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Abstract 

Anaerobic digestion can be used to obtain renewable energy in the form of biogas from various 
sources and thus, to valorise organic wastewaters or residues. Under anaerobic conditions, 
microorganisms break down organic matter in multiple steps to biogas, i.e. mainly methane 
and carbon dioxide. The microorganisms accomplishing this process and their complex 
interactions are not well understood yet. The aim of this thesis is to investigate the microbial 
community in various anaerobic digestion systems and to provide insights into understudied 
systems, using molecular methods such as amplicon-based sequencing and metagenomics. 
Samples from anaerobic digestion systems of various sizes, setups, and using a variety of 
substrates, are analysed by amplicon-sequencing based methods to investigate their microbial 
community composition. The suitability of three databases for taxonomic classification is 
evaluated before choosing one for taxonomic profiling of the systems. The results are 
contextualised with a publicly available dataset to find global patterns in the taxonomic profiles 
of diverse anaerobic digestion systems. Selected systems are further investigated by a 
metagenomic approach. Metagenome-assembled genomes (MAGs) are recovered after long-
read sequencing. They are functionally annotated to obtain information about their potential 
roles in the investigated systems. The amplicon-sequencing based analysis of various 
anaerobic digestion systems revealed patterns in the community composition and first insights 
into the potential roles of taxa. Amplicon sequence variants (ASVs) were found to be 
predominantly system-specific. After long-read sequencing of samples from two systems 
treating industrial wastewater, 419 MAGs were obtained. In a functional analysis, pathways 
and metabolites were assigned to MAGs. A number of MAGs that could be responsible for the 
production of acidogenesis products could be identified and the results revealed interesting 
potential interactions between acetogenic and sulphate reducing bacteria and methanogens. 
The genes encoding enzymes for hydrogenotrophic and acetoclastic methanogenesis were 
found in all archaeal MAGs. Overall, this thesis provides insights into the microbial community 
and their potential functions.  
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Kurzzusammenfassung 

Anaerober Abbau kann verwendet werden, um aus verschiedenen Quellen erneuerbare 
Energie in Form von Biogas zu gewinnen und damit organische Abwässer oder Reststoffe zu 
valorisieren. Mikroorganismen bauen in einer anaeroben Umgebung organisches Material in 
mehreren Schritten zu Biogas, also größtenteils Methan und Kohlendioxid, ab. Die 
Mikroorganismen, die diesen Prozess durchführen, und deren komplexe Wechselwirkungen 
sind noch nicht vollständig erforscht. Das Ziel dieser Arbeit ist es, durch die Verwendung 
molekularer Methoden wie amplikonbasierte Sequenzierung oder Metagenomik die 
mikrobielle Gemeinschaft in unterschiedlichen Biogasanlagen zu untersuchen und Einblicke 
in noch nicht erforschte Systeme zu vermitteln. Proben aus Biogasanlagen, die 
unterschiedliche Größen und Konfigurationen haben und unterschiedliche Substrate 
verwenden, werden durch auf Amplikonsequenzierung basierenden Methoden analysiert, um 
die Zusammensetzung ihrer mikrobiellen Gemeinschaften zu untersuchen. Die Eignung von 
drei Datenbanken für die taxonomische Klassifizierung wird bestimmt, bevor eine für die 
Erstellung von taxonomischen Profilen der Systeme verwendet wird. Die Ergebnisse werden 
durch einen öffentlich verfügbaren Datensatz kontextualisiert, um globale Muster in den 
taxonomischen Profilen von diversen Biogasanlagen zu finden. Ausgewählte Systeme werden 
durch einen metagenomischen Ansatz weiter untersucht. Metagenom-assemblierte Genome 
(MAGs) werden nach einer Long-Read-Sequenzierung gewonnen. Diese werden funktionell 
annotiert, um Informationen über ihre potenziellen Rollen in den untersuchten Systemen zu 
erhalten. Die auf Amplikonsequenzierung basierende Analyse der unterschiedlichen 
Biogasanlagen zeigte Muster in der Zusammensetzung der Gemeinschaften, sowie erste 
Einblicke in die potenziellen Rollen von Taxa. Amplicon Sequence Variants (ASVs) erwiesen 
sich als überwiegend systemspezifisch. Nach der Long-Read-Sequenzierung von Proben aus 
zwei Systemen, welche industrielles Abwasser behandeln, wurden 410 MAGs gewonnen. In 
einer funktionellen Analyse wurden Stoffwechselwege und Metabolite MAGs zugeordnet. 
Einige MAGs, die für die Herstellung von Acidogenese-Produkten zuständig sein könnten, 
konnten identifiziert werden und die Ergebnisse zeigten interessante potenzielle Interaktionen 
zwischen acetogenen und Sulphat-reduzierenden Bakterien und Methanogenen. Die Gene, 
welche die Enzyme für hydrogenotrophe und acetoklastische Methanogenese codieren, 
wurden in allen MAGs, welche als Archaea klassifiziert wurden, gefunden. Insgesamt gibt 
diese Arbeit Einblicke in die mikrobielle Gemeinschaft und ihre potenziellen Funktionen.  
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1 Introduction 

1.1 Organic wastewater and residues in industry 

Various industrial sectors such as chemical, mining, agro-industry, food processing, or paper 
depend on large amounts of water (Singh et al. 2023). In Europe, 54 % of water that is used 
for human activities are used for industrial purposes (Granger et al. 2019). This is accompanied 
by large volumes of wastewater, which is often characterised by high concentrations of organic 
matter and pollutants such as sulphate (Wu et al. 2025; Drosg et al. 2021).  

On a global scale many counties do not have elaborated reporting systems regarding the 
amount of wastewater that is produced and treated (UN-Water 2024). Nevertheless, UN-Water 
calculated that only 27 % of the wastewater produced in 2024 were safely treated (UN-Water 
2024). Discharging wastewater, which is not properly treated, to water bodies leads to 
environmental pollution and risks for human health, e.g. by contaminating drinking water 
sources (Cai et al. 2016; Singh et al. 2023). Wastewater treatment is therefore an important 
topic for industries. On the one hand, negative effects on the environment can be limited by 
treating wastewater before discharging it. On the other hand, the reuse of water can contribute 
to a reduction of freshwater demand which is an important issue for developments such as 
climate change (UN-Water 2024; Granger et al. 2019). This task can either be outsourced to 
urban wastewater treatment plants, or wastewater can be treated on-site, for example in 
biological systems (Granger et al. 2019; Singh et al. 2023). 

In the paper making process, the raw material is washed and cleaned before it is stewed (Liang 
et al. 2023). Then, chemicals are applied to disintegrate the raw material during pulping, i.e. 
obtaining cellulose by separating lignin from the fibres (Liang et al. 2023). The pulp is washed 
and contaminating materials are removed in a screening step (Liang et al. 2023). The cleaned 
pulp is bleached and then used to produce paper (Liang et al. 2023). The wastewater resulting 
from the pulp and paper industry is usually highly biologically degradable (Möbius 2010). The 
main components are dissolved substances derived from wood, i.e. poly- and oligosaccharides 
from hemicelluloses and lignin-based substances (Möbius 2010; Lindholm-Lehto et al. 2015). 
Thus, the wastewater is made up of easily degradable carbohydrates such as starch, amylose, 
and cellulose and difficult to degrade lignin derivatives (Möbius 2010; Liang et al. 2023). One 
of the main sources of wastewater in the paper making process is pulping (Liang et al. 2023). 
The stewing step introduces black liquor to the waste stream and bleaching introduces 
organochlorides (Liang et al. 2023). White water, which is the wastewater from the final step 
of turning pulp into paper, introduces materials such as fillers and rubbers to the wastewater 
(Liang et al. 2023). Nevertheless, there are typically only low amounts of toxic substances in 
the wastewater because most chemicals that are used in the paper making process are not 
water soluble (Möbius 2010). However, resin acids, organochlorides and, especially in 
factories that recycle wastewater, sulphate can be found in the wastewater (Möbius 2010; 
Liang et al. 2023; Meyer and Edwards 2014; Lindholm-Lehto et al. 2015). 

Similarly, wastewaters are produced along the steps of processing corn or other feedstocks to 
obtain starch (Drosg et al. 2021). The cleaned corn is softened in a steeping step and then 
germ, fibre, and gluten are separated from the starch (Eckhoff and Watson 2009). The resulting 
starch slurry is dried to obtain corn starch or modified to obtain modified starch products 
(Eckhoff and Watson 2009; Juneja et al. 2019). Starch saccharification can be done to obtain 
simpler sugars such as glucose from starch (Drosg et al. 2021). Steeping, i.e. mixing corn with 
water and sulphur dioxide, softens the cleaned corn, loosens the protein matrix that surrounds 
the starch, and thus prepares it for wet milling (Eckhoff and Watson 2009; Juneja et al. 2019). 
In the first stage of steeping, lactic acid is produced by an active Lactobacillus sp. fermentation 
(Eckhoff and Watson 2009). Water is often re-used by circulating it within the process and large 
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amounts of wastewater are thus avoided (Drosg et al. 2021). The main contributors to the 
wastewater are condensates from steeping or drying, and wash waters which yields a usually 
acidic wastewater with easily biodegradable compounds such as residual starch, simple 
sugars, and lactic acid, but also considerable amounts of sulphate, derived from the sulphur 
dioxide (Drosg et al. 2021; Neogi 2020; Shubhaneel et al. 2018). 

Besides wastewater, a variety of residues accrue in industries such as the agro-industrial 
sector. Considerable amounts of wastes such as crop residues or molasses are produced by 
industries that process agricultural products. They can partially be turned into by-products and 
used as animal feed or fertilizer but as they are available in excess, they are often disposed at 
landfills and incinerated. This releases gaseous pollutants and valuable nutrients are lost. 
(Ogbu and Okey 2023) 

To establish circular economies it is therefore essential to valorise both types of waste instead 
of disposing them. An attractive way of dealing with accumulating organic waste is anaerobic 
digestion (AD) (Stoyancheva et al. 2023). This technology is traditionally used to obtain 
methane as an energy carrier from energy crops such as corn silage (Weinrich and Nelles 
2021). However, it is versatile and a wide range of substrates can be used, including complex 
wastes such as industrial wastewaters or residues (Weinrich and Nelles 2021; Camargo et al. 
2023). AD can be seen as a sustainable waste and wastewater treatment technology, breaking 
down organic matter and producing renewable energy (Wu et al. 2025; Wall and O’Shea 2025). 
By applying AD, industries can reduce their environmental impact and become independent 
from fossil fuels at the same time (Stoyancheva et al. 2023; Wall and O’Shea 2025). 

1.2 Principles of anaerobic digestion 

AD is used worldwide to obtain renewable energy from various sources of organic matter such 
as energy crops, harvest residues, organic by-products, and waste (Weinrich and Nelles 2021). 
This is done by breaking down organic matter and capturing the stored energy in the form of 
methane (Weinrich and Nelles 2021; Cai et al. 2016). It outcompetes aerobic waste treatment 
and is an essential technology for replacing fossil energy with renewable energy to cope with 
the finite energy reserves and tackle the climate crisis (Weinrich and Nelles 2021). 

Under anaerobic conditions, microorganisms break down organic matter and convert it to 
biogas in several steps (Da Costa Gomez 2013). The conversion process will be elaborated in 
more detail below. The biogas composition mainly depends on the substrate, with typically 45-
75 % methane (CH4) and 25-45 % carbon dioxide (CO2) (Weinrich and Nelles 2021; Da Costa 
Gomez 2013). Besides these main components, substances such as water vapour, hydrogen 
(H2), hydrogen sulphide (H2S), or ammonia (NH3) can be found at lower concentrations 
(Weinrich and Nelles 2021; Da Costa Gomez 2013). In many cases, the produced biogas is 
used directly on-site for heat and electricity generation after drying and desulphurisation 
(Weinrich and Nelles 2021). However, it can alternatively be fed into the gas grid to replace 
natural gas if it is cleaned (‘upgraded’) to reach a concentration of approximately 98 % 
methane (Weinrich and Nelles 2021; Da Costa Gomez 2013). The non-gaseous residues 
(‘digestate’) can be used as fertiliser or, in the case of applying the technology as wastewater 
treatment, discharged. 

The AD process is influenced by multiple parameters such as substrate characteristics, reactor 
type, and pH (Camargo et al. 2023; Domínguez-Espinosa et al. 2023). 

1.2.1 Substrates for anaerobic digestion 

As mentioned above, a broad range of substrates can be used in AD. Their suitability for and 
impact on the process is determined by various factors. One of the most important factors is 
the composition of the feedstock, thus providing the nutrients needed for the metabolism of the 
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anaerobic microbial community (Al Seadi et al. 2013). Therefore, suitable substrates have high 
content of sugar, starch, proteins, or fats (Al Seadi et al. 2013). 

Nutrients, including macro- and micronutrients, should be supplied in a suitable ratio. The 
organic matter should be easily biodegradable, as the digestibility of the substrate has an 
impact on both, the decomposition efficiency and time. The digestibility of some materials can 
be improved by pre-treatment which decreases particle sizes or breaks down complex biomass 
such as lignin. Regarding the components of the substrate that is fed to the AD reactor, 
substances with toxic or inhibitory effects on the microbial community should be avoided. 
Moreover, the efficiency of AD is optimal around a neutral pH and thus, substrates with a 
buffering capacity in this range are preferred in traditional setups. Balancing all of these factors 
in an optimal way will lead to a stable process and high methane yield. If one substrate does 
not have optimal composition, this can be achieved by mixing various substrates and running 
the process as a co-digestion. Another important substrate parameter is the dry matter content. 
However, the optimal value strongly depends on the reactor type. In general, the dry matter 
content should be in a range that ensures the reactor content can be properly stirred. (Al Seadi 
et al. 2013) 

Apart from the described characteristics, availability of the substrates is important. They are 
provided by various sectors, including the agricultural, industrial, and municipal sector (Al 
Seadi et al. 2013). Renewable raw materials from the agricultural sector are the most widely 
used substrates in Austria and Germany (Weinrich and Nelles 2021; Al Seadi et al. 2013). In 
these countries, energy crops are often solely grown for this purpose due to their high methane 
potential (Al Seadi et al. 2013; Weinrich and Nelles 2021). However, this drastically reduces 
the sustainability of the process because a considerable amount of resources and energy are 
needed to provide the crops and their production is in direct competition with food production 
(Al Seadi et al. 2013). It is therefore highly preferable to use by-products or waste, as this 
requires fewer resources and, simultaneously, they are valorised (Al Seadi et al. 2013). In this 
regards, industrial waste and residues are a promising alternative, but to date, they are only 
used in a small number of biogas plants (Weinrich and Nelles 2021). One possible 
disadvantage preventing widespread adoption is that waste streams can contain pollutants 
that originate from the industrial processes, which can inhibit AD and make the digestate 
unsuitable as fertiliser (Al Seadi et al. 2013). However, they are often mainly made up of easily 
digestible components with high methane potential (Al Seadi et al. 2013) and their suitability 
for AD should be investigated in more detail. 

1.2.2 Reactor technology 

1.2.2.1 Reactor types 

In Europe, the most widely used reactor type for AD is the continuously stirred tank reactor 
(CSTR) (Wall and O’Shea 2025). They are well suited for substrates with high levels of solids, 
as long as the required complete mixing can be ensured (Show et al. 2020; Mao et al. 2015). 
However, CSTRs have several disadvantages. They are operated at low organic loading rates 
and long hydraulic retention times, i.e. the time the wastewater spends in the reactor (Show et 
al. 2020; Tauseef et al. 2013; De Lemos Chernicharo 2007). This means that the substrate can 
only slowly be fed to the reactor which requires large reactor volumes (Show et al. 2020; 
Tauseef et al. 2013). Moreover, biomass, i.e. the active microbial community, is not retained in 
the reactor but washed out with the effluent (Show et al. 2020; Tauseef et al. 2013). 

The Upflow Anaerobic Sludge Blanket (UASB) reactor which was designed by Lettinga et al. 
at Wageningen University (Lettinga et al. 1980) is better suitable for treating wastes with high 
water content, such as industrial wastewaters (Show et al. 2020; Tauseef et al. 2013). This 
reactor type supports granule formation and thereby retains the biomass inside the reactor, 
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even without carrier materials (Tauseef et al. 2013; De Lemos Chernicharo 2007). This allows 
treating high organic loading rates at low hydraulic retention time (Tauseef et al. 2013). 
Granular biomass is an important feature of this reactor type and will be discussed in more 
detail below. In a UASB, the wastewater feed enters the reactor through the bottom and flows 
upward through a sludge blanket (i.e. granular biomass) (Tauseef et al. 2013). This leads to 
efficient mixing of wastewater and microbial granules and thus quick degradation (Tauseef et 
al. 2013). On top of the reactor, the solids (mainly granules) are held back while gas and liquid 
leave the reactor (Tauseef et al. 2013). UASB reactors have been further developed to achieve 
higher organic loading rates. The large height-to-diameter ratio of the Expanded granular 
sludge bed (EGSB) reactor causes better mixing and ensures efficient methane production at 
low operating costs (Tauseef et al. 2013; Domínguez-Espinosa et al. 2023). Even high organic 
loads and shorter hydraulic retention times can be handled by internal circulation (IC) reactors 
(Tauseef et al. 2013). IC reactors can be viewed a combination of two UASB reactor 
compartments on top of each other to separate biogas production and solids retention (Tauseef 
et al. 2013; De Lemos Chernicharo 2007; Show et al. 2020). 

1.2.2.2 Granular biomass 

One of the main challenges in high-rate wastewater treatment by AD is that the microorganisms 
have low growth rates and are thus easily washed out when the retention time is low (De 
Lemos Chernicharo 2007). This can be overcome by making the hydraulic retention time, 
independent from the solid retention time, i.e. the time that the microorganisms spend in the 
reactor (De Lemos Chernicharo 2007). One possibility to achieve this is using granular 
biomass which is retained in the system while the liquids and gases are not (Show et al. 2020). 
As described above, granular biomass is typically used in UASB reactors and their variants 
(Show et al. 2020). Granules are dense and settle rapidly in bioreactors (Show et al. 2020), 
which is the reason why they are retained more easily than dispersed biomass (Trego et al. 
2021). They are aggregates of diverse microbial cells and their structure enables efficient 
substrate transfer between the functionally specialized microorganisms, allowing a syntrophic 
symbiosis (De Lemos Chernicharo 2007; Trego et al. 2021). 

The formation of granules is a complex, spontaneous microbial development that takes several 
months and is not yet fully understood (Show et al. 2020; Harirchi et al. 2022). Factors that 
influence the granule formation, their size, and their structure are, for example, substrate 
characteristics, pH, the presence of bivalent cations, temperature and the upflow velocity in 
the system (Show et al. 2020; De Lemos Chernicharo 2007). Several models suggest that 
methanogens are the core of the granules (Show et al. 2020; De Lemos Chernicharo 2007). 
The outer layers are described in different ways in various models but typically consist of acid-
producing and sulphur-reducing bacteria as well as hydrogenotrophic methanogens (Show et 
al. 2020; De Lemos Chernicharo 2007). The granular structure makes the system as a whole 
more resilient to process disturbances as the microorganisms, especially those in the core, are 
protected against environmental changes (Trego et al. 2021; Show et al. 2020). 

Granular biomass in AD systems has not yet been analysed extensively using metagenomic 
or metaproteomic methods (Trego et al. 2021). There have, however, been studies based on 
amplicon sequencing that describe the microbial community structure and response to 
environmental changes (Trego et al. 2021). 

1.2.2.3 Process monitoring 

In practice, the AD process is usually monitored to be able to react to upcoming disturbances 
and thus maintain a stable process. The volatile fatty acids (VFA) content and profile are 
among the most informative parameters. VFAs are short-chained organic acids and important 
intermediate metabolites in the AD process (Drosg 2013). An accumulation of VFAs inhibits 
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methanogenesis and thus, it is important to detect increasing concentrations in an early stage 
(Drosg 2013). Typically, acetic acid accumulates to some degree even in a stable process 
while the accumulation of propionic, butyric, or valeric acid can indicate severe problems 
(Drosg 2013; Harirchi et al. 2022). Overall, the VFA profile only provides indirect information 
by indicating process disturbances, but not their reasons (Drosg 2013). To be able to 
understand the causes of disturbances that lead to specific profiles of VFA accumulation, it is 
necessary to better understand the underlying microbial metabolic processes. The pH is often 
tracked, but it only changes after a disturbance arises and is therefore not suitable as an early 
indicator for problems (Drosg 2013). For example, the pH drops after VFAs start to accumulate. 
However, it provides valuable information about the state of the process and can rapidly be 
determined (Drosg 2013). The volume and composition of the produced biogas is monitored 
to directly obtain information about the targeted product which is usually methane (Drosg 
2013). The efficiency of the process can be determined by the ratio of organic matter in the 
effluent and in the influent (Holl et al. 2022). 

1.2.3 Metabolic processes in anaerobic digestion 

As mentioned above, complex organic matter, i.e. carbohydrates, proteins, and lipids, are 
broken down to methane and carbon dioxide in AD (Harirchi et al. 2022). The process can be 
described by four sequential, but also inter-dependent stages, namely hydrolysis, 
acidogenesis, acetogenesis, and methanogenesis (Venkiteshwaran et al. 2015). They are 
driven by complex interactions between various microorganisms who live in syntrophic 
relationships (De Lemos Chernicharo 2007). These relationships are based on exchanging 
nutrients and ensuring thermodynamic stability (Cao et al. 2025).  It is essential that the 
microorganisms specialised in tasks associated with different stages are in ecological balance 
with each other to ensure a stable process that efficiently breaks down organic matter 
(Venkiteshwaran et al. 2015). The four stages and their interconnectedness are depicted in a 
schematic overview in Figure 1 and will be elaborated below. 

 

Figure 1: Scheme of the four stages of anaerobic digestion: Hydrolysis, acidogenesis, acetogenesis, and 
methanogenesis. 

 

1.2.3.1 Hydrolysis 

The hydrolysis stage is the first step that is necessary to break down complex organic matter. 
Polymeric substances such as carbohydrates, lipids, and proteins are hydrolysed to obtain 
simple soluble oligomeric or monomeric compounds such as oligo- and monosaccharides, fatty 
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acids, amino acids, and alcohols (Cao et al. 2025). This is achieved outside of the cell by 
hydrolytic bacteria who excrete exoenzymes including cellulases, amylases, lipases, and 
proteases, among others (De Lemos Chernicharo 2007; Venkiteshwaran et al. 2015). These 
convert large polymers into small molecules that can pass through the cell membrane (De 
Lemos Chernicharo 2007; Cao et al. 2025). Thus, hydrolysis prepares complex organic matter 
for further metabolization. 

Hydrolytic bacteria are mainly found in the phyla Bacteroidota and Bacillota, but also 
Actinomycetota, Pseudomonadota and Chloroflexi (Cao et al. 2025; Venkiteshwaran et al. 
2015). They are phylogenetically diverse and often many species in the microbial community 
can accomplish this task (Venkiteshwaran et al. 2015). This functional redundancy makes the 
hydrolytic community robust against environmental changes (Cao et al. 2025). Their growth 
rate strongly depends on substrate parameters such as particle size and digestibility, as 
described above (Venkiteshwaran et al. 2015). 

