-pool barcoding, and not-
so-random hexamer primers that deplete rRNA sequences, for full-length total RNA 
sequencing [266]. 

Apart from throughput, another limitation in the previously used methods (Smart-
seq2 and Smart-seq3xpress) is the targeting of protein-coding mRNA. Although high 
abundance of rRNA led to obtaining carryover rRNA sequences in our data, mi-
croRNA and long non-coding RNA etc. were lost. Non-coding RNA is transcribed 
from nearly 70% of the genome [267]. Methods like Smart-seq-total [268], VASA-
seq [269], and TotalX [270] expand the single-cell profling to beyond the protein-
coding mRNA. 

A caveat to using single-cell transcriptomics to understand microeukaryote-pro-
karyote interactions is the limited ability to resolve the type of interactions without 
prior knowledge of the microeukaryotes’ behaviour. In both chapters II and III, we 
identifed prokaryotic associates of individual microeukaryotes, but could not defni-
tively resolve where on the spectrum of microeukaryote-prokaryotic interactions– 
from syntrophy to bacterial farming [18]–each one of these associations occurred in. 
Our inferences about these interactions are based on the a priori known mixotrophic 
or heterotrophic behaviour of the microeukaryotes studied as well as some signals 
confrming these behaviours. Further improvement of computational methodologies 
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related to functional annotation and metabolic mapping has the potential to reduce 
the burden on prior knowledge of microeukaryote behaviour. 

In chapter III, we demonstrated the potential of scRNAseq in the elucidation 
of microeukaryote functional activity and microeukaryote-prokaryote interactions in 
the mixotrophic subset of the natural microeukaryote community. In the future, we 
hope to expand this to the full natural diversity of microeukaryotes. As a frst step 
toward that, we plan to test Parse Biosciences’ WT Mini kit, based on split-and-
pool barcoding, to sequence transcripts from 10,000 microeukaryotic cells. This 
methodology has previously only been tested on mammalian cells and model mi-
croeukaryotes like Saccharomyces cerevisiae. Testing and validation is needed to 
mitigate challenges associated with complex cell walls, low transcript content, and 
potential sampling bias. But once optimized, it has the potential to easily scale to 
millions of cells. 
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5 Conclusion 

Chapter I investigated broad interactions between prokaryotic and eukaryotic com-
munities in aquatic ecosystems using amplicon sequencing. Chapter II investigated 
the utility of scRNAseq for reference-free microeukaryote and microeukaryote-pro-
karyote interaction study. Chapter III expanded this investigation to a reference-free 
and culture-free community of mixotrophic microeukaryotes. 

In conclusion, aquatic ecosystems host a myriad variety of interacting microeukary-
otes and prokaryotes, a majority of which do not have pure cultures or reference 
genomes and transcriptomes. Culture-free metagenome assembled genomes have 
added to the reference information for prokaryotes, however microeukaryotes are 
complex and do not easily accede to genome assembly and annotation from meta-
genomes. Here we demonstrate the utility of full length single cell transcriptome 
sequencing for reference-free and culture-free characterisation of microeukaryotes’ 
functional activity and cross-domain interactions with prokaryotes. 
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[80] Michael S. Rappé and Stephen J. Giovannoni. The uncultured microbial majority. Annual Re-
view of Microbiology, 57(1):369–394, October 2003. ISSN 1545-3251. doi: 10.1146/annurev. 
micro.57.030502.090759. URL http://dx.doi.org/10.1146/annurev.micro. 
57.030502.090759. 

[81] R I Amann, W Ludwig, and K H Schleifer. Phylogenetic identifcation and in situ detection of 
individual microbial cells without cultivation. Microbiological Reviews, 59(1):143–169, March 
1995. ISSN 0146-0749. doi: 10.1128/mr.59.1.143-169.1995. URL http://dx.doi.org/ 
10.1128/mr.59.1.143-169.1995. 

[82] Lin-Xing Chen, Karthik Anantharaman, Alon Shaiber, A. Murat Eren, and Jillian F. Banfeld. 
Accurate and complete genomes from metagenomes. Genome Research, 30(3):315–333, March 
2020. ISSN 1549-5469. doi: 10.1101/gr.258640.119. URL http://dx.doi.org/10. 
1101/gr.258640.119. 

