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ABSTRACT

Bacteria form heterogeneous communities with specific spatial structures. The
heterogeneity of bacteria can be genetic or phenotypic and even within one strain of
bacteria there can be differences in the metabolism and behavior between the cells.
The most common bulk method, the amplification and sequencing of 1-3
hypervariable regions of the 16S rRNA gene, reveals the assemblage of the bacterial
community, from which the functional potential of the community can be inferred.
In this thesis, I used 16S rRNA gene sequencing to examine how two commonly
used agrochemicals, glyphosate-based herbicide (GBH) and phosphate, affect the
endophytic bacterial communities of various potato, faba bean and oat tissues in the
early vegetative and the late flowering growth stages (Chapter I). Changes in the
community diversity and/or composition were seen in nearly all the plant tissues, in
at least one of the growth stages, more so in response to phosphate than GBH. I also
used the 16S rRNA gene sequencing approach to study how the gut microbiota of
two odonate species, Lestes sponsa and Sympetrum vulgatum, varied in response to
environmental factors, species, sex, sampling site and season, and diet (Chapter II).
The diversity of the gut microbiota was higher in S. vulgatum than in L. sponsa,
potentially in response to a more diverse diet. The diet affected the microbiota
assemblages more than the environmental factors, but the effect was not strong,
potentially due to large variation between individuals. As the 16S rRNA gene
sequencing approach and other bulk methods cannot uncover details about the
heterogeneity and spatial structuring of the microbiome, novel single-cell methods
are required. Chapter III presents Prider, a computational tool we developed for
high-throughput primer and probe designing. Chapter IV describes a single-cell
sequencing based method we developed that combines porous polyacrylamide beads
and split-pool barcoding. The method does not require specialised equipment, such
as microfluidic systems, and once fully optimised, can be used for the analysis of
both the microbial genetic heterogeneity as well as microbial interactions in
communities, expanding the kind of information that can be gained from microbiome
research, including studies such as those described in Chapter I and Chapter I1.

KEYWORDS: agrochemicals, barcoding, bioinformatics, microbiomes,
oligonucleotides, single-cell sequencing
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TIVISTELMA

Bakteerit muodostavat heterogeenisid ja rakenteellisesti jarjestdytyneitd yhteisoja.
Heterogeenisyys voi olla geneettistd tai fenotyyppistd, mikd nikyy eroina mm.
solujen metaboliassa ja kaytoksessd. Bakteeriyhteisdja tutkitaan yleisimmin mene-
telmilld, jotka perustuvat 1-3 16S rRNA -geenin hypervariaabelisen alueen monis-
tukseen ja sekvensointiin. Ndilld menetelmilla saadaan selville yhteison koostumus,
josta voidaan paitelld yhteison ominaisuuksia. Vaitoskirjassani kdytin 16S rRNA -
geenisekvensointia sen tutkimiseen, kuinka kaksi yleisesti maataloudessa kaytettya
kemikaalia, rikkakasvien torjunta-aine glyfosaatti ja lannoite fosfaatti, vaikuttavat
endofyyttisiin bakteeriyhteisoihin perunan, kauran ja hérkdpavun eri osissa
varhaisessa kasvuvaiheessa ja kukkimisvaiheessa (Luku I). Muutoksia yhteis6jen
diversiteetissd sekd koostumuksessa havaittiin ldhes kaikissa tutkituissa kasvin
osissa, ainakin yhdessi vaiheista, useammin fosfaatin kuin glyfosaatin aiheuttamana.
Kéaytin myo6s 16S rRNA -geenisekvensointia sirokeijukorennon (Lestes sponsa) ja
punasyyskorennon (Sympetrum vulgatum) suolistomikrobistojen vertailuun nédiden
lajien, eri sukupuolten, eri asuinpaikkojen, eri ajankohtien ja ruokavalioiden vililla
(Luku II). Punasyyskorennon mikrobiston diversiteetti oli korkeampi, mahdollisesti
johtuen lajin monipuolisemmasta ravinnosta. Ravinnolla oli suurempi vaikutus
suolistomikrobiston koostumukseen kuin muilla tutkituilla tekijoilld, vaikkakin
vaikutus oli kaiken kaikkiaan pieni, mahdollisesti johtuen suuresta vaihtelusta
yksiloiden vililla. Koska erilaisilla koko yhteison sekvensointiin perustuvilla
”bulk”’-menetelmilld, kuten 16S rRNA -geenin sekvensoinnilla, ei pystytd tarkaste-
lemaan mikrobiomin heterogeenisyyttd tai rakennetta, tarvitaan yksisolumenetelmia.
Luvussa III esitellddn R-paketti Prider, joka mahdollistaa suurikapasiteettisen
aluke- ja koetinsuunnittelun. Luvussa IV kuvaillaan uusi polyakryyliamidihelmet ja
split-pool viivakoodauksen yhdistdva yksisolusekvensointimenetelma, joka ei vaadi
normaalista poikkeavia laboratoriolaitteita, kuten mikrofluidistiikkaan perustuvat
menetelmit. Kun menetelmd on tdysin optimoitu, sitd voidaan kéyttdd mikrobi-
yhteisdjen sisdisen geneettisen heterogeenisyyden sekd vuorovaikutusten tutkimi-
seen, laajentaen sitd millaista tictoa Luvuissa I ja II esitetyistd yhteisoistd voidaan
tulevaisuudessa saada.

ASIASANAT: maatalouskemikaalit, viivakoodaus, bioinformatiikka, mikrobiomit,
oligonukleotidit, yksisolusekvensointi
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1 Introduction

1.1 Microbial communities

Microorganisms — bacteria, archaea, fungi, small protists and algae — are almost
everywhere (Berg et al., 2020; Cockell, 2021). Microorganisms form multidomain
microbial communities that consist of different microbes living together in a
particular environment. These communities are also known as microbiota or
microbiome. While the definition of microbiota only covers the assemblage of the
community, the definition of microbiome also includes the “theatre of activity” of
the microbes and hence can extend to non-living carriers of genetic material, such as
viruses and plasmids. Microbiomes are dynamic; they vary in time and space and
even within one organ, such as intestines, various sub-microbiomes may form. (Berg
et al., 2020). Multicellular organisms are to some extent dependent on microbes, but
the level of dependency of the microbiome varies between hosts. While some hosts,
such as humans, cows and plants, are dependent on their microbiome, the others,
such as ants and caterpillars, seemingly lack a stable microbiome (Hammer et al.,
2019; Dastogeer et al., 2020). The microbial dependency of animals and plants is
reflected in how the disruption of the microbiome affects the health of the host. For
example, in humans various gastrointestinal, metabolic and neurological diseases
and disorders have been associated with the dysbiosis of gut microbiota (Shen et al.,
2025). In plants, dysbiosis is associated with a lack of nutrient intake, reduced stress
tolerance or various diseases (Arnault et al., 2023).

The concept of microbiome goes beyond co-existing microbial cells: microbes
both produce substances as well as sense their environment, which results in
interactions between cells in microbiomes (Berg et al., 2020). Microbes interact with
each other in a variety of ways: from mutually beneficial relationships to those that
are harmful to all cells in the community, such as in the case of competition.
Interactions may also be neutral, commensalistic, amensalistic or such as in the case
of predation; beneficial to just one type of cell, but harmful to others. (Faust and
Raes, 2012). Bacterial cells communicate with each other by secreting metabolites
and small molecules as well as by altering environmental factors, such as the pH
level (Pierce and Dutton, 2022). For example, quorum sensing — a process where
bacteria regulate their gene expression based on the population density — is based

10



Introduction

on small molecules called autoinducers (Miller and Bassler, 2001). Cooperative
interactions emerge for example when some bacterial cells produce metabolites that
other bacterial cells can in turn use as nutrients in a process called metabolic cross-
feeding. These chain-like processes can be mediated by diffusion of the metabolites
or more directly by intercellular nanotubes between cells. (Pande et al., 2015).
Bacterial antagonistic interactions can be based on contact-dependent systems, such
as the direct transfer of toxic effector proteins, or contact-independent systems, such
as the secretion of antibiotics, and have an effect on the bacterial community
diversity as well as the success of bacterial colonisation in a new environment, for
example during infection (Fu et al., 2018; Wang et al., 2022).

In bacterial communities, beneficial interactions, such as metabolic cross-
feeding, can result in physical proximity between cells, whereas disadvantageous
interactions, such as competition, may result in avoidance between the competing
strains or species (Nielsen et al., 2000). These kinds of cell-cell interactions, where
some cells are more prone to be in the near vicinity of other bacterial cells while
others actively avoid cells with certain traits such as antibiotic producers, are drivers
of the spatial structure of microbiomes. Additionally, microbial interactions with
their environment, active migration as well as passive dispersal all contribute to the
physical structure of microbiomes. (Yanni et al., 2019). The cell-cell interactions
also allow the formation of biofilms, in which bacteria adhere to each other and to a
surface. The cells in biofilms differ phenotypically from independent cells.
(Costerton et al., 1995). The spatial structure of the community also in return affects
the way microbes interact with each other (Pande et al., 2016; Lobanov et al., 2023).
For instance, biofilms can both accelerate the accumulation of antibiotic resistance
mutations as well as aid the survival of those antibiotic-resistant bacteria whose
mutations come with a fitness cost in a non-antibiotic environment (France et al.,
2018).