1.2.3.2 Acidogenesis 

Acidogenic bacteria, which are also a large and diverse group, convert the metabolites of 
hydrolytic bacteria into even simpler molecules inside their cells and then excrete them again 
(De Lemos Chernicharo 2007; Cao et al. 2025). Similarly, to hydrolysis, this is mainly achieved 
by members of the phyla Bacteroidota, Bacillota, Chloroflexota, and Pseudomonadota (Cao et 
al. 2025; Venkiteshwaran et al. 2015). The main products of this step are volatile fatty acids 
(VFAs), such as acetic, propionic, butyric, and valeric acid (De Lemos Chernicharo 2007; Cao 
et al. 2025). Moreover, alcohols, lactic acid, CO2, H2, NH3 and H2S are produced (De Lemos 
Chernicharo 2007). Acetic acid is usually the most abundant VFA and is formed from all organic 
compounds (De Lemos Chernicharo 2007). 

The metabolic pathways involved in this stage include various fermentations, for example lactic 
acid, butyric acid, propionic acid, and alcohol fermentations (Heider 2014).  

Organic substrates are at the same time electron donors and acceptors 

In fermentations, organic substrates act as both electron donor and acceptor (Hackmann 
2024). In the case of fermentations in the acidogenesis stage of AD, these organic substrates 
are typically monomeric products from the hydrolysis stage that are converted to fermentation 
products, i.e. acids and alcohols (Heider 2014). An important intermediate metabolite is 
pyruvate (Cao et al. 2025). 

Of the acidogenesis products, acetic acid, H2, and CO2 are the only ones that can directly be 
used by methanogens (De Lemos Chernicharo 2007). The other products are further converted 
by acetogenic bacteria first (Hao et al. 2020). In a stable system, the VFAs are immediately 
consumed during acetogenesis or methanogenesis (see below). However, in case of 
disturbances, they accumulate and the pH drops, which further disrupts the whole process (De 
Lemos Chernicharo 2007; Harirchi et al. 2022). 

1.2.3.3 Acetogenesis 

The acetogenesis summarises various metabolic processes that yield acetate, CO2, and H2. It 
involves multiple syntrophic as well as competing pathways. 

Homoacetogenic bacteria use H2 and CO2 in the Wood-Ljungdahl pathway to produce acetate, 
which can then be used by acetoclastic methanogens (Harirchi et al. 2022; Cao et al. 2025). 
Conversely, syntrophic acetate oxidising bacteria use the same pathway in reversed direction 
to oxidise acetate into H2 and CO2 (Cao et al. 2025). 
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Syntrophic fatty acid oxidising bacteria convert acidogenesis products (mainly propionic or 
butyric acid, but also ethanol) to acetic acid, formate, H2, and CO2 (De Lemos Chernicharo 
2007; Harirchi et al. 2022; Hao et al. 2020; Lim et al. 2020). They are usually found at low 
abundances due to their low growth rates (Hao et al. 2020). These oxidation reactions are 
thermodynamically unfavourable with a positive Gibbs free energy at standard conditions (De 
Lemos Chernicharo 2007; Harirchi et al. 2022). This is only possible in a syntrophic relationship 
with methanogens: Hydrogenotrophic archaea use the produced H2 to produce methane, 
which enables the oxidation reactions (De Lemos Chernicharo 2007; Harirchi et al. 2022). 
Alternative syntrophic partners who metabolise H2 are homoacetogenic and sulphate-reducing 
bacteria. They compete with methanogens for H2 (Harirchi et al. 2022). In addition, they are in 
a syntrophic relationship with acetate consumers such as acetoclastic methanogens 
(Westerholm et al. 2021). Syntrophic fatty acid oxidation has been associated with some 
members of the phyla Bacillota (e.g. Syntrophomonas) and Thermodesulfobacteriota (e.g. 
Syntrophus) (Westerholm et al. 2021). 

1.2.3.4 Methanogenesis 

Finally, the products of the previously described stages are converted to methane and CO2 by 
methanogenic archaea (De Lemos Chernicharo 2007). Three distinct methanogenesis 
pathways have been described. They all have in common that they depend on coenzyme M 
(CoM) and methyl-coenzyme M reductase (MCR) (Harirchi et al. 2022). Methanogenic archaea 
are capable of one or more of these pathways. It has been observed that typically, 65-75 % of 
methane in anaerobic digesters are produced by the acetoclastic pathway and 25-35 % by the 
hydrogenotrophic pathway, while methylotrophic methanogenesis can be neglected 
(Domínguez-Espinosa et al. 2023; Niya et al. 2024). 

Acetoclastic methanogenesis 
In many anaerobic digesters, acetoclastic methanogens have been found to be the most 
prevalent archaea, even though they are sensitive to inhibitors and only few species belong to 
this group (De Lemos Chernicharo 2007; Harirchi et al. 2022). They produce methane through 
the cleavage of acetic acid. The methyl group is reduced to methane, and the carboxyl group 
is oxidized to CO2, as described by the following equation (De Lemos Chernicharo 2007). 

𝐶𝐻3𝐶𝑂𝑂𝐻 → 𝐶𝐻4 + 𝐶𝑂2 

Thus, they are dependent on bacteria providing acetate. The CO2 fraction in the biogas mainly 
originates from this pathway. They are represented by members of the orders Methanotrichales 
and Methanosarcinales (Cao et al. 2025). 

Hydrogenotrophic methanogenesis 
In the hydrogenotrophic pathway, CO2 or formate is reduced to CH4 using H2 as electron donor 
in the following reactions (De Lemos Chernicharo 2007; Harirchi et al. 2022).  

𝐶𝑂2 + 4𝐻2 → 𝐶𝐻4 + 2𝐻2𝑂 

𝐻2𝐶𝑂2 + 3𝐻2 → 𝐶𝐻4 + 2𝐻2𝑂 

The pathway is found in many methanogens, for example in members of the order 
Methanobacteriales (Cao et al. 2025; Harirchi et al. 2022).  

As described above, the quick metabolization of H2 is important for the stability of syntrophic 
acetogenic pathways (De Lemos Chernicharo 2007; Cao et al. 2025). This is achieved by this 
group of methanogens who consume the H2 that is produced in the other stages (De Lemos 
Chernicharo 2007). Hydrogenotrophic methanogens have been described as more resistant 
to environmental stress than acetoclastic methanogens (Harirchi et al. 2022). 
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Methylotrophic methanogenesis 
In methylotrophic methanogenesis, methanol or other methylated compounds are converted 
to methane and CO2 by demethylation (Harirchi et al. 2022). However, this pathway has not 
been found to be of importance in AD systems (Harirchi et al. 2022). 

1.2.3.5 Sulphate reduction 

The four stages described above are the main AD processes that yield methane. However, 
depending on the waste stream characteristics, additional processes are running in parallel. In 
wastewaters with high sulphate concentrations, sulphate-reducing bacteria growth is 
stimulated (Madden et al. 2014). They oxidise organic compounds of the wastewater to CO2 
by reducing sulphate to sulphide (De Lemos Chernicharo 2007). Thus, they use the same 
substrates as the microorganisms described above, but with sulphate as electron acceptor 
instead of CO2. This leads to competition for substrates. Sulphate reduction has 
thermodynamic advantages over CO2 reduction and thus, sulphate reducers can outcompete 
hydrogenotrophic and acetoclastic methanogens at excess concentrations of sulphate 
(Stefanie et al. 1994; Madden et al. 2014). At a COD/sulphate ratio > 0.67, the sulphate is not 
enough to remove all of the COD and thus, methanogenesis runs after the sulphate is used up 
(Wu et al. 2025). Taxa that are known to be sulphate reducers that oxidise organic substrates 
to CO2 are Desulfobacterium, Desulfobacter, and Desulfococcus (Harirchi et al. 2022). A 
different group of sulphate reducers, including Desulfobulbus, Desulfomonas, and 
Desulfovibrio, is known for incomplete oxidation of substrates to acetate (De Lemos 
Chernicharo 2007; Harirchi et al. 2022). They are in competition with acetogenic bacteria but 
can live in syntrophic relationships with acetoclastic and hydrogenotrophic methanogens by 
degrading propionate or butyrate to acetate and H2 (Harirchi et al. 2022). However, the end 
product is H2S for both groups, which is potentially toxic and inhibitory for other microorganisms 
(Madden et al. 2014).  

1.2.3.6 Two-stage anaerobic digestion (TSAD) 

In traditional systems, all of the four described stages run in one reactor (Holl et al. 2022). For 
various reasons, this is not the optimal configuration for AD. The microorganisms responsible 
for the early stages (hydrolysis and acidogenesis) have different physiological and 
environmental requirements from those responsible for the late stages (acetogenesis and 
methanogenesis) (Holl et al. 2022). Acidogenic bacteria prefer a slightly acidic pH while 
acetogenic bacteria and methanogenic archaea only grow at neutral to slightly alkaline pH 
(Holl et al. 2022). Moreover, the early and late stages often proceed at different speeds. When 
easily degradable substrates are used, hydrolysis and acidogenesis can be rapid while 
acetogenesis and methanogenesis are usually slow (Stoyancheva et al. 2023). In this setting, 
volatile fatty acids (VFAs) accumulate, the pH drops, and methanogenesis is inhibited (Holl et 
al. 2022). On the other hand, hydrolysis can be the rate limiting step if complex biomass is 
used as substrate (Holl et al. 2022). Therefore, it makes sense to decouple both processes by 
using two separate reactors, with an acidification reactor for hydrolysis and acidification stage 
and a methane reactor for the acetogenesis and methanogenesis stage (Holl et al. 2022). This 
way, the optimal conditions can be provided to all participating microorganisms, and the 
process can be controlled more easily (Holl et al. 2022). The loading rates for both reactors 
can be selected in a way that ensure optimal VFA concentration in the methane reactor and 
fluctuations in the substrate can be stabilised. For these reasons, two-stage anaerobic 
digestion (TSAD) systems often have higher methane yields than single-stage systems and 
the amount of energy that is recovered from the wastewater is maximised (Holl et al. 2022; 
Stoyancheva et al. 2023). 
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1.3 Microbial communities in anaerobic digestion 

The anaerobic digestion of organic matter is driven by complex interactions between multiple 
microorganisms. Even though the general process has been known and described by the four-
stages model for a while (Speece 1996) and several key taxa have been described, a complete 
understanding of the microbial communities and their individual members is still lacking, and 
the process remains to be seen as a “black box” (Stoyancheva et al. 2023; Niya et al. 2024). 
To understand the relationships between, and the tasks of individual taxa, it is essential to 
investigate them in more detail (Stoyancheva et al. 2023). Since traditional cultivation-based 
approaches to characterise the microbial community are labour-intensive and limited to the 
cultivable fraction (Campanaro et al. 2020; Jünemann et al. 2017), molecular techniques have 
been adding valuable insights to our current understanding of AD. 

The following section provides an overview of these techniques and is followed by a description 
of recent insights in this field of study. 

1.3.1 Overview of molecular techniques 

1.3.1.1 Amplicon-based methods 

Starting in the early 2000s, amplicon-based sequencing technologies have been used to study 
the composition of microbial communities in AD, with a steep increase of publications from 
2013. 

This widely used and cost-effective approach is based on the taxonomic identification of 
bacteria and archaea using marker genes (Pollock et al. 2018; Pjevac et al. 2021). A short 
region of the selected marker gene, which typically is the 16S rRNA gene, is amplified by 
Polymerase Chain Reaction (PCR) and sequenced (Pollock et al. 2018). The choice of the 
hypervariable region, as well as of the primers to amplify it, introduce biases, as none of them 
cover all bacteria and archaea (Pollock et al. 2018). Thus, some taxa are missed while some 
are overrepresented which affects the biological interpretation (Cai et al. 2016). 

The raw sequencing data is then processed to obtain operational taxonomic units (OTUs) or 
amplicon sequence variants (ASVs) which are sequences that represent distinct taxa (Pollock 
et al. 2018; Callahan, McMurdie, et al. 2016). By comparing them to databases, they are 
assigned taxonomies (Pollock et al. 2018). Finally, a table with relative abundances of taxa in 
the analysed samples is obtained. 

This approach focuses on obtaining taxonomic profiles and can be used to study shifts in the 
microbial community. However, the assignment of functions using methods solely based on 
the 16S rRNA gene can only be done indirectly and should be avoided (Cai et al. 2016). 
Reference sequences that are used to infer functions are usually not associated with AD but 
were isolated from different environments (Campanaro et al. 2018). Thus, they might have 
distinct functions (Campanaro et al. 2018). The analysis of potential functions and metabolic 
pathways should instead be done using genome-based approaches. 

1.3.1.2 Metagenomic methods 

Metagenomic methods have been used in studies of AD to a limited extent since around 2013, 
and only as recently as in 2020, their application started to increase. Such methods are suitable 
to study the genomic potential regarding functions in the microbial community. Metagenomic 
shotgun sequencing methods are not dependent on amplification (Jünemann et al. 2017), and 
therefore less biased for specific taxa.  

Short-read or long-read sequencing is used to sequence the extracted DNA (Kim et al. 2022). 
To obtain contigs, i.e. longer contiguous sequences, the reads are assembled (Kim et al. 2022; 
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Jünemann et al. 2017). This means that overlapping regions are used to join them together. 
This process is facilitated by using long-reads compared to short-reads, for example because 
long repetitive regions in the genome can more easily be resolved (Latorre-Pérez et al. 2020). 
However, long-reads are still more error-prone and expensive than short reads (Latorre-Pérez 
et al. 2020). Early metagenomic studies mainly used gene-centric approaches (Kim et al. 2022) 
to study the functional potential of the microbial community as a whole by annotating genes in 
contigs (Jünemann et al. 2017). Recent trends have shifted to genome-centric approaches to 
study individual genomes and interactions between taxa instead (Kim et al. 2022). For this 
method, an additional step is necessary to retrieve metagenome-assembled genomes (MAGs) 
from the contigs. This is done by clustering the contigs into groups (bins) based on their 
abundance and sequence structure (Kim et al. 2022; Kang et al. 2019). High quality bins, or 
MAGs, represent genomes (Kim et al. 2022). This can be followed by taxonomic classification 
to obtain taxonomic profiles (Jünemann et al. 2017). Furthermore, the resulting MAGs can be 
functionally annotated to study their genomic potential regarding metabolic pathways (Kim et 
al. 2022) 

1.3.2 Current state of research 

Valuable findings have arisen from multiple amplicon-based studies. They have mainly been 
focusing on identifying key members of the microbial community in AD (Dueholm et al. 2024; 
Agostini et al. 2023; Li et al. 2018), and on the parameters that shape the composition of the 
microbial community (Dueholm et al. 2024; Harirchi et al. 2022; de Jonge et al. 2020). Gene-
centric metagenomic studies have shed light on the prevalence of metabolic pathways in 
anaerobic digesters (Cai et al. 2016; Jünemann et al. 2017). More recently, genome-centric 
studies have populated databases with AD-specific MAGs and increasing effort is put into 
investigating their functions and interactions (Breton-Deval et al. 2021; Campanaro et al. 2020; 
Beraud-Martínez et al. 2024). 

The taxonomy for many of the microorganisms specific for AD is poorly characterized and 
taxonomical characterisation is often only possible at high taxonomic levels (Dueholm et al. 
2024; Treu et al. 2016). This suggests that many unknown species are part of the biogas 
microbiome (Treu et al. 2016). This limitation was addressed by the Microbial Database for 
Activated Sludge (MiDAS) (Dueholm et al. 2024). The project originally focused on the 
taxonomy and phenotypes of microorganisms in activated sludge from wastewater treatment 
systems (McIlroy et al. 2015). Their findings are compiled in a full-length ASV database, which 
is a manual curation of the SILVA taxonomy (Quast et al. 2013), available at 
https://www.midasfieldguide.org. Yet unknown or unclassified taxa are assigned placeholder 
names that allow their identification in communities, even if they have not yet been 
characterised. In its more recent version (MiDAS 5), the was expanded with data from 285 full-
scale anaerobic digesters (Dueholm et al. 2024), making it a promising classifier for AD 
samples. The inclusion of the AD samples yielded many new ASVs relative to the previous 
version of the MiDAS database which was focused on activated sludge-specific taxa. The 
novelty within the phylum Bacillota stood out, while the archaeal taxa identified were mostly 
well-known methanogens. 

In an effort to find core members of AD communities, they have often been described and 
compared at the phylum level. Bacillota and Bacteroidota have been found to be the most 
abundant phyla in a variety of anaerobic digesters (Niya et al. 2024; Treu et al. 2016; Theuerl 
et al. 2015). Other bacterial phyla that have been identified as important are Pseudomonadota, 
Chloroflexota, and Actinomycetota (Treu et al. 2016; Niya et al. 2024). The most frequently 
found archaea are members of the orders Methanobacteriales, Methanomicrobiales, and 
Methanosarcinales (Harirchi et al. 2022). Even though high overall diversity can be found in 
anaerobic digesters, the microbial community is often skewed to a few abundant taxa while 

https://www.midasfieldguide.org/
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the vast majority of taxa are rare (Dueholm et al. 2024; Theuerl et al. 2019). The composition 
has been found to be mainly affected by the substrate used in AD (Dueholm et al. 2024; 
Harirchi et al. 2022). Another important factor is the temperature as it has been shown that the 
microbial community in thermophilic systems is different from that in mesophilic systems 
(Campanaro et al. 2018; Treu et al. 2016). For example, Bacteroidota have been found at 
higher abundance in mesophilic than in thermophilic systems (Treu et al. 2016). Furthermore, 
the inoculum initially used to start up an AD system is important (Camargo et al. 2023; Harirchi 
et al. 2022). 

Studies analysing the metabolic potential of MAGs from anaerobic digesters have shown a 
funnel-like specialisation of the microbial community along the four stages of the process (Kim 
et al. 2022; Campanaro et al. 2016). Many MAGs of various phyla could be assigned to the 
initial stages while the number of assigned MAGs decreased towards methanogenesis, 
suggesting more specialised MAGs in the later stages (Campanaro et al. 2016). Another study 
observed that systems where functional redundancy is found are more stable than systems 
where each task is only fulfilled by a small number of taxa (Cao et al. 2025). 

1.4 Thesis aims 

Even though there has been increasing research effort in the field of microbial communities in 
AD in recent years, many of the involved species are still uncharacterised and their functions 
in the AD process are unknown (Theuerl et al. 2019; Dueholm et al. 2024). Moreover, research 
has focused on systems that use common substrates such as manure or agricultural 
feedstocks (Campanaro et al. 2018; Jun et al. 2025) while knowledge about systems that treat 
industrial wastewaters is limited (Cai et al. 2016). Investigating the differences between these 
kinds of systems will help to understand the dynamics of microbial communities (Cai et al. 
2016). Furthermore, granular biomass in anaerobic digesters has not yet been studied in detail 
using metagenomic methods, but their structure regarding taxa and their functions could reveal 
important patterns (Trego et al. 2021). In conclusion, the application of genome-based 
metagenomic approaches in AD research is still limited and especially systems with less 
common substrates have not been characterised yet. More thorough research regarding 
metabolic pathways and the roles of individual microorganisms will provide a better 
understanding of the AD process which is the basis for improving its efficiency. Therefore, this 
thesis pursues the following aims. 

(1) Determine the microbial community composition in a variety of AD systems by 
amplicon-based methods: The performance of three reference databases in the taxonomic 
classification of the microorganisms in this environment will be evaluated. Moreover, taxonomic 
profiles of anaerobic digesters with substrates such as agro-industrial residues and industrial 
wastewaters will be compared. 

(2) Recover MAGs and conduct a functional analysis of selected systems using 
metagenomic methods: Based on the results of the first part, a subset of systems will be 
selected. The aim is to choose systems that are underrepresented in current studies. After 
metagenomic sequencing using the Oxford Nanopore Technologies platform, MAGs will be 
recovered by assembly and binning. Key pathways for AD will be defined. These pathways will 
be linked to the obtained MAGs after functional annotation to obtain information about their 
potential roles in the investigated systems. 

Overall, the aim of this thesis is to investigate the microbial community in various AD systems 
and to provide insights into understudied systems. The main focus will be on taxonomic 
profiling of the systems and on the functional characterisation of individual MAGs to better 
understand their roles and how they interact with each other. 
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2 Materials and Methods 

2.1 Software 

The computational results of this work have been achieved using the Life Science Compute 
Cluster (LiSC) of the University of Vienna. The software that was used within this thesis is 
listed in Table 1 (recurring tasks), Table 2 (analysis of amplicon dataset), and Table 3 
(metagenomic analysis). Databases that were used within this thesis are listed in Table 4. 

Table 1: List of software that was used for recurring tasks in this thesis. 

Software Version Reference 
R 4.5.1 R Core Team 2025 
RStudio 2025.09.1.401 Posit team 2025 
ggplot2 (R package) 4.0.0 Wickham 2016 
ggh4x (R package) 0.3.1 van den Brand 2025 
tidyverse (R package) 2.0.0 Wickham et al. 2019 
microViz (R package) 0.12.7 Barnett et al. 2021 

 

Table 2: List of software that was used for analysis of the amplicon dataset in this thesis. 

Software Version Reference 
bcl2fastq 2.20.0.422 Illumina 2017 
Cutadapt 5.1 Martin 2011 
DADA2 (R package) 4.5.1 Callahan, McMurdie, et al. 2016 
FastQC 0.12.1 Andrews 2010 
MultiQC 1.28 Ewels et al. 2016 
USEARCH 11.0.667 Edgar 2010 
vegan (R package) 2.7-2 Oksanen et al. 2025 

 

Table 3: List of software that was used for the metagenomic analysis in this thesis. 

Software Version Reference 
MinKNOW 25.06.16 Oxford Nanopore Technologies 2025c 
dorado 7.11.2 Oxford Nanopore Technologies 2025a 
Filtlong 0.3.1 Wick 2025 
NanoComp 1.25.6 De Coster and Rademakers 2023 
Seqkit2 2.11.0 Shen et al. 2024 
MetaPhlAn 4 4.2.4 Blanco-Míguez et al. 2023 
SingleM 0.20.3 Woodcroft et al. 2025 
metaFlye 2.9.6 Kolmogorov et al. 2020 
minimap2 2.30 Li 2018 
SAMtools 1.23 Danecek et al. 2021 
CoverM 0.7.0 Aroney et al. 2025 
medaka 2.1.1 Oxford Nanopore Technologies 2025b 
MetaBAT2 2.18 Kang et al. 2019 



2 Materials and Methods 

13 

Table 3 (continued): List of software that was used for the metagenomic analysis in this thesis. 

Software Version Reference 
Quast 5.3.0 Gurevich et al. 2013 
CheckM2 1.1.0 Chklovski et al. 2023 
dRep 3.6.2 Olm et al. 2017 
GTDB-Tk 2.6.1 Chaumeil et al. 2022 
anvi’o 9 Eren et al. 2020 

 

Table 4: List of databases that were used within this thesis. 

Database Version Reference 
MiDAS 5 5.3 Dueholm et al. 2024 
SILVA SSU Ref NR 99 138.1, 138.2 Quast et al. 2013 
GlobDB 226 Speth et al. 2025 
KOfam v2025-11-07 Aramaki et al. 2020 

 

2.2 Experimental Design 

This thesis is made up of two consecutive parts. The overall structure is depicted in Figure 2. 

 

Figure 2: Structure of the thesis. AD: Anaerobic digestion. MAGs: Metagenome-assembled genomes. 

In the first part, an amplicon sequencing dataset was analysed. The dataset covers a diverse 
set of samples from a variety of anaerobic systems. Additionally, it was contextualised with a 
publicly available dataset of comparable systems. The aim of this analysis was to find global 
patterns in the taxonomic profiles of diverse anaerobic digestion (AD) systems. Based on the 
results, the most promising systems for an in-depth analysis using metagenomics techniques 
were selected. 