[83] Owen L. Petchey and Kevin J. Gaston. Functional diversity (fd), species richness and 
community composition. Ecology Letters, 5(3):402–411, May 2002. ISSN 1461-0248. 
doi: 10.1046/j.1461-0248.2002.00339.x. URL http://dx.doi.org/10.1046/j. 
1461-0248.2002.00339.x. 

[84] P. Calow. Towards a defnition of functional ecology. Functional Ecology, 1(1):57, 1987. ISSN 
0269-8463. doi: 10.2307/2389358. URL http://dx.doi.org/10.2307/2389358. 

55 

http://dx.doi.org/10.1186/s12859-016-0992-y
http://dx.doi.org/10.1186/s12859-016-0992-y
https://www.sciencedirect.com/science/article/pii/S1055790324002318
https://www.sciencedirect.com/science/article/pii/S1055790324002318
http://dx.doi.org/10.2307/1218190
http://dx.doi.org/10.2307/1218190
http://dx.doi.org/10.1371/journal.pbio.1001127
http://dx.doi.org/10.1371/journal.pbio.1001127
http://dx.doi.org/10.1073/pnas.1521291113
http://dx.doi.org/10.1371/journal.pbio.3002388
https://www.pnas.org/doi/10.1073/pnas.1711842115
http://dx.doi.org/10.1146/annurev.ecolsys.37.091305.110100
http://dx.doi.org/10.1146/annurev.ecolsys.37.091305.110100
http://dx.doi.org/10.1038/536143a
http://dx.doi.org/10.1146/annurev.micro.57.030502.090759
http://dx.doi.org/10.1146/annurev.micro.57.030502.090759
http://dx.doi.org/10.1128/mr.59.1.143-169.1995
http://dx.doi.org/10.1128/mr.59.1.143-169.1995
http://dx.doi.org/10.1101/gr.258640.119
http://dx.doi.org/10.1101/gr.258640.119
http://dx.doi.org/10.1046/j.1461-0248.2002.00339.x
http://dx.doi.org/10.1046/j.1461-0248.2002.00339.x
http://dx.doi.org/10.2307/2389358


Aditya Jeevannavar 

[85] Jan Bengtsson. Which species? what kind of diversity? which ecosystem function? some 
problems in studies of relations between biodiversity and ecosystem function. Applied Soil 
Ecology, 10(3):191–199, November 1998. ISSN 0929-1393. doi: 10.1016/s0929-1393(98) 
00120-6. URL http://dx.doi.org/10.1016/S0929-1393(98)00120-6. 

[86] Anne E. Bernhard and John J. Kelly. Editorial: Linking ecosystem function to microbial diver-
sity. Frontiers in Microbiology, 7, June 2016. ISSN 1664-302X. doi: 10.3389/fmicb.2016.01041. 
URL http://dx.doi.org/10.3389/fmicb.2016.01041. 

[87] Diane K. Stoecker, Per Juel Hansen, David A. Caron, and Aditee Mitra. Mixotrophy in the 
marine plankton. Annual Review of Marine Science, 9(1):311–335, January 2017. ISSN 1941-
0611. doi: 10.1146/annurev-marine-010816-060617. URL http://dx.doi.org/10. 
1146/annurev-marine-010816-060617. 

[88] Engr` erez, and Jan-Ulrich Kreft. Why is metabolic labour divided in nitrifca-acia Costa, Julio P´ 
tion? Trends in Microbiology, 14(5):213–219, May 2006. ISSN 0966-842X. doi: 10.1016/j.tim. 
2006.03.006. URL http://dx.doi.org/10.1016/j.tim.2006.03.006. 

[89] Brandon E.L. Morris, Ruth Henneberger, Harald Huber, and Christine Moissl-Eichinger. Mi-
crobial syntrophy: interaction for the common good. FEMS Microbiology Reviews, 37(3): 
384–406, May 2013. ISSN 1574-6976. doi: 10.1111/1574-6976.12019. URL http: 
//dx.doi.org/10.1111/1574-6976.12019. 

[90] Annette B.G. Janssen, Sven Teurlincx, Shuqing An, Jan H. Janse, Hans W. Paerl, and Wolf M. 
Mooij. Alternative stable states in large shallow lakes? Journal of Great Lakes Research, 40(4): 
813 – 826, 2014. doi: 10.1016/j.jglr.2014.09.019. 