Although in nature microbial communities are made up of organisms belonging
to all three domains of life, the focus of this thesis is mainly on bacterial
communities. The following two sections briefly discuss the plant microbiomes and
insect gut microbiomes, which are the central topics of Chapter I and Chapter I1,
respectively. Section 1.1.3. focuses on microbial heterogeneity, which, alongside the
spatial structuring of microbial communities, is the rationale behind the
methodological approach taken in Chapter IV. The concept of microbial
heterogeneity also contributes to the motivation behind Chapter II1.

1.1.1 Plant microbiomes

Plants provide a variety of niches for microbes and microbial communities. Just
within one single plant there can be various distinct endophytic and epiphytic
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subcommunities that reside in and on (respectively) different plant tissues and
organs, including the stem, leaves, flowers, fruits, seeds and roots (Compant et al.,
2010). Microbiomes are beneficial for their host plant for a variety of reasons, such
as by providing improved nutrient acquisition (Zhang et al., 2019; de Lima et al.,
2024), tolerance against abiotic stress (Kaur and Karnwal, 2023) and protection
against pathogenic bacteria and fungi (Carrién et al., 2019). Often plants also interact
in a variety of ways with the bacterial communities residing in the soil surrounding
the plant roots, known as the rhizosphere. The microbial species populating the
rhizosphere, as well as their activity, differ from those of the bulk soil microbiome.
(Ling et al., 2022).

Various factors impact the plant microbiome: host related factors such as the
health, metabolites and developmental stage of the plant, interactions with other
microbes and environmental factors such as various soil properties, the climate and
agricultural practices (Dastogeer et al., 2020). Plants produce a variety of substances
and exudates such as phytohormones, which function as chemoattractants for the
recruitment of beneficial microbial symbionts, especially in the roots (Feng et al.,
2019; Rico-Jiménez et al., 2022) and maintain the microbiome homeostasis in the
phyllosphere (Pfeilmeier et al., 2021; Su et al., 2024). Environmental factors, such
as agricultural practices, can affect the plant microbiome either directly or indirectly,
via altered plant phenotype (Ruuskanen et al., 2023). Glyphosate-based herbicides
(GBHs), one of the most commonly used herbicides (Myers et al., 2016), function
by inhibiting the enzyme 5-enolpyruvylshikimate-3-phosphate (EPSP) synthase of
the shikimate pathway required for the synthesis of essential aromatic amino acids
in plants (Schonbrunn et al., 2001). However, bacteria are also known to utilise the
same pathway and depending on the amino acid content in the active site of the EPSP
synthase they produce, they may be sensitive or resistant to glyphosate and hence
may be directly affected by GBHs (Rainio et al., 2021). Other widely used
agrochemicals with potential direct adverse effects on plant microbiotas include the
fungicides metiram and captan (Walter et al., 2007) as well as herbicides S-
metolachlor (Xu et al., 2020) and imazethapyr (Zheng et al., 2022).

1.1.2 Insect gut microbiomes

Insects are vital for ecosystems: they pollinate, function as a food source for other
animals, and take part in ecosystem processes such as decomposition and nutrient
cycling (Losey and Vaughan, 2006; Yang and Gratton, 2014). Although the level of
dependency on microbiomes seems to vary between different insect species
(Hammer et al., 2019), insect microbiomes have been shown to be essential to their
hosts in various cases: gut microbiomes can provide protection against pathogens
(Wang and Rozen, 2018; Dosch et al., 2021), regulate the development (Coon et al.,
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2020), modulate the behaviour (Sharon et al., 2011; Wong et al., 2017), aid stress-
tolerance (Theys et al., 2023) and digestion (Tokuda and Watanabe, 2007) as well as
provide nutrients (Sabree et al., 2009) to their insect hosts. Some of these interactions
between the host insect and bacteria are obligatory, with millions of years of
codiversification, such as the relationship between aphids and the bacteriome-
associated gammaproteobacteria Buchnera aphidicola, which provide amino acids
to their host and are required for normal host development (Moran et al., 2008).
Some insect microbiomes can also be very dynamic. For example, insects that
undergo metamorphosis, such as dragonflies and butterflies, can harbour different
gut microbiotas as adults compared to their nymph or larvae stage, potentially in
response to a shift in their habitat (Nobles and Jackson, 2020; Wang et al., 2020).

Both obligatory and facultative microbial symbionts can be acquired by vertical
transmission, most often maternally (Moran et al., 2008). Horizontal transmission of
symbionts may take place for example via soil, diet, faeces or other members of the
insect community (Lange et al., 2023). Additionally, a variety of environmental
factors, such as the geographical region (Li et al., 2022), temperature, and diet
(Montagna et al., 2015) as well as pesticides (Helander et al., 2023; Ren et al., 2023)
can affect the diversity and the assemblage of the microbiota. The maintenance of
the microbiome is achieved through various mechanisms. Some obligate and
facultative inheritable bacteria reside in specialised cells known as bacteriocytes,
which often form an organ called bacteriome to which bacteria are in some cases
selected via cellular mechanisms (Koga et al., 2012; Ferrarini et al., 2022). This kind
of compartmentalisation of cells helps to maintain the microbiota by protecting the
bacteria from the host immune system (Ferrarini et al., 2022). As only some
microbiotas reside in bacteriome and as the insect gut constantly encounters new
bacteria, some of which are pathogenic, distinguishing the gut microbiota from the
harmful bacteria is important. Insects regulate the microbiome homeostasis by
physical barriers and a variety of signalling pathways. Additionally, the microbiome
itself regulates the conditions in the gut, aiding its own maintenance. (Bai et al.,
2021).

1.1.3 Bacterial cellular heterogeneity

Bacterial communities are inherently heterogeneous as they contain various bacterial
taxa. Cellular heterogeneity, which can be genetic or phenotypic, is however not
limited to taxonomy or inter-species differences but can be observed even in initially
clonal communities (Spudich and Koshland, 1976; Croucher et al., 2014).
Understanding cellular heterogeneity is important due to its role in infectious
diseases, antibiotic persistence of bacteria and the spread of antibiotic resistance
(Balaban et al., 2019; Andam, 2019).
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Various mechanisms can lead to genetic heterogeneity: de novo point mutations
or indels, horizontal gene transfer (HGT), chromosomal duplications, changes in the
number of mobile genetic elements, and unbalanced distribution of genetic material
during cell division (Brehm-Stecher and Johnson, 2004). Useful mutations, such as
the ones that confer resistance to antibiotics, appear even in environments where the
selection pressure is low, e.g. the level of antibiotic is below minimal inhibitory
concentration (Wistrand-Yuen et al., 2018) or non-existent (David, 1970), resulting
in natural heterogeneity of the population. In some cases, the changes in the genome
are reversible: in phase variation, mutations function as an on-off-switch for a
specific phenotype related to features such as biofilm formation, synthesis of pili or
immune evasion and occur more frequently than spontancous mutations. Phase
variation can take place as a result of numerous mechanisms including site-specific
inversion and duplication. (Wisniewski-Dyé and Vial, 2008).

Phenotypic heterogeneity, exhibited by differences in biochemistry, physiology
or behaviour between cells, is only partially explained by the genetic heterogeneity
of cells (Brehm-Stecher and Johnson, 2004). Even though some proportion of the
phenotypic heterogeneity is stochastic (Elowitz et al., 2002), some variation, for
example in the metabolism of the cells, is driven by environmental conditions, such
as the availability of nutrients (Schreiber et al., 2016). Additionally, some forms of
heterogeneity, such as the heterogeneity of cell sporulation, can be driven by
epigenetic inheritance (Veening et al., 2008). Phenotypic heterogeneity can benefit
the bacterial community or individual cells in a variety of ways, such as by allowing
the division of labour or by allowing some cells — also known as cheaters — to
benefit from the surrounding community without contributing to it themselves.
Furthermore, in a dynamic environment where the conditions can change drastically
in a period of time too short for the bacteria to adapt their phenotype, some individual
cells may express features, which result in lower fitness in the current environment,
but allow them to survive should the conditions change. (Ackermann, 2015).
Although the majority of the research of the cellular heterogeneity has been
conducted in vitro and its significance in natural environments is mostly elusive,
some evidence of its existence and importance to natural bacterial communities
exists, such as for the filamentous bacterial species Candidatus Microthrix parvicella
in wastewater treatment plants (Ackermann, 2015; Sheik et al., 2016).

1.2 Analysis of bacterial communities

Microbes and microbial communities play an essential role in agriculture, industry,
and the health and well-being of humans and other organisms as well as the
environment (Ma et al., 2023; Virgo et al., 2025). Yet, there are more than a thousand
pathogenic microbes identified, which, albeit cover only a tiny fraction of all the
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microbial species on Earth, cause a variety of infections in humans and are a major
concern due to the global antimicrobial resistance crisis (Balloux and van Dorp,
2017; Bartlett et al., 2022). The ecology of microbial communities is closely
connected to the maintenance and spread of antibiotic resistance and virulence
factors, as well as the survival of opportunistic pathogens (Tang et al., 2021; Bottery
et al., 2021; Zhuang et al., 2024). More detailed understanding of microbial
communities, including their structure, function, interactions, heterogeneity and
evolution, is essential for understanding both the beneficial and detrimental
interactions between microbes and their surroundings. This requires methods that
allow comprehensive analysis of microbiomes. Alongside laboratory methods,
computational tools that support and aid the designing of the experiments, such as
tools for primer design, as well as computational tools for the analysis of data, are
essential (Kreer et al., 2020; Dakal et al., 2025). The following three sections focus
on the laboratory methods for bulk, single cell, and spatial analyses of microbial
communities.