In the second part, a metagenomic analysis of samples from the selected systems was 
conducted. After long-read sequencing, metagenome-assembled genomes (MAGs) were 
recovered from the assembled reads. Taxonomic profiles of the sampled reactors were 
generated, and the MAGs were functionally annotated. Based on these results, the potential 
roles of MAGs in the process of breaking drown organic matter to biogas were investigated. 
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2.3 Analysis of amplicon dataset 

2.3.1 Dataset description 

An existing amplicon sequencing dataset was used to study patterns in the taxonomic profiles 
of a variety of AD systems. The sampled systems and the sequencing approach are described 
in this section. 

2.3.1.1 Sampled systems 

The majority of the analysed samples originates from AD or acidification processes with 
substrates from agro-industries or the pulp and paper industry. The samples originate from lab, 
pilot, and full-scale systems. The substrates used in these systems are either industrial 
wastewaters or residues. Industrial substrates are only used in a small fraction of biogas plants 
in Austria or Germany. Typical biogas plants, as they can be found at high frequency in this 
region, use residues from agriculture, such as renewable raw materials (plants) or animal 
manure (Weinrich and Nelles 2021). Therefore, two more samples were included to be able to 
specifically find potential differences caused by the substrate type. They are combined in the 
category ‘Others (Ref)’. The sampled systems include typical single-stage systems, where the 
complete AD process happens in one single reactor, and two-stage systems. Here, the process 
is separated: In the first reactor (acidification reactor), the biomass is broken down to mainly 
acids in the hydrolysis and acidification stage. In the second reactor (‘methane reactor’), the 
components of the effluent from the first reactor are further broken down via acetogenesis and 
methanogenesis, with the main product being methane. An overview of the samples and the 
sampled systems is given in Table 5. The full metadata table is available in the supplementary 
material (Table S2). 

Table 5: Description of sampled systems. AD: Anaerobic digestion. 

SYSTEMS THAT TREAT WASTEWATER AND RESIDUES FROM AGRO-INDUSTRIES 

Scale Abbreviation Description Nr. of 
samples 

Full  StWC AD at a starch factory. The raw materials for the factory 
are wheat and corn. The factory’s wastewater is treated 
in two CSTRs. 

4 

Full ST AD at a sugar factory. The raw materials for the factory 
are sugar beets. The factory’s wastewater is treated in an 
EKJ reactor (Kroiss and Svardal 1988). 

1 

Full SK AD at a sugar factory. The raw materials for the factory 
are sugar beets. Pressed sugar beet pulp, which is a 
residue in the production, is treated in three CSTRs. 

4 

Full StarchC AD at a starch factory. The raw material for the factory is 
corn. The factory’s wastewater is treated in a two-stage 
AD, with an acidification reactor and a CSTR methane 
reactor. 

18 

Pilot Pilot AD of thin stillage in a 300L pilot reactor. The reactor was 
inoculated with sludge from an agricultural biogas plant 
and thin stillage from ethanol production was used as 
substrate for a period of nine months. 

18 
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Table 5 (continued): Description of sampled systems. AD: Anaerobic digestion. 

Scale Abbreviation Description Nr. of 
samples 

Lab Conti AD of various agro-industrial residues in four 5L 
continuous lab reactors (CSTR) over 8-10 months. The 
reactors were inoculated with sludge from the previously 
described 300L pilot reactor. The four reactors were fed 
with different substrates: 
CoA: Monodigestion of thin stillage 
CoB: Codigestion of thin stillage and pressed sugar beet 
pulp 
CoC: Monodigestion of small sugar beet parts 
CoD: Codigestion of sugar beet parts and starch residues 

57 

SYSTEMS THAT TREAT WASTEWATER FROM PULP AND PAPER INDUSTRY 

Scale Abbreviation Description Nr. of 
samples 

Full PaP AD at a pulp and paper factory. The factory’s wastewater 
is treated in a two-stage AD. It is made up of two separate 
cascades. Cascade 1 has an acidification reactor 
followed by two EGSB methane reactors and cascade 2 
has an acidification reactor followed by two IC methane 
reactors. 

7 

OTHERS (REF) 

Scale Abbreviation Description Nr. of 
samples 

Full Ref_Agri Anaerobic digester (CSTR) that uses agricultural 
feedstocks (mixture of maize silage and pig manure) as 
substrate. 

1 

Full Ref_Slaughter Anaerobic digester (CSTR) that treats residues from a 
slaughterhouse. 

1 

 

2.3.1.2 Sampling and sequencing 

Samples were collected over a period of 1.5 years (October 2023 to March 2025). They were 
processed (DNA extraction and sequencing) in multiple batches. The fresh samples were 
centrifuged at 2244 × g for 30 min and then stored at -20 °C until further processing. The 
samples were thawed and DNA was extracted using the FastDNA™ SPIN Kit for Soil (MP 
Biomedicals Germany GmbH, 37269 Eschwege, Germany) according to the manufacturer’s 
instructions (MP Biomedicals 2021). Extracted DNA was stored at -20 °C until it was sent to 
Microsynth AG (Balgach, Switzerland) for library preparation and sequencing. Two-step, 
Nextera-barcoded PCR libraries using the primer pair 515F (5′-
GTGYCAGCMGCCGCGGTAA-3′) and 806R (5′-GGACTACNVGGGTWTCTAAT-3′) 
(Klindworth et al. 2013) were prepared. The PCR libraries were sequenced on an Illumina 
NovaSeq 6000 platform using an SP 500 cycles kit (Illumina, Inc., San Diego, CA 92122, USA). 
The produced paired-end reads which passed Illumina’s chastity filter were subject to de-
multiplexing and trimming of Illumina adaptor residuals using Illumina’s bcl2fastq software, 
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version 2.20.0.422 (Illumina 2017). The resulting FASTQ-files were provided by Microsynth AG 
and further processed as described below. 

2.3.2 Data processing 

The DADA2 algorithm (DADA: Divisive Amplicon Denoising Algorithm) (Callahan, McMurdie, 
et al. 2016) was used to obtain amplicon sequence variants (ASVs) from the provided paired-
end fastq-files. The core part of this algorithm corrects for amplicon sequencing errors in order 
to separate them from biological variation (Callahan, McMurdie, et al. 2016). It first learns an 
error-model from the data and then infers sample composition by dividing amplicon reads into 
partitions that are consistent with that error model (Callahan, McMurdie, et al. 2016).  

The data was processed using R, version 4.5.1 (R Core Team 2025) and the DADA2 package, 
version 1.30.0 (Callahan, McMurdie, et al. 2016), following the recommended workflow 
(Callahan, Sankaran, et al. 2016). The workflow is organised in a series of R-Markdown scripts, 
which are deposited at https://github.com/lisa94fc/ADMicrobes_supp (directory amplicon-
dataset). It is briefly described below. The results were evaluated and compared between 
sequencing runs, based on the number of reads after each step and on the number of obtained 
ASVs. 

2.3.2.1 Primer trimming 

Before starting the DADA2 pipeline, the forward and reverse primers were removed using 
cutadapt, version 5.1 (Martin 2011) in paired-end mode with the relevant primer sequences. 
Reads in which the primers were not detected were removed from the output that was used in 
the consecutive steps. Otherwise, default parameters were used. This was done using the 
script 01-amplicon-primer-trimming.Rmd, with following main command. 

cutadapt -g GTGYCAGCMGCCGCGGTAA -G GGACTACNVGGGTWTCTAAT \ 

    -o <trimmed-dir>/<sample>_R1_trimmed.fastq.gz \ 

    -p <trimmed-dir>/<sample>_R2_trimmed.fastq.gz \ 

    --untrimmed-output <untrimmed-dir>/<sample>_R1_untrimmed.fastq.gz \ 

    --untrimmed-paired-output <untrimmed-dir>/<sample>_R1_untrimmed.fastq.gz \ 

    <data-dir>/<fwd_filename>.fastq.gz \ 

    <data-dir>/<rev_filename>.fastq.gz \ 

    > <log-dir>/cutadapt_logs/<sample>_cutadapt.log 

2.3.2.2 Quality filtering and trimming 

After removing the primer sequences, the reads were quality-filtered and trimmed using the 
DADA2 function filterAndTrim (see script 02-amplicon-filter-trim.Rmd). Default 
parameters were used, except for the expected errors (maxEE) the truncation length 
(truncLen). Expected errors were set to 2, as suggested in Callahan, Sankaran, et al. (2016). 
The truncation lengths (for forward and reverse reads) were chosen to cut the reads where the 
quality drops, based on the quality profiles and are given in Table 6. They were chosen based 
on their quality profiles. These were obtained by running FastQC, version 0.12.1 (Andrews 
2010) on each sample and then MultiQC, version 1.28 (Ewels et al. 2016) on the results of all 
samples, separately for forward and reverse reads. This was done separately for each 
sequencing run to be able to consider the run-specific quality profiles. To obtain the quality 
profiles, the following commands were used (see scripts fastqc_multiqc.sh and 
fastqc_multiqc_slurm.sh). 

for file in ${dir}/*${pattern_fwd}*.fastq.gz; do 

    fastqc ${file} -o ${dir_fastqc_r1} 

done 

for file in ${dir}/*${pattern_rev}*.fastq.gz; do 

https://github.com/lisa94fc/ADMicrobes_supp
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    fastqc ${file} -o ${dir_fastqc_r2} 

done 

 

multiqc ${dir_fastqc_r1} -o ${dir_multiqc} -n ${dir_fwd} 

multiqc ${dir_fastqc_r2} -o ${dir_multiqc} -n ${dir_rev} 

Table 6: Truncation lengths used in the DADA2 step filterandTrim. 

Sequencing-run ID truncLen (forward reads) truncLen (reverse reads) 

NGS03108 220 145 
NGS03287 220 200 
NGS03459 220 180 
NGS03614 215 200 
NGS03693 220 200 
NGS03874 220 220 
4401216 210 210 

 

To check the output of this step, a random sample of error profiles before and after 
filterAndTrim was inspected using the DADA2 function plotQualityProfile. Both 
commands are given below. 

filterAndTrim( 

   fwd = <fwd-input-filelist>, filt = <fwd-output-filelist>, 

   rev = <rev-input-filelist>, filt.rev = <rev-output-filelist>, 

   maxEE = 2, 

   truncLen = c(<fwd-truncLen>, <rev-truncLen>),  

   trimLeft = 0, trimRight = 0, truncQ = 2, minLen = 50 

) 

plotQualityProfile(c( 

  <fwd-trim-sample>, <fwd-filt-sample>, 

  <rev-trim-sample>, <rev-filt-sample> 

)) 

2.3.2.3 Error estimation and sample inference 

The trimmed reads were dereplicated using the function derepFastq and the error model for 
the sequencing run was set up using the function learnErrors on the dereplicated data (see 
script 03-amplicon-inference.Rmd). This model was then used in the core DADA2 
function dada, again on the dereplicated data, to infer sequence variants. For this step, the 
data of all samples of one sequencing run was pooled (pool = TRUE), which increases 
computation time, but rare variants can be detected more reliably (Callahan, Sankaran, et al. 
2016). 

After processing the forward and reverse reads separately as described above, they were 
merged using the function mergePairs with default settings. The processed and merged 
paired-end data was converted to a sequence table using the function makeSequenceTable 
and the tables of all runs were combined to one large sequence table using the function 
mergeSequenceTables. 

The commands used for these steps are summarized below. 

# Dereplication 

<dereplicated-files> <- derepFastq(<input-filelist>, verbose = interactive()) 
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# Error estimation 

<dError> <- learnErrors(<dereplicated-files>) 

 

# Inference 

<dada-result> <- dada(<dereplicated-files>, err=<dError>, pool = TRUE)         

 

# Merge pairs and make sequence table                 

merged <- mergePairs( 

  dadaF = <fwd-dada-result>, derepF = <fwd-dereplicated-files>, 

  dadaR = <rev-dada-result>, derepR = <rev-dereplicated-files>, 

  minOverlap = 12, maxMismatch = 0 

) 

seqtab <- makeSequenceTable(merged) 

 

# Merge runs 

<merged-seq-tabs> <- mergeSequenceTables(<seq-tab1>, <seq-tab2>) 

2.3.2.4 Bimera removal 

Bimeras, which are sequencing artifacts, were removed with the function 
removeBimeraDenovo, in the script 04-amplicon-bimeras.Rmd. 

<seq-tabs-no-chimeras> <-  

removeBimeraDenovo(<merged-seq-tabs>, method = "consensus") 

The output was used as ASV table in further analysis of the sampled anaerobic systems, as 
described below.  

2.3.2.5 Taxonomic classification 

The taxonomic classification of the ASVs at the domain to genus level was done using the 
function assignTaxonomy. The function implements the Naïve Bayesian Classifier algorithm, 
which uses k-mers of the ASV sequences to compute probabilities for the taxa in the classifier 
database (Wang et al. 2007). A bootstrapping step, which repeatedly uses a fraction of the k-
mers for the classification, provides confidence values. Only taxonomic classifications with a 
confidence value of at least 0.5 (default confidence threshold; option minBoot) were written 
to the output. This comparatively low threshold was chosen because the results are supposed 
to only serve as first approximation and taxonomic assignments based on short regions such 
as the V4 region should be treated with caution in all cases. Species were assigned using the 
function addSpecies, which uses an exact-matching algorithm instead, since this is more 
appropriate for assigning species to short sequences such as the V4 region (Edgar 2017). In 
the script 05-amplicon-taxonomy.Rmd, the following commands were used. 

<classified-tab> <-  

  assignTaxonomy( 

    <seq-tab>, 

    refFasta = <refdb-file>, 

    minBoot = 0.5, outputBootstraps = TRUE, 

    # only assign down to Genus level 

    taxLevels = c("Kingdom", "Phylum", "Class", "Order", "Family", "Genus") 

) 

 

<classified-tab-species> <- 

  addSpecies( 

    <classified-tab>$tax, 

    refFasta = <refdb-species-file>, 

    allowMultiple = TRUE 

  ) 



2 Materials and Methods 

19 

Three different databases were used for taxonomic classification of the ASVs. The SILVA 
database (Quast et al. 2013) was used as it as general database that is broadly used. ASVs 
were classified using two different versions of SILVA SSU Ref NR 99. The most recent version, 
138.2, as well as an earlier version, 138.1, were used. The DADA2-compatible versions were 
downloaded from https://zenodo.org/records/14169026 and 
https://zenodo.org/records/4587955, respectively. The earlier version was included because 
the taxonomy used in the third database, MiDAS 5 (Dueholm et al. 2024), is better comparable 
to this version. MiDAS 5 is specialised on activated sludge and anaerobic digesters and was 
used with the aim of receiving more information about the microorganisms in the investigated 
systems than by using a more generic database like SILVA. Version 5.3 was downloaded from 
the Downloads section at https://midasfieldguide.com/. 

The performance of the databases was compared regarding two aspects (see script 06-
amplicon-compare-classifiers.Rmd). Firstly, the number of ASVs with bootstrap 
values of 100 (i.e. 100 % confidence) were counted for each taxonomic rank and database. 
Secondly, the number of unclassified ASVs per taxonomic rank and database were counted. 
Moreover, MiDAS 5-specific placeholder names (in the format “midas_x_y”), which are 
assigned in MiDAS 5 to taxa that could not be assigned an existing taxonomy, were counted 
per rank. Based on this, one database was chosen to be used for further data analysis. 

2.3.3 Data analysis 

2.3.3.1 Taxonomic profiling 

From the processing of sequencing data described above, ASV tables with abundances per 
sample and taxonomic classifications of ASVs were obtained. The abundances were 
normalized using Total Sum Scaling (TSS), i.e. the abundances were turned into relative 
abundances by dividing the number of reads per ASV in a sample by the total number of reads 
in that sample (Swift et al. 2023). The relative abundance tables were used to generate bar 
plots and bubble plots using ggplot2, version 4.0.0 (Wickham 2016) and ggh4x, version 0.3.1 
(van den Brand 2025), see scripts 07-amplicon-table-formatting.Rmd and 08-
amplicon-plots.Rmd. The data was interpreted and conclusions drawn based on these 
plots. 

2.3.3.2 Merging with MiDAS 5 samples 

To put the data generated in the scope of this thesis into a broader, global context, it was 
merged with samples from the MiDAS project. Their full-length ASV database, which originally 
focused on activated sludge, was recently supplemented with ASVs that were recovered from 
anaerobic digester samples (Dueholm et al. 2024). The raw sequences corresponding to these 
samples were obtained from the NCBI Sequence Read Archive, accession number 
PRJNA1019951. These sequences will be referred to as ‘MiDAS dataset’ in the following 
sections. The amplicon dataset described above will be referred to as 'thesis dataset’. 

To combine both datasets, it was necessary to ensure that they were processed identically. 
Due to data availability issues, it was not possible to process the raw sequences from the 
MiDAS dataset as described in section 2.3.1.2 to then merge ASV tables from the MiDAS 
dataset and from the thesis dataset. The DADA2 pipeline described above is designed for 
paired-end data which could not be retrieved from the MiDAS dataset. Therefore, the raw 
sequences of both datasets were processed together, as described in Dueholm et al. (2024). 
The workflow will be described in the following sections. 

From the MiDAS dataset, 363 samples from 202 digesters were used for this analysis. 
Duplicates were available for 161 digesters and only one sample was available for the 
remaining 41 digesters. The remaining sequences were not used for this analysis because 

https://zenodo.org/records/14169026
https://zenodo.org/records/4587955
https://midasfieldguide.com/
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they are not compatible with the thesis dataset. All reverse reads from the thesis dataset, and 
the single and reverse reads from the MiDAS dataset were used. They were chosen because 
it was the largest compatible subset. The script that was used for the complete workflow is 
merge-thesis-midas.sh In all of these sequences, the 815R primer sequence was 
detected at the beginning of the reads. Cutadapt, version 5.1 (Martin 2011) was used to trim 
the primers from the start and then trim all reads to 226 nucleotides. This was done to obtain 
reads with a uniform length. The following command was used. 

cutadapt -g GGACTACHVGGGTWTCTAAT \ 

    --discard-untrimmed \ 

    <filename> \ 

    --length 226 \ 

    -o <out-dir>/${sample}.fastq \ 

    > <log-dir>/${sample}_cutadapt.log 

The trimmed fastq-files were combined and the USEARCH pipeline, version 11.0.667 (Edgar 
2010) was used to infer zOTUs. zOTUs are zero-radius Operational Taxonomic Units, i.e. they 
are similar to ASVs. They are, however, not obtained by applying a statistical error model like 
ASVs are, but by clustering of the sequences. Briefly, the reads were reverse complemented 
to match the standard orientation of the 16S rRNA gene, using usearch -fastx_revcomp. 
Then, they were quality filtered with usearch -fastq_filter and the option fastq_maxee 
1.0. Using SeqKit2, version 2.11.0 (Shen et al. 2024), reads shorter than 220 nucleotides 
(command seq) as well as files with less than 8,000 reads (command stats) were identified 
and discarded. The samples were pooled in one fastq-file using cat, dereplicated using 
usearch -fastx_uniques, and finally denoised using the core command of USEARCH, 
unoise3, to obtain zOTUs. An abundance table was obtained from the function usearch -
otutab and used for a multivariate analysis, which is described in the next section. The core 
commands used for this part are given below. 

# reverse complement 

usearch -fastx_revcomp <file> -fastqout <rev-comp-dir>/${sample}_rc.fastq 

 

# quality filter 

usearch -fastq_filter <rev-comp-dir>/${sample}_rc.fastq -fastq_maxee 1.0 \ 

    -relabel ${sample}. -fastqout <out-dir>/${sample}_filtered.fastq 

 

# pool all samples 

for file in filtered-files/*.fastq; do 

   cat ${file} >> pooled_samples.fastq 

done 

 

# dereplicate 

usearch -fastx_uniques pooled_samples.fastq -fastqout uniques.fastq \ 

    -sizeout -relabel Uniq. 

 

# denoise 

usearch -unoise3 uniques.fastq -zotus zotus.fa 

 

# make ASV table (map reads to zOTUs) 

usearch -otutab pooled_samples.fastq -zotus zotus.fa -strand plus -otutabout 

otutab.txt 

2.3.3.3 Multivariate analysis 

To reveal patterns of similarities of the analysed samples regarding their taxonomic profiles, a 
multivariate analysis, specifically ordination, was carried out. In ordinations, objects are placed 



2 Materials and Methods 

21 

in an ordination space, and similar objects are closer to each other than dissimilar objects 
(Ramette 2007). This reveals similarity patterns, but it does not reveal their causes (Ramette 
2007). In this specific case, the objects are samples, and the similarity is based on their 
microbial community profile, i.e. the abundance of ASVs. Correspondence analysis (CA) and 
non-metric multidimensional scaling (NMDS) were chosen as ordination methods. 

The aim of CA is to represent the degrees of correspondence between rows (ASVs) and 
columns (samples) of a community matrix in an ordination space (Ramette 2007; Paliy and 
Shankar 2016). A unimodal relationship between ASVs and environmental gradients is 
assumed, which supports the ecological niche theory (Ramette 2007; Paliy and Shankar 
2016). The method was chosen because it is recommended for relative abundances of 
microbial communities and preferred over linear-based methods such as Principal 
Components Analysis (PCA) for compositional datasets with many zeroes, such as community 
matrices (Ramette, 2007; Paliy and Shankar, 2016).  

In NMDS, pair-wise distances between samples are ranked, based on a distance matrix 
(Ramette 2007; Paliy and Shankar 2016). These ranks are then used to map the samples to 
an ordination space (Ramette 2007; Paliy and Shankar 2016). In contrast to various other 
ordination methods, NMDS does not assume an underlying distribution and can therefore be 
applied when the type of relationship between the ASVs and their environment is not known 
(Paliy and Shankar 2016).  

The abundance table that was obtained as described in section 2.3.3.2 and contains 
abundances for both, the MiDAS and thesis dataset, was investigated using CA and NMDS 
(see script Multivariate-analysis-w-MiDAS.Rmd). It was decided to use both methods 
to have broader support for any conclusions drawn from the results. CA was selected because 
it is specific for microbial community data and NMDS was selected because it is a more generic 
method that is robust to deviations from data distribution assumptions. 

The R package vegan, version 2.7-2 (Oksanen et al. 2025) was used for this analysis. The 
function cca was used to compute the CA, which is based on the method described in 
Legendre & Legendre (2012) and originally introduced in ter Braak (1986). The wrapper 
function metaMDS was used to compute the NMDS. The abundance table was directly passed 
to metaMDS. The function uses vegdist to compute a distance matrix from the abundance 
table, before computing the NMDS. The default distance metric, the Bray Curtis distance, was 
used.  

The site scores were extracted from the ordination results and merged with the sample’s 
metadata, using the following function. 

get_scores <- function(ord.object) { 

  site_scores <- as.data.frame(scores(ord.object, display = "sites")) %>% 

    rownames_to_column("filename") %>% 

    merge(metadata) 

   

  return(site_scores) 

} 

These scores were then used to visualize the locations of the samples in the ordination space 
using ggplot2, version 4.0.0 (Wickham 2016). The sample points were coloured by metadata 
variables using the colour palettes from the microViz package, version 0.12.7 (Barnett et al. 
2021). 
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2.4 Metagenomic analysis 

2.4.1 Anaerobic digestion systems and sampling 

A fresh set of samples from two industrial AD systems (PaP and StarchC) was taken for a 
metagenomic analysis. The systems were chosen based on the results of the analysis of a 
larger amplicon dataset, see section 2.3. Both systems are located at company sites to treat 
their wastewaters. Both are two-stage systems that separate the process into two parts. The 
organic matter in the waste streams is broken down to mainly acids in the hydrolysis and 
acidification stage. This takes place in the acidification reactor. In the methane reactor, the 
components of the effluent from the acidification reactor are further broken down via 
acetogenesis and methanogenesis, with the main product being methane. 