[91] Anita Narwani, Marta Reyes, Aaron Louis Pereira, Hannele Penson, Stuart R. Dennis, Samuel 
Derrer, Piet Spaak, and Blake Matthews. Interactive effects of foundation species on ecosys-
tem functioning and stability in response to disturbance. Proceedings of the Royal Society B: 
Biological Sciences, 286(1913), 2019. doi: 10.1098/rspb.2019.1857. 

[92] Barbara J. Campbell, Liying Yu, John F. Heidelberg, and David L. Kirchman. Activity of abun-
dant and rare bacteria in a coastal ocean. Proceedings of the National Academy of Sciences, 
108(31):12776–12781, July 2011. ISSN 1091-6490. doi: 10.1073/pnas.1101405108. URL 
http://dx.doi.org/10.1073/pnas.1101405108. 

[93] DA Caron and PD Countway. Hypotheses on the role of the protistan rare biosphere in a changing 
world. Aquatic Microbial Ecology, 57:227–238, November 2009. ISSN 1616-1564. doi: 10. 
3354/ame01352. URL http://dx.doi.org/10.3354/ame01352. 

[94] Mitchell L. Sogin, Hilary G. Morrison, Julie A. Huber, David Mark Welch, Susan M. Huse, 
Phillip R. Neal, Jesus M. Arrieta, and Gerhard J. Herndl. Microbial diversity in the deep sea 
and the underexplored “rare biosphere”. Proceedings of the National Academy of Sciences, 
103(32):12115–12120, August 2006. ISSN 1091-6490. doi: 10.1073/pnas.0605127103. URL 
http://dx.doi.org/10.1073/pnas.0605127103. 

[95] Aaron M. Ellison. Foundation species, non-trophic interactions, and the value of being common. 
iScience, 13:254–268, March 2019. ISSN 2589-0042. doi: 10.1016/j.isci.2019.02.020. URL 
http://dx.doi.org/10.1016/j.isci.2019.02.020. 

[96] Aditya Jeevannavar, Anita Narwani, Blake Matthews, Piet Spaak, Jeanine Brantschen, Elvira 
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Köferle, Jürg Bähler, Vahid Shahrezaei, and Samuel Marguerat. Single-cell imaging 
and RNA sequencing reveal patterns of gene expression heterogeneity during fssion yeast 
growth and adaptation. Nature Microbiology, 4(3):480–491, March 2019. ISSN 2058-
5276. doi: 10.1038/s41564-018-0330-4. URL https://www.nature.com/articles/ 
s41564-018-0330-4. Publisher: Nature Publishing Group. 

[120] Anders K. Krabberød, Russell J.S. Orr, Jon Bråte, Tom Kristensen, Kjell R. Bjørklund, and 
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[128] Vesna Grujčić, Sami Saarenpää, John Sundh, Bengt Sennblad, Benjamin Norgren, Meike 
Latz, Stefania Giacomello, Rachel A. Foster, and Anders F. Andersson. Towards high-
throughput parallel imaging and single-cell transcriptomics of microbial eukaryotic plankton. 
PLOS ONE, 19(1):e0296672, January 2024. ISSN 1932-6203. doi: 10.1371/journal.pone. 
0296672. URL https://journals.plos.org/plosone/article?id=10.1371/ 
journal.pone.0296672. Publisher: Public Library of Science. 

[129] Daniel Tillett and Brett A. Neilan. Xanthogenate nucleic acid isolation from cultured and en-
vironmental cyanobacteria. Journal of Phycology, 36(1):251 – 258, 2000. doi: 10.1046/j. 
1529-8817.2000.99079.x. 

[130] Kristy Deiner, Jean-Claude Walser, Elvira Mächler, and Florian Altermatt. Choice of capture 
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[154] Torbjørn Rognes, Tomáˇ Flouri, Ben Nichols, Christopher Quince, ed´ e.s and Fr´ eric Mah´ 
VSEARCH: a versatile open source tool for metagenomics. PeerJ, 4:e2584, October 2016. ISSN 
2167-8359. doi: 10.7717/peerj.2584. URL https://peerj.com/articles/2584. Pub-
lisher: PeerJ Inc. 