1.2.1 Bulk approaches

Microbiotas are most commonly studied using 16S rRNA gene amplicon
sequencing, which reveals the taxonomic composition of the community (Bose and
Moore, 2023; Bartos et al., 2024). The 16S rRNA gene is approximately 1,500 bp
long and contains nine variable regions. Due to the limitations of widely used and
cost-efficient next-sequencing approaches, the sequencing of the whole gene has not
been a common practice, instead somewhere between one to three sub-regions of the
gene are usually targeted, which is only accurate at the genus-level or higher.
(Johnson et al., 2019). The development of accurate long-read sequencing methods
however has facilitated the sequencing of the whole 16S rRNA gene, thus providing
more precision in taxonomical classification, but these methods are more expensive
than the sequencing of the sub-regions (Buetas et al., 2024). Although the 16S rRNA
gene mainly provides taxonomic abundance information, by utilising databases, a
certain degree of approximations of the functional potential and features of the
community can also be made (Langille et al., 2013; Iwai et al., 2016; Mathew et al.,
2022). However, as the functional information obtainable from 16S rRNA
sequencing is limited, metagenomic sequencing — the sequencing of all the DNA
of a sample — provides a more accurate functional profile of the community and
also a better taxonomic resolution in well-established systems such as human
microbiomes (Hillmann et al., 2018). A more accurate functional profile of the
bacterial community can be obtained by using other “omics” approaches, such as
transcriptomics, metabolomics, or proteomics, which target the whole of the RNA,
metabolites or proteins of a sample, respectively. Metatranscriptomics utilises
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similar sequencing-based methods as metagenomics, while metabolomics and
proteomics are typically based on mass-spectrometry. (Galloway-Pefia and Hanson,
2020).

1.2.2 Single-cell approaches

As microbial communities are heterogeneous and even bacteria belonging to the
same taxa may differ in their genomic constitution or function, bulk approaches, such
as metagenomics and metatranscriptomics, are not sufficient enough for capturing
the heterogeneity. Hence, single-cell approaches are needed. (Brehm-Stecher and
Johnson, 2004). Additionally, as microbial communities can be extremely complex
(Leviatan et al., 2022; Labouyrie et al., 2023) high-throughput methods are necessary
for more detailed understanding of their assemblage and function (Tedersoo et al.,
2021; Stromberg et al., 2023). High-throughput analysis is achieved through next-
generation sequencing (NGS) methods (Koboldt et al., 2013).

Single-cell approaches usually require some form of compartmentalisation of
individual cells, which can be achieved using a variety of methods such as
fluorescence-activated cell sorting (FACS) or droplet microfluidics (Lloréns-Rico et
al., 2022). As the compartmentalisation in FACS is performed using multiwell
plates, it is not suitable for high-throughput sequencing of highly heterogencous
samples, due to the limitations in the number of cells that can realistically be sorted
and the number of subsequent reactions required for the amplification of the nucleic
acid (Zilionis et al., 2016). One potential solution for making FACS more cost-
effective and high-throughput is to perform the amplification in a smaller reaction
volume as suggested by Sobol and Kaster (2023).

In droplet microfluidics, the compartments are nano or picolitre-sized aqueous
droplets, which are formed using a microfluidic device and are separated by a
continuous phase, such as oil (Lloréns-Rico et al., 2022). The aqueous phase can also
be for instance solidified using agarose (Lan et al., 2017) or be turned into semi-
permeable capsules (Leonaviciene et al., 2020). Various droplet microfluidics-based
single-cell methods for studying both the genetic and phenotypic (transcriptional)
heterogeneity have emerged during the last decade. For example, SiC-seq (single-
cell genomic sequencing), a method based on the barcoding of fragmented DNA
trapped in agarose beads, has been utilised for the analysis of seawater microbial
communities (Lan et al., 2017). Another example is SAG-gel (single-cell amplified
genomes in gel beads), a method based on agarose beads and whole genome
amplification (WGA) that has been used for studying bacterial genetic heterogeneity
in soil, seawater and human skin (Ide et al., 2022; Nishikawa et al., 2022). In scALA
(single-cell amplified genome long-read assembly) SAG-gel was combined with
long-read sequencing to improve the completeness of the coverage for the analysis
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of human gut microbiomes (Kogawa et al., 2023). To analyse single-cell
transcriptomes, advanced droplet microfluidics methods, such as M3-seq
(massively-parallel, multiplexed, microbial sequencing) by Wang et al., (2023), and
ProBac-seq (probe-based bacterial sequencing) by McNulty et al. (2023), have been
developed. M3-seq has been utilised for identifying bacterial subpopulations and
phage infection, while ProBac-seq has been used to study heterogeneity in
transcriptional states related to toxin expression, metabolic pathways and
physiology.

As droplet microfluidics often require specialised equipment, they are not
accessible by all laboratories (Elvira et al., 2022; Sobol and Kaster, 2023) and hence,
other approaches for separating the cells from one another have been developed. In
epicPCR  (emulsion, paired isolation and concatenation PCR), the
compartmentalisation is achieved by emulsifying a cell-acrylamide-oil mixture using
a vortex and allowing the acrylamide droplets to polymerise, trapping the cells into
polyacrylamide beads (Spencer et al., 2016). The method has been used for linking
taxonomic information with the target dissimilatory sulphite reductase gene dsrB of
a lake water microbial community (Spencer et al., 2016) as well as with antibiotic
resistance associated genes in wastewater treatment plants (Hultman et al., 2018).
Another non-microfluidics-based approach is to fix the bacterial cells as
demonstrated by Kuchina et al. (2021) in microSPLiT (microbial split-pool ligation
transcriptomics) and by Blattman et al. (2020) in PETRI-seq (Prokaryotic
Expression-profiling by Tagging RNA In Situ and sequencing). In these methods,
the mRNA (cDNA) of fixed and permeabilised bacterial cells is split-pool barcoded,
resulting in the mRNA from each cell having a unique barcode. Split-pool barcoding
is a method in which by repeated rounds of splitting, attaching a unique barcode, and
pooling, each e.g. bacterial cell receives a unique combination of ligated barcodes.
For example, if the barcoding is performed in a 96-well-plate-format three times, the
number of potential unique barcodes is 96° = 884,736.

1.2.3 Study of spatial organisation

Microbial communities exhibit specific spatial structures, which cannot be captured
using methods that require homogenisation of the sample, such as metagenomics
(Sheth et al., 2019). The spatial structure of a community can be observed directly
using microscopy as in the HiPR-FISH (high-phylogenetic-resolution microbiome
mapping by fluorescence in situ hybridization) method described by Shi et al. (2020),
which utilises hundreds of 16S rRNA gene targeting fluorescently labelled probes.
The method has been used to reveal the effect of antibiotic treatment on the spatial
structuring of mouse gut microbiome as well as the temporal structural variation of
human oral biofilm. The spatial associations of different bacteria can also be
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observed using sequencing-based methods, such as MaPS-seq (metagenomic plot
sampling by sequencing) by Sheth et al. (2019) and SAMPL-seq (Split-And-pool
Metagenomic Plot-sampling sequencing) by Richardson et al. (2025), which have
been used for the analysis of gut microbiomes in mice and humans, respectively. In
both of the methods, the bacterial sample is embedded into a polymer matrix, which
is then fractured and barcoded so that all of the particles have a unique barcode.
While in MaPS-seq the barcoding is achieved using microfluidics and barcoded
beads, in SAMPL-seq split-pool barcoding is used.

1.3 Aims of the thesis

The first aim of this thesis is to present how the common next-generation sequencing
based approaches are currently often used for the analysis of bacterial communities,
essentially to answer the question “who is in the community?”. This question is
answered in Chapter I and Chapter II by using the 16S rRNA gene amplicon
sequencing.

In Chapter I the specific aim is to explore how endophytic bacterial
communities respond to glyphosate-based herbicide (GBH) and phosphate
treatments in various potato, faba bean and oat tissues in two different growth stages
of the plant, the vegetative and the flowering stages. Additionally, based on the
taxonomy, the potential sensitivity to glyphosate of the bacteria is determined using
an in silico-based approach.

In Chapter II, the aim is to identify factors that affect the gut microbiota of two
odonate species, the damselfly Lestes sponsa and the dragonfly Sympetrum
vulgatum. Alongside four different environmental factors — host species, sex,
habitat and season — the effect of diet, obtained using the sequencing of the
cytochrome c oxidase subunit I (COI) gene, is investigated.

The second aim of this thesis is to develop and present novel tools and methods
for the study of complex microbial communities, such as the ones studied in
Chapters I and II, essentially to be able to answer the questions “who is doing
what?”” and “who is interacting with whom?”. This is the shared aim of Chapter 111
and Chapter IV.