The system that is abbreviated as ‘PaP’ within this thesis is located at a pulp and paper factory 
and includes six reactors that are operated in two parallel lines. The waste stream is separated 
into two parts of equal composition. One part goes to acidification reactor 1 (sample 
‘PaP_Acid1’) and is then fed to two expanded granular sludge bed (EGSB) reactors (methane 
reactors; samples ‘PaP_EGSB1’, ‘PaP_EGSB2’). The other part goes to acidification reactor 
2 (‘PaP_Acid2’) and is then fed to two internal circulation (IC) reactors (methane reactors; 
samples ‘PaP_IC3’, ‘PaP_ IC4’). A schematic representation of the system is shown in Figure 
3A. 

The system that is abbreviated as ‘StarchC within this thesis is located at a starch factory and 
includes two reactors. The waste stream goes to the acidification reactor (sample 
‘StarchC_Acid’) and then to the methane reactor (sample ‘StarchC_Ferm’). In addition, a 
sample of the effluent (‘StarchC_Ferm_O’) was taken. A schematic representation of the 
system is shown in Figure 3B. 

 

Figure 3: Schemes of anaerobic digestion systems used for metagenomic analysis. Sample names in this thesis 
are used as given in the squares with grey background, with a prefix for the system. A: System at pulp and paper 
factory, abbreviated in this thesis as ‘PaP’. B: System at starch factory, abbreviated in this thesis as ‘StarchC’. 

In addition, two samples from anaerobic digesters that treat other substrates than industrial 
wastewaters were included to be able to find specifics of such systems. One sample from a 
typical agricultural system (sample ‘Ref_Agri’) and one from an anaerobic digester that treats 
slaughterhouse waste were included (sample ‘Ref_Slaughter’). 

The samples were provided by the companies. They were frozen upon arrival and thawed and 
aliquoted as soon as all samples were available. A fraction of each sample was centrifuged at 
2244 x g for 30 minutes to separate the liquid fraction from the biomass pellet. All samples 
(unseparated, liquid fraction, pellet) were frozen again until further processing. 
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2.4.2 Metadata analysis 

2.4.2.1 Process parameters 

To evaluate the stability and performance of the selected AD systems, process parameters 
provided by the companies were used. The efficiency of the systems was estimated using the 
organic matter content of the influent and effluent of the systems. Metrics to estimate the 
organic matter content were provided as chemical oxygen demand (COD) by the company 
responsible for the system ‘PaP’ and as total organic carbon (TOC) by the company 
responsible for the system ‘StarchC’. The efficiency was determined using the following 
equation. 

𝐸𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦 [%]  =  100 −  
𝐶𝑂𝐷 𝑜𝑟 𝑇𝑂𝐶 𝑖𝑛 𝑖𝑛𝑓𝑙𝑢𝑒𝑛𝑡

𝐶𝑂𝐷 𝑜𝑟 𝑇𝑂𝐶 𝑖𝑛 𝑒𝑓𝑓𝑙𝑢𝑒𝑛𝑡
∗ 100 

 

Furthermore, the fraction of methane (CH4) in the biogas was provided by both companies. 
The biogas is the offgas of the AD system. A large fraction of methane in the biogas is desired 
because it is the main energy carrier in the biogas. 

All datasets were provided for the time period 12 days before to 12 days after the sampling 
date. 

2.4.2.2 Physicochemical analysis 

Besides process parameters that were provided by the companies, physicochemical 
parameters of the samples were determined and provided additional context that facilitated the 
biological interpretation of sequencing results. 

The pH was determined using a FiveEasy pH meter (Mettler-Toledo GmbH, 1230 Vienna, 
Austria) with an LE422 pH electrode (Mettler-Toledo GmbH, 1230 Vienna, Austria). 

After cleaning up the liquid fractions of the samples by Carrez clarification (Carrez 1908), the 
concentration of volatile fatty acids (VFAs) and alcohols was determined using High 
Performance Liquid Chromatography (HPLC). A 1260 Infinity II HPLC system was used 
(column: Coregel ION 300-S/N 13729504, vial sampler: G7129A 1260, iso pump: G7110B 
1260, column oven: 2x G7116A 1260 MCT, detector: G7162A 1260 RID; Agilent, Santa Clara, 
CA 95051, United States). The injection volume was 40 µL and the system was run at a flow 
rate of 0.325 mL/min with a pressure of 63.49 bar and at 45 °C. The eluent was 0.005 M 
H2SO4. 

Ion chromatography was used to determine the concentration of anions (sulphate, nitrate, 
chloride, phosphate) in the liquid fractions of the samples. A Dionex ICS-900 system (AS-DV 
autosampler, conductivity detector, guard column: AG14A 4 x 50 mm, analytical column: 
AS14A 4 x 250 mm; Thermo Scientific, Waltham, MA 02451, USA). The eluent was a solution 
of 8 mM Na2CO3 and 1 mM NaHCO3 an isocratic flow rate of 1 mL/min was used. A 57 mM 
H2SO4 solution was used to regenerate the ACRS 500 suppressor at the same flow rate.   

2.4.3 Sequencing 

The frozen pellets were submitted to the Joint Microbiome Facility (JMF) for DNA extraction 
and sequencing. The steps in section 2.4.3.1 - 2.4.3.3 were carried out by the JMF. 

2.4.3.1 DNA extraction 

DNA was extracted using the FastDNA™ SPIN Kit for Soil (MP Biomedicals Germany GmbH, 
37269 Eschwege, Germany) according to the manufacturer’s instructions (MP Biomedicals 
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2021). Additionally, DNA was extracted using the DNeasy PowerSoil Pro extraction kit (Qiagen 
GmbH, 40724 Hilden, Germany) following the manufacturer's instructions. The fragment 
lengths of the resulting DNA extracts were analysed using a TapeStation Instrument (Agilent, 
Santa Clara, CA 95051, United States).  

2.4.3.2 Amplicon sequencing 

Amplicon sequencing of the V4 region of the 16S rRNA gene of the DNA was conducted. The 
DNA extract obtained from using the FastDNA™ SPIN Kit for Soil was used. The aim was to 
analyse the stability of the systems by comparing the results to those obtained from previous 
samples (see section 3.2). Moreover, the complexity of the community was evaluated based 
on the results of this sequencing run to determine the approximate necessary sequencing 
depth for long-read sequencing (see section 2.4.3.3). Library preparation and sequencing was 
done using a dual barcoding method (Pjevac et al. 2021) with adapted V4 primers V4-EXT (Hu 
et al. 2025). This primer pair became available and was used because it has been shown that 
it covers more of the biological diversity than the standard V4 primer pair (Hu et al. 2025). 

2.4.3.3 Long-read metagenomic sequencing 

In the past, most metagenomic studies had been conducted using short but highly accurate 
reads, produced by the Illumina platform (Latorre-Pérez et al. 2020). However, the de novo 
assembly of such reads is mainly complicated by repetitive regions that are longer than the 
reads, which leads to fragmented genome assemblies (Latorre-Pérez et al. 2020). This 
limitation can be overcome by using longer reads. Technologies that yield such long-reads 
have been developed by Pacific Biosciences (PacBio) and Oxford Nanopore Technologies 
(ONT) (Trigodet et al. 2026; Latorre-Pérez et al. 2020). This comes at a cost of higher error 
rates (Latorre-Pérez et al. 2020). However, read accuracy has been increasing over the last 
years (Trigodet et al. 2026). Additionally, ONT provides cost-effective platforms for real-time 
sequencing which is why they have become increasingly popular (Latorre-Pérez et al. 2020). 
Thus, the ONT PromethION platform was used for long-read sequencing for metagenomic 
analyses of the selected samples. 

The DNA that was extracted with the PowerSoil Pro extraction kit was used. Samples were 
prepared for sequencing using the SQK-NBD114.96 (Oxford Nanopore Technologies, Oxford 
OX4 4DQ, United Kingdom). About 53fmol of a 26Kb library was loaded on an R10.4.1 flowcell 
(FLO-PRO114M, Oxford Nanopore Technologies, Oxford OX4 4DQ, United Kingdom) and 
sequenced for 72h on a PromethION P2 solo (Oxford Nanopore Technologies, Oxford OX4 
4DQ, United Kingdom) using MinKNOW, version 25.06.16 (Oxford Nanopore Technologies 
2025c). Raw signal was live basecalled using the super accuracy model (model: 
r1041_e82_400bps_sup_v5.2.0) using dorado, version 7.11.2 (Oxford Nanopore Technologies 
2025a). Quality filtering of the reads was part of the basecalling process, with the criteria Phred 
score (Q) ≥ 15 and minimum length of 1,000 nucleotides. At the same time, adapters and 
barcodes were removed. The resulting reads were provided as FASTQ files by the JMF. 

Three of the samples (all from the StarchC system) were sequenced in another run, after an 
additional clean-up step using the DNA Clean & Concentrator kit (Zymo Research, Irvine, CA 
92614, United States) kit to increase the sequencing depth. 

2.4.4 Data analysis 

The analysis of the metagenomic dataset was conducted using multiple scripts. These are 
deposited at https://github.com/lisa94fc/ADMicrobes_supp (directory ont-dataset). The main 
command of each step is given below. 

 

https://github.com/lisa94fc/ADMicrobes_supp
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2.4.4.1 Amplicon sequencing data 

The raw amplicon sequencing results were processed by the JMF. Their workflow using 
DADA2 (Callahan, McMurdie, et al. 2016; Callahan, Sankaran, et al. 2016) was similar to that 
described in section 2.3.2, but it was adapted to be compatible with the dual barcoding 
sequencing method. An ASV table was provided by the JMF, which was then taxonomically 
classified using the MiDAS 5 database, version 5.3 (Dueholm et al. 2024), as described in 
section 2.3.2.5. Taxonomic profiles were obtained as described in section 2.3.3.1. 

2.4.4.2 Metagenomics data 

Quality control and filtering 
The worst 10% of the reads were removed using Filtlong, version 0.3.1 (Wick 2025). 
NanoComp, version 1.25.6 (De Coster and Rademakers 2023) and SeqKit2, version 2.11.0 
(Shen et al. 2024) were used for quality control of the raw and filtered reads. The following 
commands were used (see scripts 01_filtlong.sh and 02_QC_ont.sh). 

# filter 

filtlong --keep_percent 90 <file> 

 

# QC 

seqkit stats <path-to-data>/*.fastq.gz -Ta > seqkit_stats.tsv 

NanoComp --tsv_stats --fastq <path-to-data>/*.fastq.gz --outdir <out-dir> 

Read-based taxonomic profiling 
Before assembly, read-based taxonomic profiles were investigated. Taxonomic profiles can be 
generated from metagenomic sequencing reads by various methods. Unlike classifiers which 
classify every read by comparing it to representative sequences in a database, taxonomic 
profilers use marker genes to generate taxonomic profiles. Since only marker genes are used 
for classification, a large fraction of the reads remains unclassified. The relative abundances 
of taxa in the metagenome are thus estimated based on the results and provided as taxonomic 
profiles. Besides the choice of the profiler itself, the choice of the reference database is crucial 
for performance. 

MetaPhlAn 4 (Blanco-Míguez et al. 2023) classifies reads based on species-level genome bins 
(SGBs). They were defined from a collection of microbial genomes (from isolates) and MAGs 
by the developers. After annotation and identification of core genes, each SGB got assigned a 
set of unique marker genes, specific for that SGB. Additionally, a taxonomic label was assigned 
to each SGB, based on the National Center for Biotechnology Information (NCBI) taxonomy. 
This label can either be defined from the taxonomic rank of kingdom down to species, or it can 
be undefined at certain taxonomic ranks. Metagenomic long-reads are mapped against the 
SGB marker gene database using minimap2 (Li 2018), assigned to an SGB, and given the 
taxonomic classification of the corresponding SGB. From this, the coverage of each clade is 
inferred and normalised, yielding relative abundances. Reads that cannot be assigned to an 
SGB are not classified at any taxonomic level and summarized in ‘unclassified reads’. (Blanco-
Míguez et al. 2023) 

Even though SingleM (Woodcroft et al. 2025) is based on marker genes as well, the method 
differs from the MetaPhlAn algorithm. The marker genes in SingleM are not specific for a taxon 
but conserved single-copy marker genes are used. Reads are matched to conserved regions 
in the marker genes using hidden Markov models (HMMs) to cluster them into operational 
taxonomic units (OTUs). The OTUs are matched to species representatives from the Genome 
Taxonomy Database (GTDB) (Parks et al. 2022) to assign species if possible. Genus-level or 
higher taxonomy is assigned to the remaining OTUs by alignment in amino acid space using 
DIAMOND blastx (Buchfink et al. 2021). Finally, the classifications of all marker genes are 
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condensed into a consensus taxonomic profile. In SingleM, custom databases, organised in 
metapackages, can be used which enables users to make it more specific for the environment 
of interest. (Woodcroft et al. 2025) 

For cross-validation purposes, both tools, MetaPhlAn 4 and SingleM, were used for taxonomic 
profiling of the metagenomic reads. MetaPhlAn 4, version 4.2.4 (Blanco-Míguez et al. 2023) 
was used with the database mpa_vJan25_CHOCOPhlAnSGB_202503. The taxonomic 
profiles of all samples were merged to an abundance table of all samples, using the utility script 
merge_metaphlan_tables.py. The following commands were used (see script 
03_metaphlan_batch.sh). 

# run MetaPhlAn 4 for every sample 

metaphlan <read-file>.fastq.gz --input_type fastq \ 

    --mapout <outdir>/mappings/<sample>.minimap2.bz2 \ 

    --long_reads --nproc 5 -o <outdir>/profiles/<sample>-profile.txt \ 

    --db_dir <db-dir> --verbose  

 

# merge tables 

merge_metaphlan_tables.py <outdir>/profiles/*.txt \ 

    > <outdir>/merged_abundance_table.txt 

SingleM, version 0.20.3 (Woodcroft et al. 2025) was used with the metapackage linked to the 
GlobDB taxonomy, release 226 (Speth et al. 2025), which is available on the GlobDB website 
(https://fileshare.lisc.univie.ac.at/globdb/globdb_r226/taxonomic_profiling/globdb_r226_Singl
eM_metapackage.tar.gz). The GlobDB is a comprehensive database of species-dereplicated 
microbial genomes from 14 genomic catalogues. The taxonomic profiles obtained with the 
command pipe were transformed into a species-by-site relative abundance table with the 
command summarise. The script 04_singlem.sh was used and the main commands are 
given below. 

# run SingleM for every sample 

singlem pipe -1 <read-file>.fastq.gz -p <outdir>/<sample>_profile.tsv \ 

    --otu-table <outdir>/<sample>_otu.tsv 

 

# merge tables 

singlem summarise --input-taxonomic-profile <outdir>/*_profile.tsv \ 

    --output-species-by-site-relative-abundance-prefix <outdir>/singlem-globdb 

The results of both tools were compared regarding the fraction of unclassified reads. The 
results of the tool with less unclassified reads were visualised and compared with the results 
of amplicon sequencing. This was done to find out if the same taxa are identified by amplicon 
and metagenomic sequencing. Even if primers are designed to universally detect bacteria and 
archaea, they do not bind to the DNA of all taxa with the same affinity due to mismatches 
(Apprill et al. 2015). Therefore, the results are biased and some taxa are not detected in 
amplicon sequencing approaches (Apprill et al. 2015). In contrast, metagenomic long-read 
sequencing is independent of DNA amplification and not as selective for specific taxonomic 
groups, although DNA extraction biases can apply. On the other hand, because the complete 
genome is targeted instead of a short region, the sequencing depth must be much larger in 
metagenomic than in amplicon sequencing to obtain similar taxonomic resolution. 

Assembly 
To recover metagenome-assembled genomes (MAGs) from the sequencing data, the reads 
were first assembled into contigs. Contigs are contiguous sequences that are obtained by 
finding overlaps between the reads and stitching them together. Assembly algorithms typically 
construct graphs from the sequencing reads and compute assemblies by finding paths through 

https://fileshare.lisc.univie.ac.at/globdb/globdb_r226/taxonomic_profiling/globdb_r226_SingleM_metapackage.tar.gz
https://fileshare.lisc.univie.ac.at/globdb/globdb_r226/taxonomic_profiling/globdb_r226_SingleM_metapackage.tar.gz
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them. Long-read assemblers must be able to deal with different kinds of challenges than short-
read assemblers and their development is still an active area of research (Kolmogorov et al. 
2020; Trigodet et al. 2026). Short-read assemblies are usually based on de Bruijn graphs, 
which are constructed by using all k-mers in the sequencing reads (Kolmogorov et al. 2019). 
This graph structure relies on exact overlaps of k-mers and is thus unsuitable for error-prone 
long-reads. The long-read assembler Flye (Kolmogorov et al. 2019) uses repeat graphs 
instead, which can deal with approximate matches. Additional challenges arise for 
metagenome assemblies, compared to single-genome assemblies. The uneven bacterial 
composition and coverage, as well as highly similar genomes make the process more complex. 
This is addressed by metaFlye (Kolmogorov et al. 2020), a version of Flye specifically 
developed for metagenomes.  

Draft assemblies were computed using metaFlye, version 2.9.6 (Kolmogorov et al. 2020). At 
first, single-sample assemblies were computed for each sample. To maximise the sequencing 
depth available for the assembly and to be able to use differential abundance information for 
binning in the next step, co-assemblies were considered. In co-assemblies, the metagenomic 
reads of multiple samples are combined for the assembly. The same command was used for 
both approaches, see script 05_flye.sh. 

# run flye in metagenomics mode for each sample/set of samples 

flye --nano-hq <read-file1>.fastq.gz [<read-file2>.fastq.gz ...] --meta \ 

    --out-dir <outdir>/<assembly-name> 

The draft assemblies obtained from metaFlye were polished using medaka, version 2.1.1. 
(Oxford Nanopore Technologies 2025b). Assembly polishing is used to correct any errors in 
the sequence that were introduced during the assembly, by mapping the reads back to it and 
finding a consensus. Medaka was developed specifically for polishing assemblies that are 
based on ONT reads and is recommended by the developers to be used in combination with 
Flye (Oxford Nanopore Technologies 2025b). It maps the sequencing reads to the draft 
assembly, using minimap2 (Li 2018) and saves a ‘base counts table’ in so-called ‘pileups’. 
These pileups are used as input for a neural network which infers a consensus sequence. It 
scores all possible bases at each position. The models for the neural networks are specific for 
the chemistry used during sequencing. (‘Introduction_to_how_ONT’s_medaka_works’, n.d.; 
Oxford Nanopore Technologies 2024) 

The main commands for polishing the assemblies are given below (see script 
08_medaka.sh). 

# for co-assemblies, concatenate the reads of all samples 

cat <read-file1>.fastq.gz <read-file2>.fastq.gz [<read-file3>.fastq.gz ...] \ 

    > reads_combined.fastq.gz 

 

# run medaka for each assembly 

medaka_consensus -i <read-file>.fastq.gz -d <assembly-file>.fa \ 

    -o <outdir>/<assembly-name> -m r1041_e82_400bps_sup_v5.2.0 

In co-assemblies, information regarding variations between the samples is lost to some extent. 
Thus, co-assemblies should only be used if it can be assumed that there is little to no variation 
in the genomes across the samples. To determine if this is a valid assumption by estimating 
the fraction of reads of each sample that can be found in each assembly, the reads of all 
samples were mapped to all single-sample assemblies first. The reads were mapped back to 
the assemblies using minimap2, version 2.30 (Li 2018). Using SAMtools, version 1.23 
(Danecek et al. 2021), the resulting SAM-files were filtered to only keep primary alignments, 
and sorted. CoverM, version 0.7.0 (Aroney et al. 2025) is a tool that calculates coverage 
statistics for contigs or genomes. It was used in contigs mode to determine the coverage of 
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the contigs in an assembly across all samples, based on the pre-calculated alignments. The 
main commands given below were run separately for each single-sample assembly (see 
scripts 06_map_reads_back.sh and 07_coverm_contig.sh). For this analysis, no 
threshold for a minimum identity as used (i.e. --min-read-percent-identity = 0). 

for READS in <read-files-dir>/*.fastq.gz; do 

    # map reads to the assembly 

    minimap2 -ax map-ont <assembly-file>.fasta ${READS} > <sam-file>.sam 

 

    # sort SAM-file 

    samtools view -b <sam-file>.sam | samtools sort > <bam-dir>/<sample-name>.bam 

done 

 

# determine fraction of mapped reads for all BAM files 

coverm contig --bam-files <bam-dir>/*.bam \ 

    -o <outdir>/<sample-name>_<percent-identity>.txt \ 

    --min-read-percent-identity <percent-identity> 

The results were visualised using ggplot2, version 4.0.0 (Wickham 2016). Based on the results 
and on the design of the AD systems, samples to be combined for co-assemblies were chosen. 

Binning 
After assembling metagenomic reads to contigs, they are separated into bins. The aim is to 
obtain one complete genome per bin.  

Overall, six assemblies were used for binning. Of these, three are co-assemblies. In short, 
samples from acidification reactors were combined within a system and samples from methane 
reactors were combined within a system. Table 7 lists the assemblies that were used for 
binning, and the samples that were used to compute the assemblies. 

Table 7: Assemblies that were used for binning. The second column specifies the samples that were used to 
compute the assembly. The third column specifies it is a co-assembly or a single-sample assembly. 

Assembly name Samples Co-assembly 
PaP_acids PaP_Acid1 

PaP_Acid2 
Yes 

PaP_fermenters PaP_EGSB1 
PaP_EGSB2 
PaP_IC3 
PaP_IC4 

Yes 

StarchC_Acid StarchC_Acid No 

StarchC_fermenter StarchC_Ferm 
StarchC_Ferm_O 

Yes 

Ref_Agri Ref_Agri No 

Ref_Slaughter Ref_Slaughter No 
 

Binning algorithms use differential coverage or structural information of the sequences (such 
as tetranucleotide frequencies) or both to group contigs into bins. MetaBAT2, version 2.18 
(Kang et al. 2019) was used for binning of the assemblies. As the name suggests (MetaBAT: 
Metagenome Binning with Abundance and Tetra-nucleotide frequencies), this tool uses both 
characteristics. It calculates pairwise distances for all contig pairs, based on abundances and 
on tetranucleotide frequencies, and then clusters the contigs by a graph-based method. 
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Tetranucleotide frequencies are obtained within the main algorithm. Differential coverage 
information was obtained as follows, before running the main algorithm. 

BAM-files obtained from mapping the reads of all samples to the assemblies, as described 
above (section ‘Assembly’) were used as input for the utility script 
jgi_summarize_bam_contig_depths, which is part of MetaBAT2. This script extracts 
coverages of the contigs in all samples. A threshold of 85 % was used for the minimum end-
to-end identity of the alignments to be used in the coverage calculation (parameter --
percentIdentity). This threshold was identified by mapping the reads back to the 
assemblies at various thresholds, as described above (section ‘Assembly’). Otherwise, default 
parameters were used. The result was used as input in the main MetaBAT2 command. This 
was done separately for each assembly. The main commands of this process are given below, 
as used in the scripts 09_jgi_summarize.sh and 10_metabat.sh. 