[155] Derrick E. Wood, Jennifer Lu, and Ben Langmead. Improved metagenomic analysis with kraken 
2. Genome Biology, 20(1), 2019. doi: 10.1186/s13059-019-1891-0. 

[156] Benjamin Buchfnk, Klaus Reuter, and Hajk-Georg Drost. Sensitive protein alignments at tree-
of-life scale using DIAMOND. Nature Methods, 18(4):366–368, April 2021. ISSN 1548-
7105. doi: 10.1038/s41592-021-01101-x. URL https://www.nature.com/articles/ 
s41592-021-01101-x. Publisher: Nature Publishing Group. 

[157] Steven Wingett. Stevenwingett/fastq-screen: Fastq screen v0.15.1, 2022. URL https:// 
zenodo.org/record/5838377. 
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rat Robles. Blast2go: a universal tool for annotation, visualization and analysis in functional 
genomics research. Bioinformatics, 21(18):3674–3676, August 2005. ISSN 1367-4803. doi: 10. 
1093/bioinformatics/bti610. URL http://dx.doi.org/10.1093/bioinformatics/ 
bti610. 

[206] Takuya Aramaki, Romain Blanc-Mathieu, Hisashi Endo, Koichi Ohkubo, Minoru Kanehisa, 
Susumu Goto, and Hiroyuki Ogata. Kofamkoala: Kegg ortholog assignment based on profle 
hmm and adaptive score threshold. Bioinformatics, 36(7):2251–2252, November 2019. ISSN 
1367-4811. doi: 10.1093/bioinformatics/btz859. URL http://dx.doi.org/10.1093/ 
bioinformatics/btz859. 

[207] Philip Jones, David Binns, Hsin-Yu Chang, Matthew Fraser, Weizhong Li, Craig McAnulla, 
Hamish McWilliam, John Maslen, Alex Mitchell, Gift Nuka, Sebastien Pesseat, Antony F. 
Quinn, Amaia Sangrador-Vegas, Maxim Scheremetjew, Siew-Yit Yong, Rodrigo Lopez, and 
Sarah Hunter. Interproscan 5: genome-scale protein function classifcation. Bioinformatics, 
30(9):1236–1240, January 2014. ISSN 1367-4803. doi: 10.1093/bioinformatics/btu031. URL 
http://dx.doi.org/10.1093/bioinformatics/btu031. 

[208] Matthias Blum, Hsin-Yu Chang, Sara Chuguransky, Tiago Grego, Swaathi Kandasaamy, Alex 
Mitchell, Gift Nuka, Typhaine Paysan-Lafosse, Matloob Qureshi, Shriya Raj, Lorna Richardson, 
Gustavo A Salazar, Lowri Williams, Peer Bork, Alan Bridge, Julian Gough, Daniel H Haft, Ivica 
Letunic, Aron Marchler-Bauer, Huaiyu Mi, Darren A Natale, Marco Necci, Christine A Orengo, 
Arun P Pandurangan, Catherine Rivoire, Christian J A Sigrist, Ian Sillitoe, Narmada Thanki, 
Paul D Thomas, Silvio C E Tosatto, Cathy H Wu, Alex Bateman, and Robert D Finn. The 
interpro protein families and domains database: 20 years on. Nucleic Acids Research, 49(D1): 
D344–D354, November 2020. ISSN 1362-4962. doi: 10.1093/nar/gkaa977. URL http: 
//dx.doi.org/10.1093/nar/gkaa977. 
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Microorganisms are the most dominant forms of life in Earth’s 
history. Interactions between prokaryotic and eukaryotic micro 
organisms play key roles in ecosystem functioning and can take 
many forms. This thesis aims to add single-cell transcriptomics as 
a high-throughput high-resolution tool to the microbial ecology 
toolbox to characterize natural microeukaryote function and their 
interactions with prokaryotes. Most environmental microeukary 
otes, including many in this thesis, are thought to be uncultivable 
in laboratory conditions and are absent from reference genome 
or transcriptome databases. By extending single-cell transcrip 
tomics to such uncultured organisms without references, the 
stage is set for studying microeukaryote-prokaryote functions 
and interactions in the stressful, heterogeneous, and ephemeral 
conditions that they naturally occur in. 
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