Chapter III presents Prider, a computational tool we recently developed, which
enables efficient primer and probe designing for multiplex single-cell and screening
applications with a variety of targets. The primary aim of Prider is to be able to
efficiently design a minimal set of primer or probe sequences that have the highest
possible coverage of the input DNA sequences, regardless of the number of target
sequences in the input. Another key aim is ease of use with minimal user intervention
required.
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Chapter IV describes a single-cell sequencing method we recently developed,
which combines porous polyacrylamide beads with split-pool barcoding for the
analysis of both the microbial genetic heterogeneity in a community as well as the
spatial structure. As there are already many methods capable of single cell analysis
of microbiomes, one fundamental aim is to develop a method that is easy to set up
and does not require specialised or expensive equipment or materials, such as those
used in microfluidics.
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2 Materials and Methods

Table 1 summarises the key methods used across this thesis and the chapters in which
the methods have been utilised.

Table 1. List of methods used in different chapters of the thesis.

Method Chapter

Plant tissue sampling |
Insect sampling Il
DNA extraction I, 1l

PCR 1, 1,1V
Primer design 1\
Emulsion PCR \%
Split-pool barcoding 1\
NGS read processing L1V

Alpha diversity analysis I, 1l
Constrained analysis of principal coordinates ||, Il
(CAP)
Indicator species analysis I, 1l
Differential abundance analysis 1Ll
In silico EPSPS analysis |

Benchmark testing 1l

2.1 Chapter |

211 Fieldwork and data collection

The experimental field plots were located in southwestern Finland at the Ruissalo
Botanical Garden (60°26'N, 22°10'E). The plots (23 m x 1.5 m each) consisted of 10
glyphosate-based herbicide (GBH)-treated plots and 10 water-treated control plots,
which were divided in half: one half (subplot) treated with phosphate, the other with
water, which resulted in four treatment groups: control, GBH, phosphate and GBH

20



Materials and Methods

with phosphate. The GBH-treated plots had been treated twice a year with GBH
Roundup Gold for 7 years, the phosphate subplots with phosphate for 3 years,
following the standard agricultural dosages as described by Helander et al. (2019).
Briefly, in May 2020, prior to the experiment, each phosphate plot was sprayed with
80g of phosphate (Yara Ferticare) followed by each GBH plot being sprayed with 3
litres of Roundup Gold (450 g/isopropylamine glyphosate salt, CAS: 38641-94-0,
6.4 litres/ha in tap water) per plot. The control plots were sprayed with 3 litres of tap
water. Two weeks after the treatments, 6 potato tubers (Solanum tuberosum, var.
‘Ditta’), 15 oat seeds (Avena sativa) and 10 faba bean seeds (Vicia faba) were
planted on each subplot.

Plant tissue samples of each treatment were collected from 10 replicate subplots:
root and leaf samples from all the plants, nodules from the faba beans and tubers
from the potatoes. The samples were collected at early (July 8th & 9th) and late
summer (August 17th & 18th) during vegetative and end of flowering stage,
respectively, except for potato tubers, which were only sampled in late summer. The
plant samples were extracted using sterile scissors from the disease-free parts of the
plant and kept in plastic bags on ice until they were washed with tap water and cut
into 100 mg samples. Each sample was washed in 70% ethanol for a minute, 3%
chloramine for 3 minutes and then rinsed three times in autoclaved MilliQQ water for
1 minute. The samples were dried and stored at -80°C.

Frozen tissue samples were homogenised, and an Invisorb Spin Plant Mini Kit
was used for the DNA extraction. The sample DNA concentrations were normalised
for PCR. The V6-V8 region of the 16S rRNA gene was amplified, tagged and
barcoded using nested PCR and amplicons sized 350-500 bp were selected for
sequencing. The sequencing was conducted using the Ion 316™ Chip v2 in an Ion
Personal Genome Machine (PGM™),

21.2 Data and statistical analyses

The 16S rRNA gene amplicon sequencing data was processed using Nextflow
v.22.04.5 pipeline Ampliseq v.2.4.0 (Straub et al., 2020). Briefly, in the pipeline,
FastQC (Andrews, 2010) was used for the raw read quality control, and the primer
trimming was performed by Cutadapt (Martin, 2011). DADA2 (Callahan et al.,
2016) and Barrnap (Seemann, 2018) were used to process the files into amplicon
sequence variants (ASVs). The taxonomic classification was performed by DADA2
with the SILVA database (Yarza et al., 2014) as the reference.

The statistical analyses were performed using R v.4.4.3 (R Core Team, 2025)
and Rstudio (Posit team, 2025) at ASV level unless otherwise stated and were
conducted separately for each plant tissue and growth stage. The ASVs belonging to
the domain Eukaryota or the phylum Cyanobacteria were filtered out. To identify if
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the treatments had a significant effect on the alpha diversity of the plant endophytic
communities, package mia v.1.14.0 (Ernst et al., 2022) was used for calculating the
average Shannon diversity for each sample over 100 rarefaction rounds. The
rarefaction depth was determined so that it was the same across different treatments
within a plant tissue and growth stage and was the lowest possible read number that
was at least 15% of the median read number. The significance of the differences
between treatments was analysed using the two-sided Wilcoxon rank-sum test with
holm multiple comparison correction using the packages ggpubr v.0.6.0
(Kassambara, 2023a) and rstatix v.0.7.2 (Kassambara, 2023b).

To identify if the treatments altered the bacterial community compositions,
package vegan v.2.6-4 (Oksanen et al., 2022) was used to calculate the mean Bray-
Curtis dissimilarity between treatments using the same rarefaction depths as with the
alpha diversity analysis. Then, the constrained analysis of principal coordinates
(CAP) was performed using the mean Bray-Curtis dissimilarity indices as the
response variable and the GBH, phosphate and their interaction as the explanatory
factors. The significance of the CAP results was tested using an ANOVA-like
permutation test with 999 permutations.

Prior to any subsequent analysis, the samples were rarefied using the package
mia v.1.14.0 using the same rarefaction depths as with the alpha diversity analysis.
For the differential abundance analysis, only the ASVs with a prevalence of 0.1 were
used and the packages ALDEx2 v.1.38.0 (Fernandes et al., 2014), ANCOMBC
v.2.8.1 (Lin and Peddada, 2020), GuniFrac (ZicoSeq) v.1.8 (Yang and Chen, 2022),
dacomp v.1.26 (Brill et al., 2022) and eBay v.0.1 (Liu et al., 2020) were used.

The potential sensitivity or resistance to glyphosate of the bacteria was evaluated
using an EPSPS enzyme in silico analysis using the ATGC database (Kristensen et
al., 2017) as described by Mathew et al. (2022). Cut-off scores of <0.2 and >0.8
(range 0—1) were used for resistant and sensitive, respectively. The significance of
the differences in the abundance of the glyphosate-sensitive bacteria was evaluated
using the Wilcoxon rank-sum test from the package rstatix v.0.7.2. The p values were
corrected using the holm correction method.

2.2 Chapter Il

2.2.1 Sample and data collection

In this chapter, two common target odonate species — Lestes sponsa (suborder
Zygoptera) and Sympetrum vulgatum (Anisoptera) — were sampled in Jéarveld
(60°46'N, 22°39'E), Qvidja (60°30'N, 22°40'E) and Friskala (60°40'N, 22°23'E) in
Southwest Finland. The sampling was conducted in 2020 during the odonate flight
season at two time points: 261-28™ of July and 11%-13" of August. 18-22 adult
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individuals of both species and sexes, in each location and time point were sampled,
apart from in Friskala, where only L. sponsa was present. Once caught, each
individual was placed in a sterile 10-ml collection tube with a piece of dampened
paper towel for 24 hours. After the individual had defecated, the entire tube was
frozen.

The DNA was extracted from each of the odonate faeces separately using a
NucleoSpin Tissue XS Kit. To identify the odonate prey, two separate primer pairs
were used to amplify the two halves of the cytochrome ¢ oxidase subunit I (COI)
gene. For the microbiota analysis, the V4 region of the bacterial 16S rRNA gene was
amplified. The sequencing was conducted using Illumina MiSeq v3 PE 2x300 bp
sequencing with two technical replicate sequencing runs.

222 Data and statistical analyses

Prior to the processing of the sequencing data, the prey COI gene read sets were
combined and all subsequent steps were done separately for the prey and bacterial
16S rRNA gene sequencing data. The paired-end reads were merged and trimmed
using VSEARCH v.2.14.2 (Rognes et al., 2016). The bacterial reads were truncated
to 220 bp. Software cutadapt v.1.14 (Martin, 2011) was used for the primer removal
and USEARCH v.11 (Edgar, 2010) for the removal of the singletons, denoising and
chimera removal. The sets of zero-radius operational taxonomic units (ZOTUs) were
mapped back to the original trimmed reads for the read counts using VSEARCH.
ZOTUs from any sample that had fewer reads than the extraction or PCR controls
were removed. The BOLD Systems database (Ratnasingham and Hebert, 2007) was
used for the taxonomic classification of the prey (Vesterinen et al., 2020). The
bacterial ZOTUs were classified using VSEARCH with the “16S RDP training set
v18” USEARCH database. The reads assigned to the same taxa were collapsed and
the taxa that were present in only one of the two technical replicates were filtered
out. The read counts from the technical replicates were added together and any taxa
with < 0.05% proportion of the total reads in a sample or sequence count < 2 were
removed. Only the prey taxa assigned to phylum Arthropoda and bacterial taxa
assigned to the domains Bacteria or Archaea were kept. The data was normalised
using total sum scaling.