# calculate depths 

jgi_summarize_bam_contig_depths --percentIdentity 85 \ 

    --outputDepth <depth-file>.tsv <bamfiles-dir>/*.bam 

 

# run MetaBAT2 for every assembly 

metabat2 -i <assembly-dir>/<assembly-name>.fasta \ 

    -a <depth-file>.tsv -o <outdir>/<assembly-name>_bin 

Quality control 
Quast, version 5.3.0 (Gurevich et al. 2013) was used to obtain basic statistics of the 
assemblies. The quality of the assemblies was evaluated based on the Quast reports. Default 
parameters were used in the following command (see script 11_quast.sh). 

quast.py --output-dir <outdir> <assembly-dir>/*.fa.gz 

In addition to using basic statistics which were obtained directly from binning with MetaBAT2, 
the quality of the bins was evaluated based on their completeness and contamination. As the 
name suggests, the completeness score is an estimation of the completeness of the genome 
represented by the bin. The contamination score is an estimation of the presence of sequences 
that belong to a different genome. To obtain both scores, CheckM2, version 1.1.0 (Chklovski 
et al. 2023) was used. In contrast to most quality assessment tools for bins, CheckM2 does 
not use single-copy marker genes to estimate completeness and contamination. It was 
developed to avoid the introduction of biases which leads to inaccurate results for novel 
lineages and for reduced genomes. CheckM2 uses machine learning methods which take 
various factors into account, such as multi-copy genes, biological pathways, amino acid 
counts, and the number of coding sequences. (Chklovski et al. 2023) 

The following command was used for each assembly (see script 12_checkm2.sh). 

checkm2 predict --input <bin-dir> -x .fa --output-directory <outdir> 

To select genomes as species representatives, the GTDB (Parks et al. 2022) uses the equation 
completeness-5*contamination > 50 (see: 
https://gtdb.ecogenomic.org/stats/r226#quality-of-gtdb-representative-genomes). This 
equation takes both scores into account. The same threshold was applied in this thesis to 
identify and remove low-quality bins. 

The remaining bins were dereplicated at an average nucleotide identity (ANI) of 95 %. Sets of 
bins with ANI ≥ 95 %, over a minimum aligned fraction of 10 %, were identified using dRep, 
version 3.6.2 (Olm et al. 2017) with default parameters. dRep does pairwise comparisons of 
all bins using a fast but inaccurate algorithm (MASH) in the first step to obtain similarity 

https://gtdb.ecogenomic.org/stats/r226#quality-of-gtdb-representative-genomes
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estimations for all bin pairs. In the second step, only pairs with high similarity estimations are 
compared by using a more accurate algorithm (fastANI) to obtain more accurate ANI scores. 
The following command was used. 

dRep compare <outdir> -g <bin-dir> 

The output was manually inspected and the bin with the highest quality score in each set, as 
it was defined above, was identified. The other bins in the set were removed from the final 
dataset. 

The so obtained final set of metagenome-assembled genomes (MAGs) was used for further 
analysis. 

Taxonomic profiling 
The Genome Taxonomy Database Toolkit (GTDB-Tk), version 2.6.1 (Chaumeil et al. 2022) was 
used to taxonomically classify the obtained MAGs. GTDB-Tk classifies genomes by 
phylogenetic placement in a reference tree. After gene calling using Prodigal (Hyatt et al. 
2010), bacterial and archaeal marker genes are identified using HMMER (Eddy 2011) to assign 
the MAGs to a domain (bacteria or archaea). They are then placed into domain-specific GTDB 
reference trees for taxonomic classification using pplacer (Matsen et al. 2010). In GTDB-Tk 
v2, the placement is done in two steps. The MAG is first placed into a tree with family-level 
representatives and then into a class-level subtree with species representatives. The relative 
evolutionary distance (RED) to reference genomes in the tree is used to resolve ambiguous 
classifications and the ANI is used to assign species level taxonomy. (Chaumeil et al. 2020, 
2022) 

The classify_wf workflow with default parameters was used with the following command 
(see script 13_gtdbtk.sh). 

gtdbtk classify_wf --genome_dir <bin-dir> --out_dir <outdir> -x fa 

CoverM, version 0.7.0 (Aroney et al. 2025) was used to estimate the relative abundances of 
MAGs in the analysed samples (genome mode). The metagenomic read files were directly 
used as input for CoverM which first aligns them to the provided MAGs using minimap2 (flag 
-p minimap2-ont) (Li 2018) and then uses the alignments for calculating several metrics, 
including the relative abundance of MAGs in each sample. The following command was used 
in the script 14_coverm_genome.sh. 

coverm genome --single <reads-dir> -d <bin-dir> -x fa -p minimap2-ont \ 

    --bam-file-cache-directory <bam-dir> --discard-unmapped \ 

    -o <outdir>/mag_abundance_coverm.tsv 

The relative abundances were visualised using ggplot2, version 4.0.0 (Wickham 2016) and 
ggh4x, version 0.3.1 (van den Brand 2025). 

Functional annotation 
For the functional annotation of the MAGs, anvi’o, version 9 (Eren et al. 2020) was used. Anvi’o 
is a community-driven open software ecosystem for ‘omics data analyses. It contains programs 
that can be combined in a modular way to fulfil various tasks. The workflow used for this 
analysis is based on the tutorial available at the URL https://anvio.org/tutorials/fmt-mag-
metabolism.  

The functional analysis of the obtained MAGs is based on the Kyoto Encyclopedia of Genes 
and Genomes (KEGG) (Kanehisa and Goto 2000; Kanehisa et al. 2014, 2017). KEGG is a 
database that enables the biological interpretation of genomes by providing multiple resources. 

https://anvio.org/tutorials/fmt-mag-metabolism
https://anvio.org/tutorials/fmt-mag-metabolism
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The KEGG orthology (KO) database defines KOs as functional orthologs of genes and 
proteins. Each KO is assigned a KO identifier, or K number. The database additionally contains 
Enzyme Commission (EC) numbers which classify enzymes. KEGG pathway maps provide 
networks of metabolic reactions, combining information about molecules and enzymes. The 
KEGG MODULE database contains modules that specify combinations of enzymes that are 
needed for specific metabolic pathways. 

The data required by anvi’o programs that work with KEGG was downloaded (snapshot version 
v2025-11-07) and set up using the program anvi-setup-kegg-data. This program sets 
up profile hidden Markov models (pHMMs) from the KOfam database (Aramaki et al. 2020) 
which is a database of KOs. The program was run using the following command. 

anvi-setup-kegg-data --kegg-data-dir anvio/module-dbs/kegg 

After setting up the KEGG data, the MAGs were imported into anvi’o. To be able to import 
them, the headers in the FASTA files were uniformly formatted and special characters and 
spaces were removed using SeqKit2, version 2.11.0 (Shen et al. 2024) as follows. 

for FILE in <bin-dir>/*.fasta; do 

        FILE_PATH=${FILE%.fasta} 

        seqkit replace ${FILE} -p "\s.+" > tmp1.fasta 

        seqkit replace tmp1.fasta -p "\." > tmp2.fasta 

        seqkit replace tmp2.fasta -p ".fa" > ${FILE_PATH}.fa 

        rm tmp1.fasta 

        rm tmp2.fasta 

done 

Each MAG was imported into anvi’o by generating an anvi’o contigs database from the FASTA 
file, using the program anvi-gen-contigs-database. A contigs database is the basis for 
all further analyses in anvi’o and stores information about the underlying MAG that is obtained 
by running anvi’o programs. Most importantly, the program identifies open reading frames in 
the MAG using pyrodigal-gv, version 0.3.2 (Hyatt et al. 2010; Larralde 2022) with additional 
models for viruses (Camargo et al. 2024). 

The program anvi-run-kegg-kofams was used to annotate the MAGs in the contigs 
databases using the KOfam database (Aramaki et al. 2020). The program annotates the 
contigs database with pHMM hits from KOfam by checking all gene calls against the previously 
set up pHMMs using HMMER (Eddy 2011). It eliminates weak hits based on thresholds 
provided by KEGG, but applies a heuristic that relaxes this threshold in order to keep valid hits 
that would otherwise be removed. Finally, the program stores the KO hits as well as information 
about the modules they are associated with. 

The commands for setting up a contigs database and populating it with general HMM and 
KOfam hits are given below (see script 15_anvio_kegg.sh). 

anvi-gen-contigs-database -f <bin-file>.fa -o <outdir>/<bin-name>/contigs.db \ 

    -n '<bin-name>' 

 

anvi-run-kegg-kofams -c <outdir>/<bin-name>/contigs.db \ 

    --kegg-data-dir anvio/module-dbs/kegg 

After annotating all MAGs, the program anvi-estimate-metabolism (Veseli et al. 2025) 
was used to collect information from the results. This program can be run on multiple contigs 
databases at the same time. It determines the completeness of pathways in each of the 
provided genomes, as defined in the KEGG modules and based on the KO hits. Additionally, it 
collects and outputs all KO hits of all input contigs databases. When adding the flags  
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--matrix-format and --include-metadata, the output is given in matrix format and 
metadata such as descriptions of the KOs and associated EC numbers are added to the matrix. 

The program was run on all annotated MAGs at the same time by providing a list of paths to 
their contigs databases. The commands used for creating the path list and running the program 
are given below. 

# create a list of paths to contigs dbs for all MAGs 

anvi-script-gen-genomes-file --input-dir <contigs-dbs-dir> \ 

    --output-file my-genomes.txt --include-subdirs 

 

# run anvi-estimate-metabolism 

anvi-estimate-metabolism -e my-genomes.txt --kegg-data-dir anvio/module-dbs/kegg/ \ 

    --matrix-format -O estimate-metabolism --include-metadata 

The main output of the program that was used for further data analysis is a matrix with hit 
numbers for KOs in the MAGs (estimate-metabolism-KEGG_ID_hits-MATRIX.txt). 

Functional analysis 
Selected key pathways for AD were investigated. They were manually defined using multiple 
resources. If available, the pathway description in Heider (2014) was used as basis. The 
metabolites and reactions of the pathways were sketched out and KEGG resources were used 
to assign EC numbers to every reaction. This was mainly done using KEGG carbohydrate and 
energy metabolism pathway maps. The reactions of the pathways of interest were identified 
by the participating molecules in the KEGG pathway maps. EC numbers associated with 
catalysing them were obtained from KEGG and added to the sketch. The sketches were used 
to define the reactions of the pathway in a spreadsheet by substrate, product, and EC numbers. 
Pathways for butyrate and propionate oxidation were added to the spreadsheet, as defined in 
Hao et al. (2020). Besides pathways, the formation of acetate and ethanol was investigated in 
a more general manner. Reactions associated with the formation of these substances were 
retrieved from KEGG pathway maps and associated EC numbers were added to the 
spreadsheet and used to for the investigation. The spreadsheet with pathway definitions can 
be found in the supplementary material (Table S18). The investigated pathways are lactic acid 
fermentations (heterofermentative, Bifidobacterium fermentation, homofermentative), 
propionate metabolism (methylmalonyl and acryloyl pathway, oxidation), butyrate oxidation, 
acetate formation (from acetyl-CoA − direct, via acetaldehyde, via acetyl-P; from lactate), 
ethanol formation, acetogenesis, methanogenesis (methylotrophic, acetoclastic, 
hydrogenotrophic), sulphate reduction. 

KO annotations of the MAGs that were obtained from anvi’o as described above were used to 
identify MAGs that encode the enzymes for the investigated pathways. The relevant K numbers 
were obtained from the spreadsheet with pathway definitions. In addition, MAGs associated 
with formate formation were identified by manually looking for formate dehydrogenases using 
the description field in the KO annotation file obtained from anvi’o. Using R, version 4.5.1 
(R Core Team 2025) and RStudio, version 2025.09.1.401 (Posit team 2025), MAGs with hits 
for the enzymes were retrieved from the dataset. The hits per MAG and enzyme were 
visualised in heatmaps using ggplot2, version 4.0.0 (Wickham 2016). Based on these, the end 
products of the respective pathways were assigned to the MAGs. A final heatmap that 
visualises the investigated metabolites and the assigned MAGs (only those with abundance 
>1 % in at least one sample) was created using ggplot2, version 4.0.0 (Wickham 2016). 

Based on the individual pathways, an overall pathway map that connects all main metabolites 
was drawn. This map separates the pathways into what is assumed to take place in the 
acidification reactor and what is assumed to take place in the methane reactor. The metabolites 
which were assigned to MAGs were assigned to arrows in the pathway map. In addition, the 
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phyla associated to each of the metabolites were visualised in bar plots using ggplot2, version 
4.0.0 (Wickham 2016). One bar plot per metabolite and reactor was made, using the relative 
abundances of the MAGs. They were visualised in combination with the pathway map to obtain 
information about the potential roles of the identified MAGs in AD systems by mapping taxa to 
pathways. 

The assignment of MAGs to metabolites were done using the script Pathway_mapping.Rmd 
and the visualisations were done using the script Pathways_plots.Rmd. 
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3 Results 

In this thesis, the microbial communities in anaerobic digestion (AD) systems are analysed. 
The microbial community composition in a variety of AD systems is determined by amplicon-
sequencing based methods. Moreover, a functional analysis of selected systems using 
metagenomic methods is conducted. 

3.1 Taxonomic nomenclature 

The databases that were used for taxonomic classification in this thesis do not use uniform 
taxonomy. After the rank of phylum was added to the International Code of Nomenclature of 
Prokaryotes in 2023, major changes in taxonomy nomenclature were adopted to follow the rule 
that phylum names should have the suffix -ota (Oren et al. 2023). The old and new phylum 
names as updated by the NCBI in 2023 are listed at the URL 
https://ftp.ncbi.nih.gov/pub/taxonomy/Major_taxonomic_updates_2023.txt.  

The database SILVA SSU Ref NR 99 SSU, version 138.1 (Quast et al. 2013) was released 
before the update and thus uses the previous nomenclature for phyla. The database MiDAS 
5, version 5.3 (Dueholm et al. 2024) partially uses the previous nomenclature. The databases 
SILVA SSU Ref NR 99 SSU, version 138.2 (Quast et al. 2013), GlobDB, release 226 (Speth et 
al. 2025), and the underlying database in MetaPhlAn 4 use the updated nomenclature. 

In this thesis, the updated nomenclature will mainly be used. However, when presenting results 
that were obtained with databases that use the previous nomenclature it is used in figures, but 
both names will be used in the text for clarification. The colours in all figures are chosen in a 
uniform way to represent the same phylum, independent of the used nomenclature. 

3.2 Amplicon dataset 

3.2.1 Data processing 

To study patterns in the taxonomic profiles of a number of AD systems, an amplicon 
sequencing dataset was analysed. The dataset comprises samples from seven AD systems, 
treating wastewater or residues from the pulp and paper or agro-industry. Laboratory-, pilot-, 
and full-scale systems are represented by the dataset. In addition, one sample from a full-scale 
system treating slaughterhouse residues and one from a full-scale system that uses 
agricultural feedstocks as substrate are part of the dataset. 

An amplicon dataset, obtained from sequencing the V4 region of the 16S rRNA gene of the 
DNA from multiple samples from a variety of anaerobic digesters, was processed using DADA2 
to obtain an ASV table. The average, minimum, and maximum number of reads per sample 
obtained in each sequencing run is given in Table 8. 

The fraction of retained reads per sample for all analysed sequencing runs, tracked along the 
processing pipeline are presented in Table 9 (averages per run) and Figure 4 (values per 
sample). The full table of numbers of reads per sample in the raw data and after each 
processing step is provided in the supplementary material (Table S3). 

 

 

 

 

 

https://ftp.ncbi.nih.gov/pub/taxonomy/Major_taxonomic_updates_2023.txt
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Table 8: Average, minimum, and maximum number of reads per sample in each amplicon sequencing run. 

  Nr. of reads per sample  
Run-ID Nr. of samples Average Minimum Maximum 
4401216 25 127,803 114,814 138,549 
NGS03108 15 39,618 26,771 42,421 
NGS03287 7 135,813 132,191 141,791 
NGS03459 20 112,471 105,096 121,204 
NGS03614 22 120,811 103,443 130,453 
NGS03615 1 132,783 132,783 132,783 
NGS03693 9 135,920 132,166 140,760 
NGS03874 34 132,328 95,305 141,768 

 

 

 

Table 9: Average fraction of reads per sample in each sequencing run, after each step of the processing pipelines, 
with reference to the raw data. 

 % of reads after each step, with reference to raw data  

Run-ID Trimming Quality filtering 
Merging and 

removing bimeras 
4401216 97.51 91.76 89.72 
NGS03108 97.32 86.88 84.52 
NGS03287 98.19 95.47 94.42 
NGS03459 98.02 95.19 93.69 
NGS03614 97.64 87.82 85.89 
NGS03615 97.89 95.45 92.84 
NGS03693 97.11 93.66 91.91 
NGS03874 96.8 84.53 82.31 
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Figure 4: Number of reads (y-axis) per sample (x-axis) across the pipeline that processes raw reads to ASVs. Four 
bars per sample show the number of reads after each processing step, as indicated by the colours. Grey fields on 
the y-axis organise the samples by sequencing runs. 

There are only minor deviations in the number of raw reads per sample within each sequencing 
run. Most of the runs yielded approximately 150,000 reads per sample. The sequencing run 
NGS03108 is an exception, where around 40,000 reads per sample were obtained. When no 
primer sequence is detected in a read, it is discarded during trimming. A large fraction of the 
reads is retained in this step. Less than 5 % are discarded. After trimming, low-quality reads 
are discarded. This step removes the largest fraction of reads. CoC_12 in run NGS03874 sticks 
out in Figure 4 because a higher fraction is discarded due to low quality, compared to the 
majority of the samples. Moreover, the runs NGS03108, NGS03614, and NGS03874 
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apparently have overall slightly worse quality than the other runs, as the fraction of reads that 
pass the first two steps is below 90 %. Nevertheless, most of the data passes quality filtering 
for all samples. Small fractions are lost during merging the paired-end reads due to insufficient 
overlap or mismatches between forward and reverse reads and during bimera removal. 
Overall, 82-94 % of the reads pass the complete pipeline. The high number of reads in the raw 
data and the small fraction of discarded data suggest that the results reflect most of the 
microbial community. Therefore, the resulting table with 9530 ASVs, was used for further 
analysis. 

3.2.2 Comparison of classifiers 

3.2.2.1 Confidence of taxonomic classification 

For taxonomic classification of the ASVs, three different databases were used, namely 
MiDAS 5, version 5.3, and SILVA SSU Ref NR 99 SSU, versions 138.1 and 138.2. The full 
classification results are available in the supplementary material (Tables S4, S5, S6). Their 
performance regarding the classification of the identified ASVs is evaluated based on 
confidence of the classification and on the fraction of unclassified ASVs. 

Confidence 
ASVs with confidence values in specified ranges were counted at each taxonomic rank and 
for each database. The counts are given in Table 10. In all databases, a trend of decreasing 
confidence values for lower taxonomic ranks can be observed, as expected. However, at all 
taxonomic ranks, more taxa are classified with a confidence of 100 % when using the MiDAS 
5 database than when using either of the SILVA databases. A high confidence can be obtained 
if the query sequence is almost identical to the sequence in the database and thus, the 
classification is unambiguous. Therefore, this result suggests that even the short sequence of 
the V4 region of the 16S rRNA gene is specific for the AD environment. Apparently, the 
obtained ASV sequences are more similar to those in the MiDAS database than in the SILVA 
databases. 

Table 10: Number of ASVs per rank in specified ranges of confidence values for taxonomic classification with three 

databases. 

Confidence 
[%] 

Database Kingdom Phylum Class Order Family Genus 

0-50 MiDAS 5.3 13 90 158 276 413 1250 
SILVA 138.1 2 230 411 654 849 1450 
SILVA 138.2 3 224 405 651 815 1489 

51- 75 MiDAS 5.3 8 74 105 213 341 899 
SILVA 138.1 4 214 267 448 622 1186 
SILVA 138.2 6 223 277 450 614 1231 

76 - 90 MiDAS 5.3 10 106 152 243 388 724 
SILVA 138.1 10 369 426 565 780 1165 
SILVA 138.2 10 366 414 585 773 1125 

91 - 99 MiDAS 5.3 22 487 609 865 1099 1571 
SILVA 138.1 147 1233 1345 1725 1967 2242 
SILVA 138.2 153 1231 1358 1702 1968 2203 

100 MiDAS 5.3 9477 8773 8506 7933 7289 5086 
SILVA 138.1 9367 7484 7081 6138 5312 3487 
SILVA 138.2 9358 7486 7076 6142 5360 3482 
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Fraction of unclassified ASVs 
The fraction of unclassified ASVs (‘NA’) after taxonomic classification with three databases is 
shown in Figure 5.  

 

Figure 5: Fraction of unclassified ASVs after taxonomic classification with the databases MiDAS 5.3, SILVA SSU 
Ref NR 99 138.1 and 138.2 and fraction of ASVs that were assigned MiDAS placeholder names. 

As expected, the fraction of unclassified ASVs increases with lower taxonomic ranks for all 
databases. Even though the values are similar at all levels for both SILVA versions, there are 
slightly less unclassified taxa in SILVA 138.2 than 138.1, especially at family and genus level. 
This reflects that more data is available in the more recent version (138.2) and thus, more 
ASVs can be classified. 

The increase of unclassified ASVs is much steeper for the SILVA databases than for the MiDAS 
database. Using the MiDAS database, it is possible to classify more than 95 % at the family 
rank, 87 % at the genus rank, and more than 50 % at the species rank. Using the SILVA 
database, less than 10 % are classified at the species rank.  

In the curation of the MiDAS database, taxa that could not be assigned a taxonomic 
classification are labelled by placeholder names in the format “midas_x_y”, where x 
corresponds to the taxonomic rank and y is a number. These names make it possible to 
compare taxa across datasets that cannot yet be classified, by giving them an identifier. 
Recurring taxa, and thus key taxa for AD, can be identified by these placeholder names. 
(Dueholm et al. 2024) The fraction of taxa that got assigned a MiDAS placeholder name is 
depicted in Figure 5. They approximately fill the gap of unclassified taxa between MiDAS and 
SILVA at all ranks. It can be concluded that there is a large overlap between the ASVs in the 
MiDAS database and those identified in this thesis. Most of the otherwise unclassified taxa 
obtain a placeholder name when classified based on the MiDAS database. 

However, at genus and species rank, the sum of unclassified ASVs and ASVs with placeholder 
names exceeds the unclassified ASVs in the SILVA results. This can be explained by the 
MiDAS database not being an extension of the SILVA database, but a manual curation of it. 
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MiDAS 5.3 does not contain the complete SILVA database, but only the taxa that correspond 
to the full-length ASVs they found in the samples that were sequenced in the MiDAS project. 
However, the fraction of taxa that were detected in the systems that are analysed in this thesis 
but not in the MiDAS project is small. Based on these results, it seems that the MiDAS 
database covers the main taxa in AD systems, as intended by the curators. 

It can be concluded that some information from the SILVA databases is lost when using the 
MiDAS database, but a lot of valuable information is added. This suggest that the database 
MiDAS 5.3 is best suitable to classify microorganisms when working with AD samples. 
Therefore, the results obtained using the MiDAS 5.3 database were used for further analyses. 

3.2.3 Taxonomic profiling 

After inferring ASVs from the amplicon sequencing dataset and classifying them taxonomically, 
the results were visualised in bar plots and bubble plots to observe patterns of the microbial 
communities in the analysed samples. A table showing the relative abundances of all ASVs in 
all samples can be found in the supplementary material (Table S7). 

A bar plot showing the microbial community composition of all analysed samples at phylum 
level is shown in Figure 6. It provides a first insight into the similarity and dissimilarity of the 
samples with a focus on differences between system type and substrate type.  

Some core phyla that are present in all or most of the samples can be identified, as well as 
some distinct features of the systems. These will be discussed in the following paragraphs. 

Some trends can be observed from the phylum level distribution of taxa across various 
systems. The various substrates seem to drive different patterns of microbial community 
profiles. Especially the systems Conti, Pilot, and SK, which use residues as substrates, show 
similar taxonomic composition at phylum level. Dissimilar compositions can be observed for 
the various system types (i.e. single-stage system, acidification reactor or methane reactor). 
Chloroflexi are most abundant in single-stage systems treating wastewater and in methane 
reactors. At the same time, high relative abundances of Bacillota (Firmicutes) and Bacteroidota 
can be observed for single-stage systems treating residues and acidification reactors. Thus, 
the distribution of phyla suggests similarities between acidification reactors and single-stage 
systems treating presumably complex organic residues, and between methane reactors and 
single-stage systems treating presumably easier to degrade industrial wastewater.  

The phyla Bacillota (previously Firmicutes) and Bacteroidota are identified as core phyla that 
are detected in almost every sample, regardless of the system, substrate, and system type. 
Both have previously been described as highly abundant key phyla in anaerobic digesters in 
several studies (Theuerl et al. 2015; Campanaro et al. 2016; Cai et al. 2016; Treu et al. 2016). 
Notably, they are most prevalent in acidification reactors and single-stage systems that treat 
residues. These results suggest that both phyla are important for the first stages of the AD 
process. This is in line with previous findings that assigned members of the phylum to the initial 
steps in breaking down organic matter, i.e. hydrolysis and acidification (Treu et al. 2016; 
Venkiteshwaran et al. 2015). 
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Alongside Bacteroidota and Bacillota (previously Firmicutes), Actinomycetota (previously 
Actinobacteriota) and Pseudomonadota (previously Proteobacteria) are among the main phyla 
in the acidification reactors of two-stage systems treating industrial wastewater. However, they 
are not detected at high abundance in one-stage systems treating agro-industrial residues. 
Instead, they are found in the methane reactors of the two-stage systems. Thus, they might be 
specific for the substrates that are treated in these systems. However, according to previous 
findings, Pseudomonadota (previously Proteobacteria) are prevalent in anaerobic digesters 
using manure as substrate (Campanaro et al. 2016; Treu et al. 2016) while Actinomycetota 
(previously Actinobacteriota) have been associated with substrates such as sludge and 
wastewater (Treu et al. 2016). 

In the methane reactors of the systems PaP, StarchC, StWC, and ST, Chloroflexota (previously 
Chloroflexi) are prevalent. It appears that they are specific for the systems that treat industrial 
wastewater, as described previously (Treu et al. 2016). In comparison, Synergistota are only 
prevalent in the methane reactor of the system StarchC which treats the wastewater from a 
starch factory. 

As expected, archaea are almost exclusively detected in the methane reactors of two-stage 
systems and in one-stage systems. They are responsible for the last step in the AD process, 
i.e. converting substrates that are produced by bacteria to methane. Archaea are more 
abundant in the methane reactors of two-stage systems than in one-stage systems, where all 
four stages are conducted and thus a larger fraction of bacteria is expected. 

In addition to the differences and similarities between the systems, it can be observed that the 
composition inside each system is stable over time. The biggest fluctuations within a system 
can be observed for ‘StarchC’, but the samples were collected over a long time period 
(approximately one year). It is known that the wastewater that the system receives is not stable 
due to seasonal fluctuations in the production process in the factory, which appears to affect 
the microbial community.  

As described, distinct microbial community patterns can be observed even at the phylum level. 
However, lower taxonomic ranks are more informative and might reveal otherwise hidden 
trends. Thus, a more detailed investigation was done at the ASV level. Bubble plots that show 
the abundance of individual ASVs in the samples are given in Figure 7 (acidification reactors), 
Figure 8 (methane reactors and single-stage systems that treat industrial wastewater) and 
Figure 9 (methane reactors and single-stage systems that treat agro-industrial residues).  

In Figure 7, the relative abundances of ASVs in acidification reactors of two-stage systems are 
shown. Both systems, namely ‘PaP’ and ‘StarchC’, treat industrial wastewater. Even though 
Bacillota (previously Firmicutes) are prevalent in both systems, the diversity within the phylum 
is higher in the system ‘StarchC’, as inferred from the number of ASVs (12 ASVs in ‘PaP’ 
compared to 35 ASVs in ‘StarchC’). Moreover, the abundant ASVs within the phylum are not 
shared between the systems. A similar pattern can be observed for Bacteroidota. In ‘PaP’, the 
genus Cloacibacterium is most abundant while Bacteroides and Prevotella are most abundant 
in ‘StarchC’, alongside some uncharacterised genera (identified by MiDAS 5-specific 
placeholder names). ASV2939 (Prevotalla_9) can be identified in both systems. Within the 
phylum Actinomycetota (previously Actinobacteria), the main genus in both systems is 
Bifidobacterium. However, of those, only ASV2939 is abundant in ‘PaP’ and ‘StarchC’. The 
members of the phylum Pseudomonadota (previously Proteobacteria) are mainly from the 
genus Aeromonas in ‘StarchC’, while other genera are detected in ‘PaP’. 
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Figure 7: Bubble plot for acidification reactors of systems that treat wastewater. The size of the bubbles indicates 
the relative abundance of the ASV (y-axis) in the sample (x-axis). Only ASVs with minimum relative abundance of 
1 % in any of the included samples are shown. The bubbles are coloured by phylum. Vertical layers separate 
archaea and bacteria. The samples (x-axis) are organised by three horizontal layers. Top layer: Type of system 
they originate from. 'Acid': Acidification reactor in two-stage systems. Middle layer: Type of substrate that is used 
in the process. 'WW': Industrial wastewaters. Bottom layer: System names as used in Table 5 (section 2.3.1.1).  
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Figure 8: Bubble plot for single-stage systems and methane reactors of systems that treat wastewater. The size of 
the bubbles indicates the relative abundance of the ASV (y-axis) in the sample (x-axis). Only ASVs with minimum 
relative abundance of 2 % in any of the included samples are shown. The bubbles are coloured by phylum. Vertical 
layers separate archaea and bacteria. The samples (x-axis) are organised by three horizontal layers. Top layer: 
Type of system they originate from. 'Single-stage': Typical single-stage systems. 'Methane': Methane reactor in two-
stage systems. Middle layer: Type of substrate that is used in the process. 'WW': Industrial wastewaters. Bottom 
layer: System names as used in Table 5 (section 2.3.1.1). 
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Figure 9: Bubble plot for single-stage systems that treat agro-industrial residues and reference samples. The size 
of the bubbles indicates the relative abundance of the ASV (y-axis) in the sample (x-axis). Only ASVs with minimum 
relative abundance of 2 % in any of the included samples are shown. The bubbles are coloured by phylum. Vertical 
layers separate archaea and bacteria. The samples (x-axis) are organised by three horizontal layers. Top layer: 
Type of system they originate from. 'Single-stage': Typical single-stage systems. Middle layer: Type of substrate 
that is used in the process. 'Ref': Reference samples; 'Residues': Agro-industrial residues. Bottom layer: System 
names as used in Table 5 (section 2.3.1.1). For the systems ‘Conti’ and ‘Pilot’, a subset of samples is shown instead 
of showing the complete dataset. 

 



3 Results 

45 

Relative abundances of ASVs in methane reactors and single-stage systems that treat 
industrial wastewater are shown in Figure 8. There is no biomass retention in the acidification 
reactors which means that the biomass is transferred to the methane reactor in the effluent. 
Therefore, taxa that are detected in the acidification reactors may also be expected in the 
corresponding methane reactors initially. There is indeed an overlap of phyla between 
acidification and methane reactors, as the phyla Bacillota (previously Firmicutes) and 
Bacteroidota are detected in both. However, most genera and ASVs do not overlap.  

The only genera that are detected in acidification and methane reactors are Bifidobacterium 
and Olsenella. Within the genus Bifidobacterium, ASV7405 is found in the acidification and 
methane reactors of ‘PaP’ and ‘StarchC’. The relative abundance is higher in the acidification 
reactor for both systems (up to 12 % in acidification and up to 3 % in methane reactor for 
‘StarchC’; up to 2 % in acidification and up to 0.2 % in methane reactor for ‘PaP’). ASV6217 
(genus Olsenella) is detected in the acidification (up to 9 %) and the methane reactor (up to 
2 %) of ‘StarchC’. Among Pseudomonadota (previously Proteobacteria), Aeromonas is the 
main genus in the acidification reactor, but Pseudomonas is the main genus in the methane 
reactor in ‘StarchC’ and no ASVs overlap. This suggest that even though microorganisms are 
transferred from one reactor to the other, they are overgrown by other taxa and are thus 
detected at lower abundances or not at all. In the system ‘PaP’, this effect might also be 
attributed to the granular nature of the biomass in the methane reactors. Microorganisms that 
are introduced with the effluent from the acidification reactor do presumably not attach to the 
granules and are quickly washed out.  These insights emphasize the importance of 
investigating lower taxonomic ranks. 

Nevertheless, phylum level differences are observed as well. The phylum Synergistota is only 
prevalent in the methane reactor of ‘StarchC’ and in ‘StWC’. It is dominated by ASV6343 
(genus Aminiphilus) in both systems. All ASVs that belong to Chloroflexota (previously 
Chloroflexi) are apparently not well characterised. They are either identified by a MiDAS 5-
specific placeholder or not at all at the genus level. A similar observation was made by Dueholm 
et al. (2024) who found that 43 % of all Chloroflexota ASVs they detected in a large set of 
anaerobic digesters are novel. In addition, this phylum is not identified in acidification reactors 
or in systems that treat other substrates than industrial wastewater, providing clues to their role 
in the system. Notably, the ASVs of this phylum are specific for the individual systems. The 
only overlaps are observed for ASVs that occur in ‘StarchC’ and ‘StWC’, as observed for the 
phylum Synergistota. They are the only systems in the dataset that obtain the wastewater from 
starch production. Possibly, the taxa that are specific for both systems are associated with 
metabolites that are obtained from starch breakdown. The phylum Desulfobacterota is 
detected in all systems but most abundant in ‘StarchC’. The wastewater that is treated in this 
system is known for its high sulphate concentration, originating from the starch production 
process. Sulphate reduction is prevalent in the Desulfobacterota phylum. 

Judging solely from the phylum level, microbial communities appear to be similar in single-
stage systems that use agro-industrial residues as substrates (Figure 9) and in acidification 
reactors (Figure 7), see also Figure 6. Both have large fractions of Bacillota (previously 
Firmicutes) and Bacteroidota. However, there is almost no overlap at genus or ASV level within 
Bacillota (previously Firmicutes). Moreover, the genera are different among the agro-industrial 
single-stage systems, except some of the most abundant ASVs of the genus Fastidiospilia. 
The genera Christensenellaceae, Clostridium sensu stricto, and Syntrophomonas are detected 
in systems that treat agro-industrial residues as well as in those that treat industrial 
wastewaters but again, there are no overlapping ASVs. Furthermore, a large fraction of the 
ASVs of this phylum that are detected in the agro-industrial systems are only identified by 
MiDAS 5-specific placeholder names. In contrast, genera from the same phylum are mainly 
known in the other systems. Similarly, to acidification reactors, a large group of Bacteroidota 
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got assigned MiDAS 5-specific placeholder names at genus level. However, the MiDAS 
identifiers are not the same for ASVs in acidification reactors and for those in the agro-industrial 
single-stage systems. Bacteroidota are less abundant in both samples of the ‘Ref’ systems. 
The phylum Cloacimonadota is detected in all agro-industrial and ‘Ref’ systems, but not in the 
systems that treat industrial wastewater.  

Overall, even though the systems seem to be similar when analysing them at phylum level, a 
detailed investigation at genus and ASV level reveals that there are only little overlaps between 
the systems. Similarities are mainly observed for the same type of system, i.e. single-stage, 
acidification reactor, or methane reactor, and for systems with similar substrates. Therefore, 
taxonomic profiling suggests that substrate and system type are the main drivers for shaping 
the microbial community. It has been described in previous studies that the substrate is an 
important parameter for the microbial community composition (Campanaro et al. 2020; 
Dueholm et al. 2024). 

3.2.4 Multivariate analysis 

The samples analysed in this thesis and described in the previous sections were merged with 
a larger, publicly available dataset, comprising samples from the MiDAS 5 database (Dueholm 
et al. 2024). This was done to put the data into a broader context, as this database hosts 
samples from a broad range of anaerobic digesters. The aim is to reveal patterns of similarities 
regarding the taxonomic profiles of the samples. This dataset contains 363 samples from 202 
anaerobic digesters from the MiDAS 5 database. After merging the samples, the final dataset 
is made up of 474 samples. A sample list including metadata is available in the supplementary 
material (Table S8). 

After processing the merged dataset in USEARCH, 15,504 zOTUs and their relative 
abundances in 474 samples were obtained (see supplementary Table S9). Two different 
ordination methods were applied to the abundance table to observe global trends. Figure 10 
shows the ordination plots for both methods, with the correspondence analysis (CA) result in 
Figure 10A and the non-metric multidimensional scaling (NMDS) result in Figure 10B.  

In the CA plot, the so-called ‘arch effect’ is observed, which is a common issue in CA (Ramette 
2007). It results from the mathematical procedure that is used to obtain uncorrelated axes and 
occurs when the first axis is enough to maximally separate the species (Ramette 2007). The 
obtained plots are difficult to interpret ecologically but the position of samples along the arch 
is meaningful (Ramette 2007). The effect can be observed in the CA plot in Figure 10A. The 
results of both ordinations are therefore investigated in a combined way to cross-validate any 
conclusions. Trends that are supported by both methods are more likely to reflect real biological 
patterns. 

One limitation of this analysis is that the substrate in a large subset of the MiDAS samples is 
unknown (‘MiDAS: n.d.’). The samples are spread across a large area of the plots but they are 
not informative. Moreover, systems with wastewater sludge, i.e. activated sludge from 
wastewater treatment plants, make up another large subset. This can be attributed to the 
original focus of the MiDAS project, which is not on AD systems but on activated sludge 
(McIlroy et al. 2015). This introduces a bias to the analysis. However, samples from systems 
that use industrial substrates or various residues are part of the dataset as well. 
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Figure 10: Ordination plots for combined dataset (MiDAS and thesis). The ordinations are based on the relative 
abundances of 15,504 zOTUs in 474 samples from the dataset analysed within this thesis (‘Thesis’) and from a 
publicly available database (‘MiDAS’). Each square represents a sample. The samples are coloured by the 
substrate that is used in the anaerobic digestion system they originate from. A: Correspondence analysis (CA). B: 
Non-metric multidimensional scaling (NMDS; stress: 0.1528). 

The same overall trends are detected in both plots. Two separate clusters can be observed, 
even though the samples within them are spread over a large area. Judging from the colours 
that indicate the substrates used in the systems, the same samples are clustered together in 
both plots. The cluster on the right is larger and more widespread than the one on the left. All 
MiDAS samples from systems that use residues or wastewater sludge as substrate and all 
thesis samples that use residues are part of this cluster. Moreover, the MiDAS samples with 
unknown substrates can be found in the same area of the plots. Samples from the thesis 
dataset are at the edge of the cluster which suggests that they are similar to the MiDAS 
samples but make up a distinct group within them. 

MiDAS samples from systems with industrial substrates are the only ones that are distributed 
across both clusters. Interestingly, some of the systems are located at similar industries as the 
ones in the thesis dataset, i.e. corn processing, paper industry. However, metadata does not 
further specify the nature of the industrial substrates of all samples. It is possible that the 
samples in the cluster on the right are from systems that use industrial residues and those in 
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the cluster on the left are from systems that use industrial wastewaters. This hypothesis would 
be in line with the positions of the samples from the thesis dataset in the ordination, but it 
cannot be confirmed. 

This analysis shows that the samples investigated in this system are generally comparable to 
a more global dataset. However, it can be concluded that they are underrepresented in the 
MiDAS 5 database. Especially industrial anaerobic digesters make up a small part of the 
publicly available dataset. Moreover, the ordination shows that their taxonomic composition is 
most distinct from the other samples. Thus, it is expected that new insights into an 
underrepresented type of AD systems will be obtained from characterising them by 
metagenomic methods. Moreover, the industrial systems ‘StarchC’ and ‘PaP’ are two-stage 
systems. This means that the stages of the AD process are separated by using an acidification 
(hydrolysis and acidogenesis stage) and a methane reactor (acetogenesis and 
methanogenesis stage). This facilitates functional analysis of the taxa in the distinct reactors. 
Based on these findings and considerations, samples from the systems ‘StarchC’ and ‘PaP’ 
were chosen for the metagenomic analysis in this thesis. 

3.3 Metagenomic analyses 

To gain insights into the functional potential of the taxa that are present in anaerobic digestion 
(AD) systems, metagenomic analyses were conducted. A subset of the systems in the 
previously obtained dataset analysed above (section 3.2) was investigated. For this analysis, 
a new set of samples was used. After evaluating the stability of the systems by amplicon 
sequencing, long-read sequencing was conducted. Read-based taxonomic profiles were 
obtained before recovering metagenome-assembled genomes (MAGs) to analyse the potential 
of the microorganisms to execute key AD metabolic pathways. 

3.3.1 Sample processing 

To analyse the stability of the selected systems (PaP, StarchC, Ref), amplicon sequencing was 
conducted and the results are compared to the previously obtained results (see section 3.2). 
This was followed by long-read sequencing to obtain MAGs for a functional analysis. 

The fragment lengths after extraction with two different kits are analysed to evaluate the 
suitability of DNA extracts for long-read sequencing, see Figure 11 and supplementary 
Table S11. 

 

Figure 11: DNA fragment lengths after DNA extraction using the FastDNATM Spin Kit for Soil and the DNeasy 
PowerSoil Pro extraction kit for DNA extraction.  
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The obtained fragment lengths differ for the two DNA extraction kits that were used. The 
average fragment lengths produced by the FastDNATM Spin Kit for Soil are short for some 
samples (Ref_Slaughter and all in ‘StarchC’; < 4,000 bp). A possible explanation could be that 
the shearing forces of high-speed bead beating disrupted the DNA and led to fragments that 
are undesirably short for long-read sequencing. The DNeasy PowerSoil Pro extraction kit uses 
vortex bead beating to disrupt the cells instead which is a gentler method. Switching to DNA 
extraction with this kit yields longer DNA fragments (close to or longer than 10,000 bp) which 
are suitable for long-read sequencing. Thus, it was decided to use the DNA extracts obtained 
from the DNeasy PowerSoil Pro extraction kit for long-read sequencing with the Oxford 
Nanopore Technologies (ONT) method. Amplicon sequencing was done using the DNA 
extracts obtained from the FastDNATM Spin Kit for Soil to ensure comparability with the 
previously obtained dataset analysed above (section 3.2). 

3.3.2 Amplicon and long-read sequencing 

After sequencing using the Illumina (amplicon sequencing) and ONT platform (long-read 
sequencing), the quality of the obtained data was analysed. The main parameters of interest 
are the sequencing yield for both sequencing technologies, i.e. number of reads, and read 
quality, i.e. mean read length quality score, for long-read sequencing. They are given for all 
samples in Table 11. The full results for the ONT dataset can be found in the supplementary 
material (Table S12). Due to sequencing issues in long-read sequencing, the samples with the 
prefix ‘StarchC’ were sequenced twice. The results shown here and in the entire thesis are for 
the merged dataset of both runs. 

Table 11: Quality control results of amplicon and long-read sequencing. The shown results for ‘StarchC’ are for the 
merged dataset of both sequencing runs. 

 Amplicon 
sequencing 

Long-read sequencing 

Sample Nr. of reads Nr. of reads Mean read 
length [bp] 

Mean quality 
score 

PaP_Acid1 7,713 857,805 7,662 21 
PaP_Acid2 4,428 955,667 5,488 21 
PaP_EGSB1 4,043 1,574,700 10,099 20 
PaP_EGSB2 9,163 1,262,132 10,064 20 
PaP_IC3 6,702 960,415 11,341 21 
PaP_IC4 5,894 915,716 10,977 21 
StarchC_Acid 5,069 325,175 3,268 21 
StarchC_Ferm 5,984 254,791 5,285 21 
StarchC_Ferm_O 5,387 266,249 5,612 21 
Ref_Agri 3,647 858,781 8,042 20 
Ref_Slaughter 2,568 2,012,421 8,289 20 
Average 5,509 931,259 7,830 21 
Minimum 2,568 254,791 3,268 20 
Maximum 9,163 2,012,421 11,341 21 

 

For the amplicon sequencing datasets, the sequencing depth (i.e. number of reads per sample) 
is much lower than for the previous dataset (5,509 vs. 117,193 reads per sample on average). 
Nevertheless, it is expected that the main taxa can be detected because the microbial 
community is skewed to a low number of high abundance taxa. 
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The sequencing issues regarding samples from the system ‘StarchC’ in long-read sequencing 
mentioned above are reflected by the number of reads per sample. In the first sequencing run, 
50,000 to 150,000 reads were obtained (data not shown), compared to >800,000 reads for the 
other samples. A DNA clean-up step was done to remove potential inhibitors, and the cleaned 
DNA was sequenced. The number of reads for the sample StarchC_Acid is 181,136 after 
clean-up, opposed to 144,039 without the clean-up. For StarchC_Ferm the clean-up increased 
the number of reads from 54,944 to 199,847, and for StarchC_Ferm_O the number of reads 
increased from 144,701 to 121,548. After merging both runs, approximately 300,000 reads per 
sample are obtained which is still less than half of the yield obtained for the other samples (see 
Table 11). The reason for this dramatic difference was not found, but inhibitory substances 
related to the wastewater which is treated in the ‘StarchC’ system might be present in the 
samples. Since this trend is not observed for amplicon sequencing, the inhibitors did appear 
to be problematic for ONT sequencing specifically. ONT sequencing is based on the principle 
that the DNA strand is pulled through a nanopore (Deamer et al. 2016). Inhibitory substances 
might either hinder the DNA from attaching to the pores, or they might clog the pores and thus 
the DNA cannot be drawn through them. 

Due to the low sequencing yield, it is expected that genomes of low abundance are not 
detected in ‘StarchC’ samples. In contrast, the high number of reads in the other samples 
suggest that low abundance genomes can be detected. Therefore, a direct comparison of the 
systems ‘StarchC’ and ‘PaP’ is not possible. It was decided to focus the analysis on ‘PaP’ and 
consider this observation when comparing individual observations. 