The statistical analyses of the data were conducted using R v.4.4.3 (R Core
Team, 2025) and Rstudio (Posit team, 2025) at ZOTU level unless otherwise stated.
The ASVs belonging to the class Cyanobacteria were filtered out. Dufrene-Legendre
Indicator Species Analysis for both the prey and the bacterial data at genus-level was
performed using R package labdsv v.2.1-0 (Roberts, 2023) and the p values were
adjusted using the Benjamini-Hochberg correction. The package vegan v.2.6-4
(Oksanen et al., 2022) was used for calculating the prey (genus-level) and bacterial
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Shannon diversities. The significance of the differences between the environmental
factors — odonate species, sex, sampling site and sampling season — was analysed
using the two-sided Wilcoxon rank-sum test with holm multiple comparison
correction from the packages ggpubr v.0.6.0 (Kassambara, 2023a) and rstatix v.0.7.2
(Kassambara, 2023b). The Spearman rank correlation test was used to assess the
correlation between the dietary and gut bacterial Shannon diversities.

To assess whether the environmental factors had an effect on the prey (species-
level) or the gut microbiota, the constrained analysis of principal coordinates (CAP)
was performed on Bray-Curtis dissimilarity indices using the package vegan v.2.6-
4. For the prey, if no species-level information was available, ZOTU was used. As
the site Friskala lacked Lestes sponsa samples, it was excluded from the analysis.
The significance of the model and the individual factors was tested using an
ANOVA-like permutation test with 999 permutations. As the sampling site and
season did not meet the test assumptions, the significance of individual factors was
only tested on odonate species and sex.

To identify if the prey had a significant effect on the gut microbiota assemblage
and to identify some key prey taxa, vegan package method “ordistep” was used to
build a model for CAP using the bacterial Bray-Curtis dissimilarity indices as the
response variable and the prey abundances at the genus-level as the explanatory
factors. Separate models were also built for L. sponsa and S. vulgatum. To assess the
significance, an ANOVA-like permutation test with 999 permutations was used.

2.3 Chapter Il

In this chapter a novel R package Prider was developed for the efficient designing
of primers and probes from complex and heterogeneous DNA sequence sets for
multiplexed assays. Prider was developed using C++11 and R v.4.0.5 (R Core
Team, 2025) package Rcpp v.1.0.7 (Eddelbuettel and Frangois, 2011). The
processing speed of Prider was assessed using two randomly generated FASTA
file sets, one containing 310 files with increasing number of bases per file (300
sequences each) and the other containing 300 files with increasing number of
sequences per file (465,000 bases each). Each file contained 10 replicates of each
number of bases or sequences, respectively. Prider is available at
<https://github.com/tamminenlab/prider>.

24 Chapter IV

In this chapter a novel polyacrylamide bead-based laboratory method was developed
and tested with the aim of being able to study complex microbial communities. The
exact protocol is detailed in Chapter IV.
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241 Polyacrylamide beads

Porous polyacrylamide beads were formed by combining 10 pL of bacterial cells (in
1xPBS), 52 pL 1xTE buffer, 5 pL of each of the three 100 uM acrydited forward
primers, 3 uL. 10% ammonium persulfate and 20 pL 30% acrylamide/bisacrylamide
suspension (37,5/1) with a RAN-TEMED mixture containing 0.5 pL of >99%
tetramethyl ethylenediamine in 100 pL of HFE7500 + 20g of 5 weight-% 008-
FluoroSurfactant RAN oil. The mixture was emulsified with a pipette and incubated
for approx. 17 hrs at 65°C. The cells used in the experiment were provided by
Microbial Domain Biological Resource Center HAMBI (Biodiversity Collections
Research Infrastructure (HUBCRI), Helsinki Institute of Life Science (HiLIFE)).
One set of beads contained the cells belonging to the species Comamonas
testosteroni and Brevundimonas bullata to mimic a physical interaction between the
two species and the other set of beads contained only the species Agrobacterium
tumefaciens to mimic the lack of interaction. After the incubation, the emulsion was
broken down using 97% perfluoro-1-octanol, the beads were washed with 1xTE
buffer and the two bead sets were combined. The beads were size filtered with a 70
um cell strainer.

The V4 region of the 16S rRNA gene, a 299 bp long target specific to A.
tumefaciens and a 283 bp long target specific to C. testosteroni of the cells
encapsulated in polyacrylamide beads were amplified in a 20-cycle multiplex
emulsion PCR in 16 replicates, with the amplicons attaching to the beads via the
acrydited forward primer. The emulsion was based on 4% ABIL EM 90 and 0.05%
Triton X-100 in mineral oil. After the PCR, the replicates were pooled, and the
emulsion was broken using water-saturated diethyl ether and water-saturated diethyl
acetate. The amplicons in the beads were made single stranded using NaOH and the
beads were washed with 1xTE buffer.

24.2 Split-pool barcoding and sequencing

In split-pool barcoding, barcode oligonucleotides were attached to the amplicons
created during the emulsion PCR via linker oligonucleotides. Briefly, in each of the
three rounds of split-pool barcoding the polyacrylamide beads were split into a 96-
well plate, each well containing a linker oligonucleotide and a unique barcode
oligonucleotide. Prior to the barcoding, the linker and the barcode were hybridised
so that the 5° end of the linker was available for hybridisation with the amplicon and
3’ end of the barcode was available for the next linker in the subsequent round of
barcoding. As the beads and the linker-barcode molecules were incubated, the linker
hybridised with the amplicon in such a manner that the 3’ of the amplicon was
adjacent to the 5° end of the barcode and could be ligated using T4 DNA ligase.
Subsequently, the ligase was inactivated with a heat-treatment and the linker-barcode
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molecules that were not hybridised were blocked by hybridising a blocker
oligonucleotide on the linker. After the barcoding, the beads were pooled and washed
with 0.1% SDS and 1xTE buffer. The protocol was then repeated twice more to
create a set of uniquely barcoded amplicons with 884,736 possible combinations of
barcodes. Alongside containing the barcode sequence, the first set of barcode
oligonucleotides contained a 10-nucleotide unique molecular identifier (UMI)
sequence.

After the split-pool barcoding, the DNA was made single stranded with NaOH,
and the beads were washed with 1xTE buffer. The DNA was detached from the
polyacrylamide beads using USER enzyme, which cleaves the uracil nucleotide in
the acrydited forward primer and was separated from the beads using a centrifuge.
The barcoded DNA was amplified using two rounds of PCR and indexed for
sequencing. The PCRs were conducted separately for the barcoded 16S rRNA and
A. tumefaciens-specific target. The sequencing was conducted using [llumina MiSeq
v2 PE 2x250 bp sequencing.

24.3 Data analysis

The adapter sequences were trimmed automatically by the Illumina FASTQ file
generation pipeline. The quality of the raw reads was then evaluated using FastQC
v0.12.1. (Andrews, 2010). Altogether, the sequencing returned 739,421 barcode-end
reads, which were analysed using R v.4.4.3 (R Core Team, 2025) and RStudio (Posit
team, 2025). Only the sequences with the expected barcode structure were included
in the analysis. The sequences outside of the barcode sequence were mapped against
the 16S rRNA gene sequences of Agrobacterium tumefaciens, Brevundimonas
bullata and Comamonas testosteroni and the expected amplicon sequence of the 4.
tumefaciens-specific target. The annotated reads were filtered based on the 10-nt
unique molecular identifier (UMI) sequence included in the first barcode
oligonucleotide, so that only reads with a UMI that was clearly associated with just
a single barcode and target were kept.
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3 Results and discussion

3.1 Plant microbiome responses to agrochemicals

In Chapter I, the conventional method of amplification and sequencing of the
hypervariable regions V6—V8 of the 16S rRNA gene was used. Using this approach,
various changes in plant endophytic bacterial diversity and community composition
in response to glyphosate-based herbicide (GBH) and phosphate as well as their
combination (GP) were identified. The observed changes were not only limited to
early or late growth stage of the plant or to one plant tissue but varied between these
factors.