Despite the low yield, the quality of reads in ‘StarchC’ samples is comparable to that of the 
other samples. Mean read lengths per sample are 7,830 bp on average. The longest reads are 
obtained from ‘PaP’ methane reactors (Pap_EGSB1, PaP_EGSB2, PaP_IC3, PaP_IC4), with 
a mean read length of approximately 10,000 bp. Overall, the reads are approximately half as 
long as the DNA fragments that were used for library preparation. The quality scores are 
uniformly at 20 or 21, which correspond to an error rate of 99 % or 99.2 %, respectively. This 
is an expected error rate for modern ONT long-reads (MacKenzie and Argyropoulos 2023). 

3.3.3 Taxonomic profiling 

Read-based taxonomic profiling was conducted for the various sequencing approaches used 
for the samples obtained for metagenomic analysis. The aim is to not only evaluate the 
biological stability of the systems but also the comparability of the various approaches. 

Firstly, taxonomic profiles for the amplicon sequencing results are investigated to evaluate the 
biological stability of the systems by comparing them to the taxonomic profiles obtained from 
the previously obtained dataset analysed above (section 3.2). 

Secondly, read-based taxonomic profiles for long-read sequencing results are analysed to 
determine if the same main taxa can be identified with this approach as with amplicon 
sequencing. Two different tools (MetaPhlAn 4 and SingleM) were used to obtain the taxonomic 
profiles, and the results are compared to be able to choose the most suitable tool for this 
dataset. 

The taxonomic profiles obtained with all of the three described approaches are shown in Figure 
12. The full results can be found in the supplementary material (Table S13: MetaPhlAn; Table 
S14: SingleM).  
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Figure 12: Taxonomic profiles obtained from classification of amplicon (A) and ONT (B, C) sequencing reads of 
samples for metagenomic analysis. Reads were classified using different tools; A: DADA2 with MiDAS 5.3 database. 
B: SingleM with GlobDB. C: MetaPhlAn 4. The same colours are chosen to reflect the same phyla in all plots, 
despite of different taxonomies in the databases. Vertical layers separate archaea and bacteria. The samples (x-
axis) are organised by three horizontal layers. Top layer: Type of system they originate from. 'Acid': Acidification 
reactor in two-stage systems. 'Methane': Methane reactor in two-stage systems.  'Single-stage': Typical single-stage 
systems. Middle layer: Type of substrate that is used in the process. 'WW': Industrial wastewaters. 'Ref': Reference 

samples. Bottom layer: System names as used in Table 5 (section 2.3.1.1). 
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3.3.3.1 Evaluation of the biological stability of the investigated systems 

The taxonomic profiles obtained from amplicon sequencing of the previous dataset (Figure 6 
in section 2.3.3.1) and the dataset of fresh samples that is used for metagenomic analysis 
(Figure 12A) are compared. The sample and data processing was similar for both approaches: 
The same DNA extraction kit was used and the V4 region of the 16S rRNA gene was amplified 
and sequenced using the Illumina platform. ASVs were obtained and taxonomically classified 
using DADA2 and the database MiDAS 5, version 5.3 (Dueholm et al. 2024). The main 
difference between both approaches is the primer pair used for amplification of the V4 region. 
For the previous dataset, the standard V4 primer pair 515F and 806R (Klindworth et al. 2013) 
was used. For the fresh samples, it was decided to use the V4-EXT primer pair which became 
available because it has been shown that it covers more of the biological diversity than the 
standard V4 primer pair (Hu et al. 2025). 

The most striking difference between the results of both approaches is the large fraction of 
Patsecibacteria that is observed in the fresh samples while the phylum is not among the 20 
most abundant phyla in the previous dataset. It has been described that the V4-EXT primer 
pair improves the detection of Patescibacteria (Hu et al. 2025). This suggests that the observed 
difference does not reflect biological instability but is caused by the utilisation of different primer 
pairs. 

Apart from Patescibacteria, the same phyla are found in the related samples from both 
datasets. Differences in their relative abundance are observed. However, the perception of 
relative abundances is distorted by the large fraction of Patescibacteria which is only detected 
in the previously obtained dataset analysed above (section 3.2). When normalising the data 
after removing ASVs from this phylum, the relative abundances are similar in both datasets. 

The composition of the microbial community in the sample from one acidification reactor in the 
system ‘PaP’ (PaP_Acid1) however is surprising. In addition to the phyla that are detected in 
the other acidification reactor (PaP_Acid1), the phyla that are specific for the methane reactors 
of the same system (PaP_EGSB1, PaP_EGSB2, PaP_IC3, PaP_IC4) are observed. The 
composition thus appears to be a mixture of the typical taxa in the acidification and methane 
reactors. Based on the observations described here and in section 3.3.6 (metadata analysis), 
it is hypothesized that the process in this reactor has shifted to a single-stage process with the 
complete AD process taking place in one reactor. Biological interpretations regarding metabolic 
processes specific for the acidification reactor in this system should therefore rely mainly on 
the sample PaP_Acid2. 

It is concluded that the systems are biologically stable and the samples collected for 
metagenomic analysis are representative for the reactors, except for PaP_Acid1.  

3.3.3.2 Taxonomic profiling based on metagenomic long-reads 

Taxonomic profiling results are strongly dependent on the tool and database that are used for 
the classification. Two tools and databases, namely MetaPhlAn 4 with its integrated database 
(Blanco-Míguez et al. 2023) (results shown in Figure 12C) and SingleM with the GlobDB, 
release 226 (Woodcroft et al. 2025; Speth et al. 2025) (results shown in Figure 12B), were 
used and the classification performance is evaluated to choose the more suitable approach for 
the analysed dataset. 

The tools differ in the fraction of reads they are able to classify, see Figure 13. 
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Figure 13: Fraction of unclassified reads after read-based taxonomic classification (taxonomic rank of species) 
using MetaPhlAn and SingleM. The samples (x-axis) are organised by three horizontal layers. Top layer: Type of 
system they originate from. 'Acid': Acidification reactor in two-stage systems. 'Methane': Methane reactor in two-
stage systems.  'Single-stage': Typical single-stage systems. Middle layer: Type of substrate that is used in the 
process. 'WW': Industrial wastewaters. 'Ref': Reference samples. Bottom layer: System names as used in Table 5 

(section 2.3.1.1). 

The fraction of unclassified reads fluctuates across the dataset for both tools. When using 
MetaPhlAn 4 with the integrated database, 24-75 % of the reads remain unclassified. The 
authors of the tool observed similar results for samples from freshwater, ocean, or soil (Blanco-
Míguez et al. 2023). The tool focuses on host-associated datasets, for which it is able to 
classify a larger fraction of reads than for environmental datasets (Blanco-Míguez et al. 2023). 
This can be attributed to an underrepresentation of environmental datasets, including AD, in 
the MetaPhlAn 4 sequencing database (Blanco-Míguez et al. 2023). 

In contrast, SingleM focuses on the classification of reads from novel lineages for which no 
complete or draft genomes exist (Woodcroft et al. 2025). Moreover, the GlobDB, which was 
used as database for SingleM, is a broad database which represents microbial genomes from 
14 sources, some of which focus on environmental datasets (Speth et al. 2025). The 
application of SingleM with the GlobDB is therefore expected to be more suitable for analysing 
uncharacterised environments such as anaerobic digesters. This hypothesis is supported by 
the obtained results. SingleM is able to classify more reads than MetaPhlAn 4 in all samples, 
with unclassified fractions of 4-56 %. Moreover, even if no species can be assigned by 
SingleM, the tool classifies the reads at higher taxonomic ranks, if possible, in contrast to 
MetaPhlAn 4. Less than 1 % remains unclassified at the phylum rank when using SingleM with 
the GlobDB. The results obtained from SingleM are therefore used to compare the long-read 
based to the amplicon read based taxonomic profiles. 

At the phylum level, the taxonomic profiles are similar for both datasets (Figure 12A and Figure 
12B), despite the utilisation of different DNA extraction kits. However, after long-read 
sequencing, the sample PaP_Acid1 appears more similar to PaP_Acid2 than to the methane 
reactor samples. A larger fraction of the metagenomic reads is classified as archaea than for 
amplicon reads. Especially the phylum Halobacteriota is better represented by the 
metagenomic reads. The bacterial phylum Nitrospirota is only detected in the metagenomic 
dataset as well. When comparing the results at species level (see supplementary Tables S4, 
S7, S17), more diversity can be observed within the phyla Actinomycetota (previously 
Actinobacteriota) and Desulfobacterota in the metagenomic dataset. These observations could 
be the result of the primer bias effect in the amplicon dataset. 
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The effect of the low sequencing yield for the samples from the system ‘StarchC’ becomes 
clear when doing a species level comparison of the taxonomic profiles. Apart from taxa 
mentioned above, only the most abundant species of the amplicon dataset are found in the 
metagenomic dataset. A similar effect can be observed for the samples from the system ‘PaP’ 
but the larger sequencing depth lowers the detection limit. In both ‘Ref’ samples, most of the 
species are detected in the amplicon as well as the metagenomic dataset. This can be 
attributed to the lower complexity of the samples, i.e. less ASVs were detected, and they are 
distributed more evenly compared to the other samples. 

3.3.4 Assembly 

After long-read sequencing, the metagenomic reads were assembled into contigs using 
metaFlye and medaka. Single-sample assemblies were obtained for all samples. In addition, 
co-assemblies were obtained for the acidification reactors of the system ‘PaP’ as well as for 
the samples from methane reactors of both systems (PaP and StarchC). 

To assess the results, metrics that describe them were obtained from using Quast. The main 
results are given in Table 12. 

Table 12: Quality control results of single-sample assemblies and co-assemblies. Asm = assemblies. 

 Sample Nr. of 
contigs 

Mean contig 
length [bp] 

Nr. of contigs  
>50,000 bp 

N50 

S
in

gl
e-

sa
m

pl
e 

as
m

. 

PaP_Acid1 7,694 34,713 1,003 69,604 
PaP_Acid2 3,960 27,729 346 77,123 
PaP_EGSB1 14,368 59,452 3,948 128,015 
PaP_EGSB2 14,031 55,956 3,811 111,884 
PaP_IC3 10,613 62,389 3,078 133,682 
PaP_IC4 9,616 60,493 2,584 132,449 
StarchC_Acid 2,458 9,323 62 18,023 
StarchC_Ferm 1,876 34,479 226 78,169 
StarchC_Ferm_O 1,584 38,535 196 97,228 
Ref_Agri 5,726 34,626 712 78,977 
Ref_Slaughter 7,035 43,171 1,294 102,688 

C
o-

as
m

. PaP_acids 9,874 33,175 1,211 67,702 
PaP_fermenters 36,030 60,552 9,661 144,455 
StarchC_fermenter 3,288 35,785 455 94,449 

 Average 9,154 42,170 2,041 95,318 
Minimum 1,584 9,323 62 18,023 
Maximum 36,030 62,389 9,661 144,455 

 

The number of contigs is approximately 1 % of the number of reads and the mean contig length 
is approximately 5x the mean read length in the unassembled data. 10-15 % of the contigs, 
and even almost 30 % for the methane reactors from the system ‘PaP’, are longer than 
50,000 bp. Thus, the sequences were successfully assembled to more contiguous sequences. 
The sample StarchC_Acid has only 62 contigs longer than 50,000 bp which is only 3 % of all 
contigs. A wide range of N50 values is observed, with a minimum of 18,023 bp and a maximum 
of 144,455 bp. In general, a larger N50 value means more contiguous sequences. However, 
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the interpretation is difficult for metagenomic samples, since many genomes of different sizes 
are contributing to it. 

A heatmap showing the fraction of reads of each sample that can be mapped back to each 
assembly is presented in Figure 14. The underlying data is available in the supplementary 
material (Table S15). Besides the described basic metrics, this is an important parameter to 
determine how well which sample is represented by which assembly. 

 

Figure 14: Results of mapping reads back to assemblies. Numbers in the heatmap indicate the fraction of reads 

(x-axis) that can be aligned to the contigs in the assemblies (y-axis). 

As indicated by the values in the main diagonal in the upper part of the heatmap which are 
close to 1, the single-sample assemblies generally represent the sample they are based on 
well. At least 84 % of the reads can be mapped back. Furthermore, samples from equivalent 
reactors appear to be similar as well. For example, the reads of all methane reactor samples 
from the system ‘PaP’ can be mapped to all corresponding assemblies similarly well. The same 
is observed for the acidification reactors and for the samples Ferm and Ferm_O from the 
system ‘StarchC’. Moreover, similarities across the equivalent reactors can be observed. The 
assemblies obtained from the ‘PaP’ methane reactors explain approximately 50 % of the reads 
of the samples from the corresponding acidification reactors as well as the ‘StarchC’ methane 
reactor but only around 10 % of the reads in the remaining samples. On the other hand, the 
assemblies obtained from the ‘StarchC’ methane reactor samples only explain around 30 % of 
the reads in the ‘PaP’ methane reactor samples. This can be explained by the difference in 
sequencing yield. The results show again that there is little overlap between the ‘Ref’ samples 
and the ‘StarchC’ and ‘PaP’ samples. At the same time, they are similar to each other. 

The crosstalk that is observed between equivalent reactors for the single-sample assemblies 
suggests that these samples are similar enough to combine them in a co-assembly, maximising 
the information that can be used for it. Indeed, the lower part of the plot shows that the co-
assemblies represent even higher fractions of the reads in the respective samples. At least 
90 % of the reads in the respective samples are represented by the co-assemblies. 

Compared to single-sample assemblies, the number of contigs longer than 50,000 bp is 
increased for all co-assemblies. Moreover, co-assemblies reduce redundancy which is 
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reflected by the number of contigs that is lower than the sum of contigs in the corresponding 
single-sample assemblies. 

Therefore, for the system ‘PaP’, the co-assembly PaP_acids is selected to retrieve bins from 
the acidification reactors and the co-assembly PaP_fermenters to retrieve bins from the 
methane reactors. The co-assembly StarchC_fermenter is chosen to retrieve bins for the 
methane reactor of the system ‘StarchC’. For all remaining reactors, the single-sample 
assemblies are used. 

3.3.5 Recovering metagenome-assembled genomes (MAGs) 

After assembling the metagenomic reads into contigs, MAGs were recovered by clustering the 
contigs into groups (bins) based on their abundance and sequence structure. This was done 
for the selected single-sample and co-assemblies using MetaBAT2.  

Quality was evaluated using completeness and contamination scores obtained from CheckM2 
and low-quality bins were removed from the dataset. The full table of results obtained from 
CheckM2 can be found in the supplementary material (Table S16). The number of obtained 
bins as well as their average size and coverage, before and after quality filtering, is given in 
Table 13. 

Table 13: Assembly-wise basic statistics of obtained bins before and after quality filtering. 

 All bins After quality filtering 

Assembly Nr. of 
bins 

Avg. bin 
size 

Avg. 
coverage 

Nr. of 
bins 

Avg. bin 
size 

Avg. 
coverage 

PaP_acids 219 1,077,669 32 51 2,587,260 60 

PaP_fermenters 1,440 1,275,847 20 305 2,862,945 32 

StarchC_Acid 16 735,131 53 2 1,707,173 99 

StarchC_fermenter 52 1,913,929 71 16 3,039,193 156 

Ref_Agri 200 551,805 54 11 1,175,345 230 

Ref_Slaughter 286 676,332 43 34 1,662,615 105 
 

A large fraction of bins is removed by quality filtering. After this, the average bin size is 
increased to 1,175,345 to 3,039,193 bp. The average coverage is higher after quality filtering 
which shows that abundant bins are recovered while low abundance bins are removed. 

Table 14 shows the fraction of binned nucleotides, i.e. the summed length of all reads that are 
found in the bins divided by the summed length of all reads in the assembly, before and after 
removing low-quality bins.  

A large fraction of the original data is not retained in the bins after quality filtering, especially 
for the assemblies StarchC_Acid, Ref_Agri, and Ref_Slaugher. While it is possible to improve 
the quality of the removed bins by manual refining them or by using short-read sequencing in 
a hybrid assembly, this is outside the scope of this thesis. 

The distribution of quality scores, i.e. completeness and contamination, across the bins is 
visualised in histograms in Figure 15, again before and after quality filtering. 
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Table 14: Fraction of binned nucleotides of each assembly before and after quality filtering. 

 Fraction of binned nucleotides [%] 

Assembly All bins After quality filtering 

PaP_acids 72 40 

PaP_fermenters 84 40 

StarchC_Acid 51 15 

StarchC_fermenter 85 41 

Ref_Agri 56 7 

Ref_Slaughter 64 19 
 

 

 

Figure 15: Histogram of completeness (top) and contamination (bottom) of bins before (left) and after (right) quality 
filtering, as determined by CheckM2. 

It is clearly visible that a large number of bins in the original dataset has low completeness 
scores. These represent incomplete genomes, or extrachromosomal elements, and are 
successfully removed with the chosen threshold for quality filtering, while retaining the 
complete genomes. Contamination is similarly distributed before and after quality filtering. 
Thus, it appears that MetaBAT2 is minimizing contamination while tolerating incomplete 
genomes. 

The quality filtered set of bins was dereplicated at ANI >95 % using dRep. The obtained 
clustering dendrograms can be found in the supplementary material (SF2 and SF3). 20 clusters 
of bins with average nucleotide identity (ANI) >95 % are identified by the tool. As one would 
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expect, most clusters contain one bin from the acidification reactor and one bin from the 
methane reactor assembly of the same system. This most likely results from microorganisms 
being transferred from the acidification to the methane reactor within the process. However, 
some bins with ANI >98 % originate from the assembly of the methane reactors of different 
systems. This shows that there is some redundancy across the different systems. 

In summary, of the 2213 bins obtained from MetaBAT2, 419 bins are of high quality and the 
final dataset after dereplication comprises 398 metagenome-assembled genomes (MAGs). 

The MAGs were taxonomically classified using GTDB-Tk and relative abundances were 
determined for all samples using CoverM (see supplementary Tables S16 and S17). The 
resulting taxonomic profiles are visualised in a bubble plot in Figure 16.  

The final set of MAGs comprises 30 archaeal and 368 bacterial MAGs. In total, the MAGs are 
assigned to 46 different phyla, of which 7 are archaeal and 39 are bacterial phyla. Compared 
to the read-based taxonomic profiling (11 archaeal and 63 bacterial phyla), some phyla are not 
represented by a MAG. However, the most prevalent phyla are captured by the MAGs. 
Furthermore, the most diverse phyla, i.e. phyla with the largest number of different species, 
are the same for MAG representatives and read-based taxonomic profiling. They are Bacillota, 
Bacteroidota, Actinomycetota, Patescibacteriota, and Chloroflexota. Thus, there MAG 
representatives for the most diverse phyla were obtained. 

Actinomycetota (especially Bifidobacteria) seem to be specific for the system ‘PaP’, and 
especially the acidification reactor. Bacillota are detected in all systems, but they are notably 
highly abundant in the acidification reactor (Lactobacillus amylolyticus and Liquorilactobacillus 

vini) and the methane reactor (genus JAQWCN01) of the system ‘StarchC’. The MAGs that 
are classified as Chloroflexota, Desulfobacterota, and Fermentibacterota are mainly found in 
the methane reactor of ‘PaP’. Possibly, they also occur in ‘StarchC’ but are not detected due 
to the lower sequencing depth. Overall, there are again on the one hand overlaps between 
‘PaP’ and ‘StarchC’, and on the other hand between both ‘Ref’ samples.  
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Figure 16: Bubble plot for final set of MAGs. The size of the bubbles indicates the relative abundance of the MAG 
(y-axis) in the sample (x-axis). Only MAGs with minimum relative abundance of 1 % in any of the samples are 
shown. The bubbles are coloured by phylum. Vertical layers separate archaea and bacteria. The samples (x-axis) 
are organised by three horizontal layers. Top layer: Type of system they originate from. 'Single-stage': Typical 
single-stage systems. 'Acid': Acidification reactor in two-stage systems. 'Methane': Methane reactor in two-stage 
systems.  Middle layer: Type of substrate that is used in the process. 'Ref': Reference samples; 'WW': Industrial 
wastewaters. Bottom layer: System names as used in Table 5 (section 2.3.1.1). 
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3.3.6 Metadata analysis 

Process parameters that were provided by the companies who are responsible for the AD 
systems, as well as physicochemical parameters that were determined for the provided 
samples, were analysed. The aim was to provide context for the sequencing results. The full 
results are available in the supplementary material (Table S2: physicochemical parameters; 
S10: process parameters). 

The efficiency of the AD systems is monitored by the companies. The efficiency of removing 
organic matter from the wastewater, as relationship of organic matter in the influent and 
effluent, is shown in Figure 17A. The methane content in the produced biogas is shown in 
Figure 17B. Both parameters are shown for a time period of 12 days before to 12 days after 
the sampling date. 

 

Figure 17: Process parameters of anaerobic digestion systems in sampling period. The period of 12 days before 
to 12 days after the sampling day is shown. The sampling date is marked by a vertical dashed line. The graphs are 
organised by two horizontal layers. Top layer: System names as used in Table 5 (section 2.3.1.1). Bottom layer: 
Subsytem (described in section 2.4.1). A: Efficiency of organic matter removal, calculated as fraction of organic 
matter in the effluent with regards to organic matter in the effluent. Organic matter is approximated by chemical 
oxygen demand (COD, system ‘PaP’) or total organic matter (TOC, system ‘StarchC’). B: Fraction of methane in 

the biogas (offgas of the system). Note the range on the y-axis. 

The organic matter is removed from the wastewater efficiently in all systems. The system 
‘StarchC’ has a generally higher removal efficiency than ‘PaP’, but it is fluctuating between 
70 % and more than 95 %. In ‘PaP’, the wastewater stream is split into two parts and treated 
in two separate systems. One part is treated in two expanded granular sludge bed (EGSB) 
reactors, and the other one in two internal circulation (IC) reactors. The EGSB system is slightly 
more efficient and stable with a removal rate of 80-90 %, while the IC system shows more 
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fluctuation and has a removal rate of 65-85 %. At the time of sampling, it is 85-90 % of organic 
matter are removed in all systems. 

Methane is the main energy carrier in biogas, and a high concentration is therefore desired. 
Typically, it makes up 50-75 % of the biogas (Braun 2007). The methane content in the biogas 
is stable in all systems. EGSB and IC in the ‘PaP’ system show a stable methane content of 
approximately 65 %. However, it drops to 60 % in both subsystems on the sampling day but 
quickly recovers. In the ‘StarchC’ system, the methane content is generally lower but also 
stable around 60 %. 

The pH value is an important monitoring parameter because it provides a first estimate of the 
state of the process. Moreover, the dissociation of potentially inhibitory substances such as 
ammonia and hydrogen sulphide are dependent on the pH (Drosg 2013). The pH values that 
were measured in the samples from the systems ‘PaP’ and ‘StarchC’ are given in Table 15. 

Table 15: pH of samples in 'PaP' and 'StarchC' system. For description and schemes of the systems and sample 

names see 2.4.1. 

PaP StarchC 

Acid1 Acid2 EGSB1 EGSB2 IC3 IC4 Acid Ferm Ferm_O 
7.4 4.5 8.5 7.2 8.3 8.5 3.7 8.1 8.0 

 

A two-stage AD process aims at the production of volatile fatty acids in the acidification reactor. 
The optimal pH range for this process has been reported to be 4-6.5 (Speece 1996) and is 
inhibited at extreme conditions, such as pH below 3 or above 12 (Feng et al. 2022). The pH in 
Acid2 in the ‘PaP’ system is within the optimal range while it is slightly below in Acid in the 
‘StarchC’ system. However, the pH in Acid1 in the ‘PaP’ system is 7.4 which indicates a process 
disturbance. A neutral or slightly alkaline pH is typical for methane reactors (Drosg 2013). All 
methane reactors (EGSBs, ICs, Ferm, Ferm_O) have a pH between 7.2 and 8.5 which is in 
the optimal range for methanogens (Speece 1996). 