Phosphate-containing treatments reduced the bacterial alpha diversity
(Shannon diversity) in the late growth stage potato leaves and tubers. Additionally,
in the early growth stage oat leaves, both GBH and phosphate reduced the alpha
diversity compared to the control. Some significant changes in response to the
treatments in the endophytic bacterial community compositions were observed in
the majority of the plant tissues and growth stages surveyed (Table 2). The shifts
were solely driven by GBH in potato roots, where the effect was stronger in the
early growth stage than in the late growth stage. The changes driven solely by
phosphate were observed in the late growth stage potato leaves and tubers as well
as late growth stage roots of oats. Both the GBH and phosphate treatments had a
significant effect on the late growth stage faba bean roots. In the early growth stage
faba bean leaves, phosphate was the major driver of the shifts, but some of the
changes were specifically driven by the GP treatment. Finally, some shifts in the
bacterial community composition were specifically driven by the GP treatment in
the late growth stage oat leaves. In the majority of the cases, the treatments
explained only a small amount of the variation observed. The shifts in the diversity
and the microbiota were somewhat reflected in the abundance of the glyphosate-
sensitive bacteria in some of the plant parts and growth stages. While the
abundance of glyphosate-sensitive bacteria increased in the late growth stage
potato leaves in response to phosphate and GP treatments, the abundance reduced
in the early faba bean leaves in response to the phosphate treatment. Additionally,
in the early growth stage oat leaves, GBH treatment reduced the abundance of
sensitive bacteria.
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Table 2. The variance in microbiota explained by the two first axes of the constrained analysis of
principal coordinates and the significance level of glyphosate-based treatment (GBH),
phosphate (P) and their combination/interaction (GP) for each plant part and growth
stage where treatment had a significant effect on the bacterial community. Significance

levels: *** p £0.001; ** p < 0.01; * p < 0.05.

Plant / Part / Stage Variance explained Significance
CAP1 CAP2 GBH P GP
Potato Root Early 4.99 % 3.05 % >
Potato Root Late 3.78 % 2.01 % *
Faba bean Root Late [6.79 % 2.84 % * *
Potato Leaf Late 19.06 % 1.84 % i
Potato Tuber 8.95 % 2.34 % e
Oat Root Late 5.87 % 2.55 % *
Faba bean Leaf Early |6.35% 2.99 % > *
Oat Leaf Early 3.96 % 2.68 % *

Previously it has been shown in lupine, strawberry and potato that the endophytic
bacterial communities respond differently to the GBH and phosphate treatments in
different plant tissues, and the results of Chapter I are in line with those observations
(Ramula et al., 2022; Mathew et al., 2023, 2024). Additionally, shifts in the
abundance of glyphosate-sensitive bacteria have previously been observed in
strawberry and potato (Mathew et al., 2023, 2024). However, in the study conducted
by Mathew et al. (2024) in the same site a year prior, GBH significantly affected the
microbiota of the potato leaves, rather than roots, and the effect of phosphate was
only seen in tubers, rather than leaves and tubers. Also, the shifts in the abundance
of glyphosate-sensitive bacteria in response to the treatments differed. The
conflicting results between the two studies could be caused by natural variations in
the plant endophytic or soil microbial communities as well as differences in various
environmental factors, such as the soil pH or the plant metabolites (Petrushin et al.,
2024).

All the significant and major shifts in the abundance of individual bacterial taxa
were in response to the phosphate treatments (Figure 1). Both of the phosphate
treatments increased the abundance of Sphingomonas faeni and reduced the
abundance of Stenotrophomonas maltophilia in the late growth stage potato leaves.
In the late faba bean leaves, the effect of phosphate on the S. maltophilia was the
opposite. Additionally, the phosphate treatment increased the abundance of
Allorhizobium-Neorhizobium-Pararhizobium-Rhizobium rhizogenes. Bacteria of the
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genus Stenotrophomonas are known for their beneficial health and growth-related
interactions with the host plant as well as phosphate solubilisation (Ryan et al., 2009;
Suliasih and Widawati, 2021). Bacteria belonging to the genus Allorhizobium-
Neorhizobium-Pararhizobium-Rhizobium form symbiotic relationships in root
nodules of leguminous plants and have previously been observed to become more
abundant in the rhizosphere in response to an increase in available phosphorus (Guo
et al., 2024).
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Figure 1. Relative abundances of (A) Sphingomonas faeni and (B) Stenotrophomonas maltophilia
in late potato leaves, (C) Allorhizobium-Neorhizobium-Pararhizobium-Rhizobium
rhizogenes in early and (D) S. maltophilia in late faba bean leaves. Comparing control
(C), glyphosate-based herbicide (G), phosphate (P) and G with P (GP) treatments.
Significant differences in abundance are indicated with a line and derive from multiple
differential abundance analysis estimators. Figure adapted from Chapter I.

As many of the previous studies on the plant endophytic microbiomes have not
considered the growth stage of the plant, one aim of this study was to reveal
potential growth-stage-dependent differences in the microbiome responses.
Although there were some exceptions, the majority of the changes driven by
phosphate in potato and oats were observed in the late growth stage and the effects
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of GBH were stronger in the early growth stage. Some of these effects could be
explained by the translocation of phosphate, glyphosate residues and degradation
products from the soil to the roots and to the leaves (Poirier and Bucher, 2002;
Singh et al., 2020). Glyphosate can affect the microbiome either directly, by
inhibiting the shikimate pathway or indirectly by changing the plant phenotype
(Ruuskanen et al., 2023). The lack of monitoring of external factors, such as
glyphosate residue and glyphosate degradation product (such as AMPA) levels,
and internal factors, such as phytohormone levels, were major limitations of
Chapter 1. However, previous monitoring has revealed that glyphosate residues
and AMPA are higher in the GBH-treated soil compared to the control soil 2—3
months after the pesticide application (Mathew et al., 2023). Although the
mechanisms of action and wider consequences remain elusive, Chapter I showed
that endophytic microbiomes of different plant tissues are affected by field-
realistic phosphate and glyphosate-based herbicide treatments and that the effect
is dependent on the growth stage of the plant.

3.2 Odonate gut microbiota, environment and diet

In Chapter II, the focus was on the gut microbiota of two carnivorous odonate
species, the dragonfly Sympetrum vulgatum and the damselfly Lestes sponsa. The
approach for determining the bacterial community assemblage was similar to the one
used in Chapter I, but here the target for amplification and sequencing was the
hypervariable region V4 of the 16S rRNA gene, as opposed to the V6-V8.
Additionally, the recent diet (prey) of the odonates was determined by the
amplification and sequencing of the cytochrome c oxidase subunit I (COI) gene.
Both the diet and the gut microbiota were determined from faecal samples. The
odonate species, sex (female/male), the sampling season (early/late) and site
(Friskala/Qvidja/Jérveld), hereafter the environmental factors, and the diet of the
odonates had a minor effect on the gut microbiota.

The majority of the odonate diet consisted of the order Diptera, which has also
been previously observed in other studies (Kaunisto et al., 2017, 2020). The most
common bacterial order found was Enterobacteriales. However, there was variation
between the biological replicates in regard to both the diet and gut microbiota. Only
one bacterial family, the family Enterobacteriaceae, had at least 1% abundance
across all the samples. This family includes various genera and species known to be
associated with the gut microbiotas of insects (Moran et al., 2005; Behar et al., 2005;
Rizzi et al., 2013). Some prey and bacterial taxa had weak but significant
associations with certain environmental factors. The aphid genus Anoecia was
associated with S. vulgatum and the diptera Microchironomus with the early season
odonates. Other more specific associations consisted of the ant genus Lasius being
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associated with the early flying season S. vulgatum in Friskala, the Diptera
Bryophaenocladius with the S. vulgatum in early Qvidja and Sepsis with the female
S. vulgatum in early Friskala. These kinds of associations are potentially related to
the availability of the food during the time of sampling. Additionally, the bacterial
genus Asaia was associated with the site Friskala and genus Ferruginibacter with
the S. vulgatum in the early season Friskala. The lack of strong associations and
somewhat high variability between the biological replicates was also reflected in
how much of the variation in the odonate diet or the gut microbiota the environmental
factors explained: only 4% of the variation in the diet and 3.2% in the gut microbiota.
Of the individual environmental factors, the odonate species was the only one to
have a statistically significant, albeit small, effect on either. These results were
somewhat in line with other dragonfly and damselfly gut microbiota studies where
the odonate species or the sampling site did not have a strong effect on the host gut
microbiota assemblage (Nobles and Jackson, 2020; Morrill et al., 2023).

The dietary and bacterial alpha (Shannon) diversities varied significantly
between the odonates, sampling sites and sampling seasons, and in some cases
followed the same patterns: both the dietary and bacterial diversities were higher in
S. vulgatum than in L. sponsa, early Jarveld had the lowest diversities compared to
the other sites as well as compared to the late season, and in Friskala the diversities
were higher in the early season than in the late season. The actual correlation between
the dietary and bacterial diversity was weak yet statistically significant: 11% for the
whole data (p = 0.025) and 25% specifically in the early flight season (p < 0.001).
This kind of correlation has previously been observed in other studies focusing on
other species of odonates (Deb et al., 2019). The potential impact of diet on the gut
microbiota was not limited to alpha diversity, but the abundance of various prey
genera was also found to have a significant effect on the bacterial community
compositions. Overall, the significant prey genera explained 11% of the variation in
the gut microbiota, the four most influential genera being Microchironomus, Hybos,
Paratanytarsus and Endochironomus. When the analysis was conducted separately
for the two odonate species, the diet significantly explained 9.1% of the gut
microbiota variation in S. vulgatum and 14.6% in L. sponsa. The diet had a stronger
effect on the microbiota than the environmental factors. Similar results have
previously been observed in Drosophila melanogaster (Chandler et al., 2011). Diet
is considered as one of the potential horizontal transmission routes of gut microbiota
(Lange et al., 2023) and although the proportion of variation in the gut microbiota
explainable by the diet was somewhat low in this study, some level of horizontal
transmission may have been observed. Insects are known for their intraspecific
variation of gut microbiota (Lange et al., 2023), hence the variation in the prey
microbiota may have resulted in the lack of any strong patterns between the odonate
gut microbiota and the diet.
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3.3 Methods for bacterial single-cell analysis

3.3.1 Prider: multiplexed primer and probe designing

In Chapter 111, the aim was to develop and describe a novel R package called Prider
(available at <https://github.com/tamminenlab/prider>), which addresses the need
for highly scalable primer and probe design tools that are suitable for scripting and
require minimal user intervention, particularly in the context of studying microbial
communities using multiplex molecular methods. More specifically, the aim was to
have a computationally efficient solution for the set cover problem (Shyu and Lee,
1990). This challenge occurs when designing primers or probes for multiplex
molecular experiments, as it requires creating a minimal set of primers or probes to
cover all sequences within a very large and heterogeneous set of target DNA, such
as potential antimicrobial genes.

Prider was tested with a set of randomly generated input FASTA files. The
coverage of primers designed by Prider was nearly optimal and the processing speed
was constant and linearly dependent on the total number of bases in the input files,
up to 9.03x10° bases. Scaling linearly to increasing data is especially useful in those
fields of microbiology in which the number of targets of interest can be in the
hundreds, such as surveillance of antibiotic resistance (Tamminen et al., 2020).

One key limitation of Prider is that the process of successful primer and probe
designing is not only reliant on finding potential target sequences. Some of the
primer/probe candidates designed may not be suitable for their intended application
for various reasons, such as due to formation of secondary structures or inappropriate
melting temperatures (Zangenberg et al., 1999). Furthermore, the package does not
evaluate the potential amplicon lengths. Hence, although Prider requires minimal
user input, the downstream steps of the primer or probe design process may require
more effort. In practice Prider could for instance be used for an efficient production
of large number of primer candidates, for example for a large set of known
antimicrobial resistance genes, which are subsequently screened for their
hybridization properties and amplicon lengths.

3.3.2 Polyacrylamide bead split-pool barcoding

The aim of Chapter IV was to develop and describe a novel method, polyacrylamide
bead split-pool barcoding, that could be utilised for single-cell analysis of complex
microbial communities for both the spatial analysis as well as linking genetic traits
to single cells. The method described in Chapter IV combines various elements
described previously in literature. Split-pool barcoding of eukaryotic single-cell
transcriptomes was first described by Cao et al. (2017) and Rosenberg et al. (2018)
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and since then, the method has been adapted for microbial single-cell RNA
sequencing by Kuchina et al. (2021). Split-pool barcoding has also been previously
combined with polyacrylamide beads for the barcoding of eukaryotic RNA in a
microfluidic-based method, where the polyacrylamide beads are first barcoded
without the presence of cells, and the cellular RNA or DNA is then barcoded using
the beads (Delley and Abate, 2021). Here, the intention was to use split-pool
barcoding to trace the origin of 16S rRNA gene amplicons and other PCR-
amplifiable genomic loci to their cell of origin. The identification of appropriate loci
and the conserved sequences within them for the PCR was facilitated by the Prider
software package, developed in Chapter III.

An overview of the polyacrylamide bead split-pool method is summarised in
Figure 2. Brevundimonas bullata and Comamonas testosteroni cells were
encapsulated together to mimic a spatial nearness in a community, while
Agrobacterium tumefaciens cells were encapsulated separately. In the multiplex
emulsion PCR, prior to the split-pool barcoding, three barcoding targets were
amplified: 16S rRNA gene region V4, a 299 bp long genomic target specific to 4.

Cell and primer encapsulation . .
during polymerisation of Multiplex emulsion Split-pool barcoding (1st round)
polyacrylamide beads PCR I

Detaching of fully barcoded target

DNA and PCR Sequencing Data analysis and visualisation

Figure 2. Polyacrylamide split-pool barcoding method overview. (A) Bacterial cells and acrydited
primers were encapsulated in polyacrylamide beads by polymerising acrylamide-
TEMED solution in emulsion droplets. In the present experiment, one set of beads (top)
contained just one strain, the other set (bottom) contained two strains. (B) The target
DNA was amplified in multiplex emulsion PCR, the amplicons attaching to the beads via
the acrydited primers. (C) The amplicons were split-pool barcoded. (D) The barcoded
DNA was detached from the beads and amplified and (E) sequenced with the lllumina
MiSeq™ system. (F) The reads from the sequencing were analysed and barcode
distributions visualised. The expected results for non-associated strains or targets on
the left and associated strains or targets on the right. Figure created using illustrations
from NIAID NIH BIOART. Figure adapted from Chapter IV.
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tumefaciens and a 283 bp long genomic target specific to C. testosteroni, the last one
not included in the post-split-pool barcoding PCRs due to issues with the amplicon.

3.3.21 Evaluation of the method

The structural integrity of the polyacrylamide beads and the successful encapsulation
of the bacterial cells was evaluated microscopically. The lysis and the release of
genetic material of the bacterial cells, which took place during the polyacrylamide
bead polymerisation, was evaluated indirectly using gel electrophoresis, i.e. by the
presence of correct sized bands, and confirmed with the sequencing data. The three
bacterial strains used — A. tumefaciens, B. bullata and C. testosteroni — all are
Gram-negative bacteria and therefore the lysis conditions were suitable for bacteria
with a cell wall. However, as the study did not include for example any Gram-
positive bacteria, biofilm structures or bacteria outside the phylum Pseudomonadota,
it is difficult to evaluate the suitability of the method for all types of microbial
communities, including those with certain spatial structures. Hence, an additional
enzymatic lysis, such as the one described by Spencer et al. (2016) in the epicPCR
protocol may be required.

The correct formation of the barcode was evaluated separately for the 16S rRNA
gene and the 4. tumefaciens-specific target reads. The correct structure of the
barcode was defined as follows: it contained the expected non-variable regions
between the barcode 3 (BC3) and BC2 variable regions, BC2 and BC1 variable
regions and the BC1 variable region and the target amplicon, the variable regions
were one of the 96 possible barcode sequences and the unique molecular identifier
(UM]) situated in the first barcode oligo was of the correct length (Figure 3). The
majority, 174,307 out of 242,826 barcodes in the 16S rRNA gene reads were
correctly formed, while only 80,924 out of 496,595 barcodes in the 4. tumefaciens-
specific target reads were fully correct. The low amount of correctly formed product
in the A. tumefaciens-specific target reads was mainly due to the lack of overhang
region supposed to be situated between the first barcode oligo and the target
amplicon. In those cases, the majority of the A. tumefaciens-specific target was also
missing, which was reflected in the gel electrophoresis results in which the majority
of the PCR product was approximately 300 bp shorter than expected. This issue
could be explained by secondary binding sites of linker oligos or primers
(Zangenberg et al., 1999), although no credible secondary sites were identified in the
computational analysis of the oligos, or by secondary structures during the PCRs,
potentially due to the high GC-richness (Frey et al., 2008) of the 4. tumefaciens-
specific target.
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Target Overhang BC1 BC2 BC3
~290 nt 20 nt 48 nt 38 nt 47 nt
- I lnmizzzz 777 7 A
v ) v ' ) . : )

Figure 3. The structure of the full split-pool barcode attached to the target DNA. Different parts
are indicated with different colours (from left to right): target DNA attached to the bead
in dark blue, overhang region in blue, barcode 1 (BC1) in purple, BC2 in orange and
BC3 in red. The 10-nt UMI region is indicated with vertical lines and the 8-nt variable
regions in each BC with diagonal lines. Curly brackets indicate the non-variable regions
used for the filtering of the barcodes. Figure from Chapter IV.

One key aim of the method described in Chapter IV was to be able to estimate
the physical proximity of different bacterial species in a sample. This aspect of the
method was tested by including only one type of bacteria (4. tumefaciens) in one set
of the polyacrylamide beads and two types of bacteria (C. testosteroni and B. bullata)
in the other set. In the event of a physical co-occurrence, the 16S rRNA gene
sequences corresponding to the different cell types are expected to co-occur
associated with a single barcode (Figure 2F, right). Conversely, for non-co-occurring
cells, no other 16S rRNA gene sequences are expected to be associated with a single
barcode (Figure 2F, left). For the analysis of the barcode-target associations, the
three 8-nt-long variable regions from the BC1, BC2 and BC3 (Figure 3) were
concatenated to form one 24-nt barcode sequence, resulting in 1,583 unique
sequences. The sequencing data showed that C. testosteroni and B. bullata shared
184 unique barcodes, while 4. tumefaciens was associated with C. festosteroni 47
and with B. bullata 31 times (Figure 4). To put these values in perspective, 262
unique barcodes were exclusively associated with A. tumefaciens, 258 with B.
bullata, 538 with C. testosteroni and 118 with A. tumefaciens-specific genomic
target. The second key aim of the method was to be able to link a genomic target, in
this case the A. tumefaciens-specific genomic target, with the taxonomic information
obtained from the 16S rRNA gene. For a given genetic target occurring within a
particular cell type, it is expected to observe the sequence corresponding to this
genetic target in a barcode shared with the corresponding 16S rRNA gene sequence
(Figure 2F, right). The A. tumefaciens-specific target shared a unique barcode with
A. tumefaciens 51 times, whereas the number of shared barcodes were 2 and 12 with
B. bullata and C. testosteroni, respectively (Figure 4). Altogether, these results
indicate that the phylogenetic localization of a genetic target can be traced back to
the relevant cell type, with the noise caused by the crosstalk between the beads
remaining minimal albeit not non-existent.
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Barcode distributions and associations with the targets. Each point represents a
barcode and its position the number of times it was associated with (A) A. tumefaciens
or B. bullata, (B) C. testosteroni or B. bullata, (C) C. testosteroni or A. tumefaciens, (D)
A. tumefaciens or A. tumefaciens-specific target, (E) B. bullata or A. tumefaciens-
specific target and (F) C. testosteroni or A. tumefaciens-specific target. Panels B and D
are expected to have a higher proportion of points that are = 10 for both targets, while
the other panels ideally should have none. Blue points represent barcodes associated
with any three targets (n = 74), orange points with all four targets (n = 6). Ideally the
number of these points should be minimal. Percentages are the proportion of barcodes
that were solely associated = 10 times with both respective targets. X and Y axes are
on pseudo-logarithmic scale. Figure adapted from Chapter IV.
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3.3.2.2 Future perspectives

The aim of Chapter IV was to demonstrate a high-throughput polyacrylamide bead
split-pool barcoding method for studying both the physical interactions as well as
genetic heterogeneity in microbial communities. Although the method performed
well with the system used in this study, three key aspects still need to be further
optimised. Firstly, the polyacrylamide bead split-pool barcoding method was tested
with a three-species mock bacterial community. As natural microbial communities
can be extremely diverse (Leviatan et al., 2022; Labouyrie et al., 2023), the
performance of the method with highly complex communities needs to be tested in
the future, initially with a more diverse mock community. Secondly, during the
development and optimisation of the method, an excess number of cells was used,
resulting in multiple cells per polyacrylamide bead. To be able to capture intra-
species genetic heterogeneity, the method needs to be optimised to a single-cell
resolution, thus the average number of cells per bead needs to be less than one. It is
yet to be established whether an appropriately low cell density can be determined
microscopically or whether flow cytometry is required. Thirdly, the number of
samples that can realistically be barcoded using the method is currently very limited,
as both the emulsion PCR and the split-pool barcoding are laborious workflows, and
each sample needs to be processed separately. Hence, an additional sample-specific
tagging should be included in the process, for example as part of the polyacrylamide
bead polymerisation step.

Other potential future aspects to consider include re-evaluation and expansion of
the targets of interest. During the optimisation process, the V4 region of the 16S
rRNA gene and genomic targets specific to the bacterial strains used were barcoded.
However, the taxonomic resolution of the V4 region may not be sufficient enough
for natural bacterial communities (Johnson et al., 2019), hence, including other
hypervariable regions of the 16S rRNA gene may improve the accuracy. Expanding
the number and scope of the targets of interest will also require further optimisation
and will be highly dependent on the type of model system used in future experiments.
Furthermore, as the polyacrylamide bead size was only controlled by using a 70 pm
cell strainer, the remaining beads ranged significantly in size, the smaller ones being
approximately 20 um in diameter. Thus, it may be worth investigating how different
bead sizes affect the results of the method, as larger beads may be able to hold more
DNA than the smaller beads.

3.4 Improving microbiological research with novel
methods

In Chapter I, the endophytic bacterial community compositions were determined
using 16S rRNA gene amplicon sequencing and their sensitivity to glyphosate was
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determined using an in silico analysis, based on the taxonomic conservation of EPSP
synthase. However, as a single mutation in the EPSP synthase active site can change
the status from sensitive to resistant and vice versa (Rainio et al., 2021), the in silico
analysis may not be completely accurate for all of the bacteria. This is potentially
supported by a study on bumblebee gut microbiome in which the abundance of the
bacteria thought to be glyphosate-sensitive significantly increased in abundance in
response to glyphosate treatment (Helander et al., 2023). Bulk sequencing methods,
such as the 16S rRNA gene amplicon sequencing utilised in Chapter I, or
metagenomic sequencing cannot capture the intraspecies heterogeneity of bacteria
(Brehm-Stecher and Johnson, 2004) leaving the associations between different
genetic variants and different bacteria ambiguous. To be able to completely capture
the variation in the EPSP synthase and heterogeneity in the glyphosate-sensitivity of
bacteria, single-cell methods, such as the polyacrylamide bead split-pool method
described in Chapter IV, are required. This approach would first require designing
primers that amplify an appropriate target or targets within the gene encoding the
EPSP synthase, which could then be barcoded simultaneously with the 16S rRNA
gene target. Using the polyacrylamide bead split-pooling, the research could also be
expanded to other targets of interest such as bacterial genes and pathways that are
related to the health of the plant, allowing investigation of agrochemical-induced
shifts in the bacteria capable of protecting its host from infection or causing infection
(Rahme et al., 1995; Pan et al., 2008). Additionally, as some bacteria are capable of
degrading glyphosate, other targets of interest could be found within pathways
involved in the glyphosate metabolism (Dick and Quinn, 1995). These could for
instance help to explain the shifts in the endophytic microbiota. It may also be
possible to extend the analysis to other common targets within the microbiome, such
as fungi. The design of the new primers could be facilitated by the Prider package
described in Chapter I11.

In Chapter II the gut microbiota of two odonate species was determined using
the 16S rRNA gene amplification and sequencing approach. No specific features of
the microbiome were attempted to be inferred from the taxonomy in this study, like
in Chapter I, but there are several known genetic potential targets of interest
relevant to the digestion and health of insects in bacteria. Suitable additional targets
could be within for example useful bacterial pathways related to the breakdown of
complex carbohydrates, micronutrient synthesis or protection against pathogens
(Saqib et al., 2023) or related to pathogenic bacterial activities such as virulence
factors or genes related to toxin production (Castagnola and Stock, 2014). Expanding
the research to these kinds of targets using the polyacrylamide split-pool barcoding
method would provide a deeper understanding of the functional potential of the
odonate microbiomes.
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Bacteria are known to form specific spatial structures as a result of beneficial
interactions and active avoidance between cells (Nielsen et al., 2000). Although this
aspect was not the focal point of either Chapter I or Chapter II, investigating these
bacterial associations using the polyacrylamide bead split-pool barcoding method
could provide insights into the spatial biogeography and bacterial associations in
both plant bacterial communities and insect gut microbiomes (Smith et al., 2017;
Cao et al., 2023), enhancing the understanding of how microbial communities are
shaped in a variety of environments. Other spatial ecology methods have previously
observed changes in the bacterial associations in response to dietary alterations in
human and mouse gut microbiomes, demonstrating how external factors can impact
the organisation of microbial communities (Sheth et al., 2019; Richardson et al.,
2025). Observing the spatial biogeography of endophytic communities and insect
gut microbiomes would be especially interesting, as bacteria differ in their capability
to utilise and break down different substances, including glyphosate (Manogaran et
al., 2018; de Lima et al., 2024). The ability to break down nutrients, glyphosate or
other substances may not only benefit the bacteria possessing these capabilities, but
also the surrounding bacteria, by either removing harmful substances from their
environment or by facilitating metabolic cross-feeding.
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4 Conclusion

Bacteria exist almost everywhere and affect the well-being and health of nearly
everything living on Earth (Cockell, 2021; Ma et al., 2023; Virgo et al., 2025). They
form heterogeneous microbiomes, multispecies communities, with specific spatial
structures where they interact with each other and their environment (Yanni et al.,
2019; Andam, 2019; Berg et al., 2020). In my thesis | have showcased the information
that can be extracted from these communities using conventional methods and what
may be possible in the future with new methods. In Chapter I, I identified various
growth stage-dependent shifts in the diversity and the assemblage of the endophytic
microbiota of potato, faba bean and oat in response to glyphosate-based herbicide and
phosphate. In Chapter II, I explored how different environmental factors and diet
affect the odonate gut microbiota. This chapter provided evidence that although the
gut microbiota varies greatly between individual odonates, both environmental factors
and diet have a minor effect on both the diversity and the assemblage of the
community. Chapter III and Chapter IV presented novel tools we have developed to
aid and improve the analysis of microbial communities. Chapter III presented a
computational primer and probe designing tool Prider, specifically aimed for the
analysis of complex and heterogeneous microbiomes. Chapter IV presented a
laboratory method, polyacrylamide bead split-pool barcoding, designed for capturing
both the genetic heterogeneity and spatial structuring of microbial communities.

Microbiome research has most often relied on the amplification and sequencing
of the 16S rRNA gene, answering the question “who is there?” (Bose and Moore,
2023; Bartos et al., 2024). Although this approach has produced an invaluable
amount of new information about microbial communities across a plethora of
systems, including the ones described in Chapter I and Chapter II, a much better
understanding of the microbiomes can be gained using high-throughput single-cell
methods (Brehm-Stecher and Johnson, 2004; Tedersoo et al., 2021; Stromberg et al.,
2023). Additionally, efficient computational tools are required for the designing
stage of new experiments (Kreer et al., 2020). The use of these new methods allows
us to ask and answer question such as “who is doing what?” and “who is interacting
with whom?”, extending both the amount and the scope of insights we can extract
from a variety of microbiomes.
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