A more detailed insight into the process can be obtained by the volatile fatty acid (VFA) profile. 
The VFA profiles that were determined for the analysed samples are presented in Figure 18.  

VFAs and alcohols are produced in the acidogenesis step (Drosg 2013) and are typically found 
at high concentrations in the acidification reactor. They are consumed in the acetogenesis and 
methanogenesis steps (Drosg 2013) and should therefore be low in the methane reactor. This 
relationship can be observed in the investigated systems, except for the acidification reactor 1 
in the system ‘PaP’ (PaP_Acid1). The VFA profile is similar to that in the other acidification 
reactor of the same system (PaP_Acid2), but the concentrations are lower. It appears that 
VFAs are either not produced at the same rate as in PaP_Acid2, or they are starting to be 
consumed in the same reactor. This further substantiates the suspicion of the process 
disturbance suggested by the pH. 
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Figure 18: Concentration of volatile fatty acids and alcohols in the liquid fraction of the samples. A: Samples from 
system ‘PaP’. B: Samples from system ‘StarchC’. Note that the y-axis scale is different in the upper and lower part 
of the plot due to the different range of values. Data was obtained by High Performance Liquid Chromatography 
(HPLC) analysis. The samples (x-axis) are organised by a horizontal layer according to the reactor type they 
originate from. 'Acid': Acidification reactor in two-stage systems. 'Methane': Methane reactor in two-stage systems. 

When comparing the VFA profiles in the acidification reactors of both systems (with focus on 
Acid2 for the ‘PaP’ system), major differences are observed. The main VFA in ‘StarchC’ is lactic 
acid. Its considerably high concentration (9.5 g/L) is presumably introduced with the 
wastewater and not produced inside the reactor. The wastewater is from a corn starch factory. 
Corn steeping is an important step in corn production and includes an active Lactobacillus sp. 
fermentation which yields lactic acid (Eckhoff and Watson 2009). Other VFAs are present at 
similar levels as in the system ‘PaP’, with acetic acid as the main acid (around 1 g/L). Besides 
these, butyric acid, propionic acid, valeric acid, and ethanol are detected in ‘StarchC’. 
Interestingly, no VFAs were detected in the methane reactor which suggests complete 
conversion to AD products such as methane, carbon dioxide, and hydrogen. Besides acetic 
acid, propionic and lactic acid are detected at considerable concentrations in Acid2 of the ‘PaP’ 
system. Nevertheless, the lactic acid concentration (0.3 g/L) is far below that in ‘StarchC’. 
Furthermore, ethanol and butyric acid are found. In contrast to ‘StarchC’, VFAs and alcohols 
are not completely consumed in the methane reactors. Ethanol concentration is approximately 
half of that in the acidification reactor and the majority of acetate, propionate, and lactate is 
consumed. However, the concentration of butyric acid is not considerably different in both 
subsystems. Moreover, formate is only detected in the methane reactors. 

The presence of sulphate in AD systems can be an issue. Sulphate is reduced to sulphide by 
sulphate-reducing bacteria (SRB) (Stefanie et al. 1994). This leads to increased levels of 
dissolved sulphide in the reactor which inhibits anaerobic bacteria and methanogens (Stefanie 
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et al. 1994). Furthermore, it leads to increased levels of gaseous H2S in the biogas, which is 
corrosive and toxic to humans (Stefanie et al. 1994). The concentrations of sulphate 
determined in the analysed samples is given in Table 16. 

Table 16: Sulphate concentrations [mg/L] in the liquid fraction of samples in 'PaP' and 'StarchC' system. Data was 

obtained using ion chromatography. 

PaP StarchC 

Acid1 Acid2 EGSB1 EGSB2 IC3 IC4 Acid Ferm Ferm_O 
0.0 50.4 0.0 0.0 0.0 0.0 139.2 0.0 0.0 

 

Both investigated AD systems are associated with industries that are known to produce 
sulphate-rich wastewaters (Stefanie et al. 1994; Möbius 2010). It is therefore not surprising 
that sulphate was detected in one acidification reactor in the ‘PaP’ system (PaP_Acid2) and in 
that of the ‘StarchC’ system (StarchC_Acid). However, the concentration is below 200 mg/L in 
both systems which is not considered problematic (Stefanie et al. 1994). No sulphate is 
detected in the sample PaP_Acid1 or in the methane reactors. This suggests that the sulphate 
is reduced to sulphide, and thus the organic matter degraded, by SRB. This means that SRB 
might consume metabolites that could otherwise be used by methanogens for methane 
production. Relating the observed sulphate concentrations to the observed VFA concentrations 
suggests that this is only a small fraction of the VFAs and the competition is negligible. 
However, the resulting sulphide is inhibitory for methanogens (Madden et al. 2014).  

3.3.7 Functional analysis 

To obtain insights into the functional potential of the recovered MAGs, they were annotated 
using the KOfam database (Aramaki et al. 2020). Based on these KEGG orthologs 
annotations, their potential for key metabolic pathways in AD was investigated. 

The functional analysis is based on KEGG (Kanehisa and Goto 2000) which has a system of 
orthologous groups of proteins identified by K numbers. Moreover, KEGG provides modules 
which define metabolic pathways by the K numbers of enzyme cascades. Thus, the 
annotations can be used to infer functions to MAGs, either on the individual enzyme or on the 
pathway (module) level. 

The K number annotations of the obtained MAGs can be found in the supplementary material 
(Table S19). In total, there are hits for 5487 distinct orthologs in the MAGs. Of these, only 1309 
K numbers are associated with KEGG modules. Thus, the majority of identified orthologous 
groups is not associated with modules. This suggests that the metabolic processes in the 
investigated systems are not well characterized and potentially novel information can be 
obtained from this analysis. However, it also means that a large fraction of data is omitted in a 
solely module-based analysis. Moreover, when inferring functions by evaluating module 
completeness alone, enzyme-level information, which provides insights into which reactions of 
a pathway are not encoded, is overlooked. For these reasons, manual module-like pathway 
definitions and enzyme-level information are used in the functional analysis. 

3.3.7.1 Mapping MAGs to pathways and metabolites 

In the following paragraphs, the results of investigating the genomic potential for the selected 
pathways will be presented. Only high abundance MAGs (>1 % in at least one sample) are 
considered. 



3 Results 

64 

Lactic acid fermentation 
Four types of lactic acid fermentation are investigated. Apart from lactic acid, each yields 
different fermentation products. As seven MAGs are classified as Bifidobacterium, 
Bifidobacterium fermentation was selected for a detailed analysis. The schematic pathway 
map for this fermentation, which yields acetate and lactate, is shown in Figure 19. The KEGG 
hits for the associated enzymes are visualised in a heatmap in Figure 20. Both figures were 
used in combination to identify MAGs that are capable of Bifidobacterium fermentation. 

 

Figure 19: Sketch of pathway map for Bifidobacterium fermentation. Blue squares indicate metabolites and are 
connected by arrows indicating enzymatic reactions. Orange squares indicate the EC numbers for enzymes that 
catalyse the reactions. The purple square is a placeholder for multiple steps of glycolysis that were not investigated. 
Green circles indicate the step number, as assigned in the pathway definition in supplementary Table S18. 

 

Figure 20: Heatmap showing the KEGG hits for enzymes associated with Bifidobacterium fermentation in MAGs. 
Numbers on the top x-axis indicate the step number, as assigned in the pathway definition in supplementary Table 
S18 and depicted in Figure 19. 
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As expected, Bifidobacterium is the main genus with hits for enzymes for this pathway. In 
addition, MAGs P_F_0250 (Brooklawnia propionicigenes) and S_A_0003 (Liquorilactobacillus 

vini) encode nine out of ten enzymes. However, they are missing a transaldolase (EC 2.2.1.2) 
which catalyses the important conversion of fructose-6-phosphate and erythrose-4-phosphate 
to sedoheptulose-7-phosphate. They are therefore not included in the set of MAGs assigned 
to Bifidobacterium fermentation. P_A_0185 (Bifidobacterium minimum) is missing the enzyme 
that converts glucose-6-phosphate to fructose-6-phosphate (EC 5.3.1.9). On the one hand, 
this could be attributed to the low completeness of this MAG of 62 %. On the other hand, the 
name suggests a reduced genome. The other MAGs encode all enzymes. Thus, all members 
of the genus Bifidobacterium that are shown in Figure 20 are assigned to Bifidobacterium 
fermentation and thus to the production of acetate and lactate. 

A similar procedure was used to assign MAGs to the other pathways. In the following, the 
procedure will not be explained step by step as above, but the results of the analysis will be 
elaborated. The final assignments of MAGs to pathways and the associated metabolites are 
depicted in Figure 21 and listed in the supplementary material (Table S20). 

Heterofermentative lactic acid fermentation yields, besides lactate, acetate if the substrates 
are pentoses and ethanol if the substrates are hexoses. Most, but not all, Bifidobacteria are 
capable of utilising both kinds of sugar for lactic acid fermentation. In addition, P_F_0250 
(Brooklawnia propionicigenes) and S_A_0003 (Liquorilactobacillus vini) are capable of 
heterofermentative lactic acid fermentation. Thus, they are assigned to lactate, ethanol, and 
acetate formation (see Figure 21). 

Besides the described pathways that yield a mix of acids and alcohols, lactic acid is formed by 
homofermentative lactic acid fermentation as the only product. Lactate dehydrogenase (EC 
1.1.1.27) is used to convert pyruvate to lactate and is encoded by various MAGs of the phyla 
Actinomycetota, Bacillota, Bacteroidota, and Chloroflexota. 

Acetic acid and ethanol are not exclusively produced in the described lactic acid fermentations 
but are side products of various metabolic pathways. The enzymes involved in the final 
reactions that yield acetate or ethanol usually work in both directions. Therefore, MAGs from 
multiple phyla are assigned to either utilising or producing them (see Figure 21). 

Other volatile fatty acids 
Acetic and lactic acid are the main acids that were detected in the acidification reactors. Their 
formation can be explained by the pathways described above. Besides, propionic acid is a 
major component of the liquid fraction in the acidification reactor 2 in the system ‘PaP’ (see 
Figure 18 in section 3.3.6). Moreover, butyric acid is detected in all acidification reactors, but 
at lower concentrations. 

Propionic acid can be produced or oxidised by the methylmalonyl or the acryloyl pathway. Both 
pathways generally work in both directions. MAG P_F_0250 (Brooklawnia propionicigenes) is 
the only MAG for which all enzymes of the methylmalonyl pathway are identified. It is not clear 
from this analysis alone whether it produces or oxidises propionic acid.  

The MAG S_F_0039 (class Clostridia, family Eubacteriaceae) encodes all enzymes except 
one (EC 4.2.1.54) for the acryloyl pathway (propionate utilisation or oxidation) and all enzymes 
for butyrate oxidation. It is the most abundant MAG in the methane reactor of ‘StarchC’ and 
only traces are detected in ‘PaP’. Butyrate appears not to be metabolised in the system ‘PaP’ 
because the concentrations are uniform across all reactors, while it is completely removed in 
the methane reactor for ‘StarchC’. Thus, it is not surprising that a butyrate oxidiser is only 
detected in ‘StarchC’. A similar pattern is noticed for propionic acid which is completely 
removed in the methane reactor of ‘StarchC’ and, in the methane reactors of ‘PaP’, only 
reduced by approximately half compared to the acidification reactors. 
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Acetogenesis 
Three MAGs that have the genomic potential for acetogenesis have been identified. Two of 
them (P_F_1361 and P_F_0463) use sulphate as electron acceptor and are described in more 
detail below. They are identified in the methane reactors of ‘PaP’, with higher abundance in 
the IC reactors than in the EGSB reactors. S_F_0050 is identified in the methane reactor of 
‘StarchC’ and it is assumed that it represents the main responsible organism for the conversion 
of H2 and CO2 to acetate in this reactor, thus providing substrate for acetoclastic methanogens. 

Methanogenesis 
They key enzyme that is shared by all methanogenesis pathways is methyl-coenzyme M 
reductase (MCR; EC:2.8.4.1) (Harirchi et al. 2022). All archaeal MAGs encode this enzyme 
and are thus capable of the core part of methanogenesis (reduction of coenzyme M to 
methane).  

In accordance with previous findings suggesting that the main methanogenesis pathways in 
AD are acetoclastic and hydrogenotrophic (Harirchi et al. 2022; Niya et al. 2024; Kim et al. 
2022), there are no hits for the genes encoding the enzymes specific for methylotrophic 
methanogenesis. 

Interestingly, all archaeal MAGs encode the enzymes for the reactions specific to acetoclastic 
as well as those specific for hydrogenotrophic methanogenesis. This indicates that all are 
capable of both pathways which is contrary to what has been described in literature. Four of 
the MAGs are classified as Methanotrichaceae (phylum Halobacteriota, class 
Methanosarcinia) who have previously been described as acetoclastic (Ren et al. 2025; Kim 
et al. 2022; Niya et al. 2024). It has been suggested that they are obligate acetoclastic (Theuerl 
et al. 2015) but there has been evidence that they are additionally capable of using the 
hydrogenotrophic pathway (Niya et al. 2024; Thauer et al. 2008; Lyu et al. 2018). The 
remaining four MAGs are classified as Methanobacteriaceae (phylum Methanobacteriota, 
class Methanobacteria) who have previously been described as hydrogenotrophic 
methanogens, without the ability to utilise acetate (Niya et al. 2024; Dueholm et al. 2024; Kim 
et al. 2022). 

Interestingly, all except one (P_F_0518; family Methanotrichaceae) archaeal MAGs encode a 
coenzyme F420-associated formate dehydrogenase (K00125; Fdh). This enzyme reduces 
coenzyme F420 which is consecutively used to produce H2. The produced H2 is used for 
hydrogenotrophic methanogenesis (Lupa et al. 2008). Thus, they can presumably utilise 
formate as initial substrate in hydrogenotrophic methanogenesis.  

Sulphate reduction 
The process of sulphate reduction is in direct competition for substrates with methanogenesis 
(Harirchi et al. 2022). It is of special interest in this analysis because the wastestreams that 
are treated in the investigated systems have high sulphate content and it was observed that 
sulphate is completely removed during AD, presumably by sulphate reduction (see section 
3.3.6).  

The enzymes for dissimilatory sulphate reduction are encoded in three of the MAGs. They are 
detected in the methane reactors of both systems, ‘PaP’ and ‘StarchC’. They are not detected 
in the ‘Ref’ samples which suggests that this pathway is specific for these systems. Two of the 
MAGs are classified as Syntrophobacteraceae (phylum Desulfobacterota, class 
Syntrophobacteria; P_F_0463 and P_F_1361) and one is classified as Dissulfurispiraceae 
(phylum Nitrospirota; P_F_1432). Interestingly, the Syntrophobacteraceae MAGs are more 
abundant in IC reactors in ‘PaP’ while the Dissulfurispiraceae MAG is more abundant in EGSB 
reactors of ‘PaP’ and in the methane reactor of ‘StarchC’. None are detected in the acidification 
reactors.  
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Syntrophobacteraceae, in particular Syntrophobacter fumaroxidans, has been characterized 
as syntrophic propionate-oxidising bacterium which oxidises propionate and provides H2 and 
CO2 to its syntrophic partners, hydrogenotrophic methanogens (Harmsen et al. 1998; 
Westerholm et al. 2021; Doloman et al. 2024; Cai et al. 2016). For the oxidation of propionate, 
it uses sulphate as electron acceptor (Harmsen et al. 1998). The enzymes necessary for 
propionate oxidation are encoded in both Syntrophobacteraceae MAGs which indicates that 
both are taking this route. In addition, the enzymes for acetogenesis are found in both MAGs. 
This indicates that they further oxidise the produced acetate to CO2. Thus, they live in 
syntrophy with hydrogenotrophic methanogens by providing H2 but are competing with 
acetoclastic methanogens or acetate oxidising bacteria for acetate (Westerholm et al. 2021). 
Syntrophobacter fumaroxidans has been associated with the formation of granular biomass 
(Doloman et al. 2024; Westerholm et al. 2021; Madden et al. 2014) which is in accordance with 
mainly observing them in the IC reactors, where the biomass is immobilised in granules. 

In contrast, MAG P_F_1432 (phylum Nitrospirota, order Thermodesulfovibrionales, family 
Dissulfurispiraceae) does not encode the propionate oxidation or acetogenesis pathway, but it 
encodes formate hydrogenases and the enzymes for carbon fixation from CO2. It is 
hypothesized that it is a hydrogenotrophic sulphate reducer which competes with 
hydrogenotrophic methanogens.  
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Figure 21: Heatmap that indicates the assignment of MAGs to the investigated pathways. Only MAGs > 1 % 
abundance are shown. Vertical layers separate archaea and bacteria. Horizontal layers organise the pathways into 
the most relevant metabolites.  
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3.3.7.2 System-level analysis 

After analysing each pathway on its own, they are put into relation with each other. Moreover, 
the occurrence of MAGs and their associated pathways is mapped to the reactors of both 
systems, ‘PaP’ and ‘StarchC’. This is supposed to provide additional evidence for potential 
roles of the identified MAGs in the AD process. 

The relationship of the investigated metabolites and pathways and their mapping to the 
acidification or methane reactors are depicted in Figure 22. In addition, taxonomic bar plots 
specific for each of the reactors are shown to visualise which phyla are associated with which 
steps. 

In the acidification reactor of the system ‘PaP’, Actinomycetota appear to be involved in all 
pathways to produce acetate, lactate, propionate, and ethanol. They are the most abundant 
phylum in this reactor (see Figure 16). The main genus is Bifidobacterium who is responsible 
for acetate, lactate, and ethanol production while propionate is produced by Microbacterium 
and MAGs from the phylum Bacillota. In contrast, Bacillota is the main phylum responsible for 
acetate, lactate, propionate, butyrate, and ethanol production in ‘StarchC’. Two MAGs of this 
phylum are highly abundant in the acidification reactor and therefore it is expected that they 
are responsible for the production of the main metabolites. This shows that especially the first 
steps of AD, where the differences in the substrate components are most important, can be 
accomplished by different taxa. However, it has to be noted that the sequencing depth is not 
sufficient to be confident about the absence of other taxa. 

Butyrate metabolism is only detected in the system ‘StarchC’. In ‘PaP’ butyrate does not seem 
to be metabolised at all while Bacillota are associated with it in both ‘StarchC’ reactors. 

Comparing the association of taxa with metabolites between the acidification and methane 
reactor within ‘PaP’, large differences are observed. For example, besides Actinomycetota, 
Chloroflexota, Bacteroidota and Bacillota are associated with lactate in the methane reactors. 
Presumably, Actinomycetota produce it while the members of the other phyla rather metabolise 
it to acetate. In contrast, Bacillota is the only phylum associated with lactate, propionate, and 
butyrate in both reactors of ‘StarchC’. This can again be attributed to their high abundance and 
low sequencing depth for the associated samples. 

As described above, acetate and ethanol are metabolites of various pathways, and it is 
therefore not surprising that multiple phyla are associated with both compounds. 

Formate seems to be associated with the last steps of AD. The phyla that encode formate 
dehydrogenases are mainly methanogenic archaea, besides sulphate reducers and 
acetogens. This is similar in both systems. 

Acetogenesis and sulphate reduction are only detected in bacteria in methane reactors. 
Interestingly, acetogenesis is almost exclusively associated with the sulphate reducing 
Desulfobacterota in ‘PaP’, while almost exclusively Chloroflexota are capable of it in ‘StarchC’. 
Methanogenesis is exclusively detected in archaea occurring in the methane reactors, as 
expected. 
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Figure 22: Key anaerobic digestion pathways and phylum level taxonomy of the MAGs linked to each process. 
Numbers in green circles indicate the reactions in the pathway map that are associated with the metabolites in the 
table. Bars include all MAGs > 1 % abundance. The bars show the summed relative abundances of MAGs that are 
associated with the metabolites or pathways on the y-axis. The figure is designed to emphasize the contribution of 
each phylum to the corresponding metabolic pathways. Due to scaling the bars to 100 %, the figure does not reflect 
their contribution to the overall process.  
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4 Discussion and future perspectives 

In this thesis, the microbial communities in various anaerobic digestion (AD) systems were 
investigated. Previous studies have mostly focused on systems that use common substrates 
such as agricultural feedstock, manure, or activated sludge (Campanaro et al. 2018; Dueholm 
et al. 2024; Jun et al. 2025). They have identified key phyla in the AD microbial community. 
However, it has been shown that the used substrate strongly influences the microbial 
community composition (Dueholm et al. 2024; Harirchi et al. 2022) and thus, findings might not 
be generalisable across systems that use different substrates. An aim of this thesis was 
therefore to provide insights into yet understudied systems. AD systems which use uncommon 
substrates such as agro-industrial residues or industrial wastewaters were thus included in the 
amplicon-sequencing dataset that was analysed in the first part of this thesis. 

A phylum-level analysis of the taxonomic profiles revealed some core phyla that match with 
previous studies (Theuerl et al. 2015; Campanaro et al. 2016; Cai et al. 2016; Treu et al. 2016). 
Bacillota and Bacteroidota, which are prevalent in all of the analysed samples, have previously 
been described as key phyla in AD. Their distinct abundances in the samples suggest that their 
members are involved in the hydrolysis and acidification step of AD. Other phyla were detected 
only in specific samples which hints at their specific tasks or preferred environments. Despite 
the similarities that were observed at the phylum level, an ASV level analysis revealed that 
most taxa are indeed system-specific or even reactor-specific. This shows that an analysis at 
the phylum-level is not sufficient to taxonomically describe the microbial community of a system 
and can only provide a broad overview. It was therefore beneficial to include a more detailed 
ASV level analysis. 

To provide a broader context and find more global patterns regarding the microbial community 
composition, a publicly available dataset from the MiDAS project (Dueholm et al. 2024) was 
included in the analysis. The sample similarity of the merged dataset was investigated in an 
ordination. One limitation of this analysis is that the MiDAS 5 database consists to a large 
extent of samples from anaerobic digesters that treat activated sludge. Thus, the dataset is 
biased to this substrate type while other substrates are underrepresented. However, substrate 
types that are similar to those used in the herein investigated systems as well as other, more 
common substrate types, are also represented in the dataset. Furthermore, the dataset 
includes thermophilic systems. Moreover, it was the largest uniformly created dataset that 
could be found. The analysis revealed that the substrate used in the AD shape the microbial 
community to some extent and that the samples analysed in this thesis are indeed distinct from 
the majority of the samples in the MiDAS 5 database. This emphasizes the importance of 
investigating AD systems that use uncommon substrates and that this thesis provides insights 
into the specifics of the microbial community in an understudied system type.  

By comparing the taxonomic classification of the ASVs obtained from using three databases, 
it was shown that the AD microbial community is not represented well by the broadly used 
SILVA database (versions 138.1 and 138.2). It became evident that using a database which is 
specific for a similar environment, specifically MiDAS 5 (Dueholm et al. 2024), results in the 
classification of a much larger fraction of ASVs at genus and species rank, despite being 
smaller with less overall entries. These results show that taxonomic classification largely 
depends on the database that is used and that broad databases are not always the best choice. 
Especially in AD, the taxonomy of process-specific microorganisms is still poorly characterised 
(Dueholm et al. 2024; Treu et al. 2016) and thus novel taxa are expected. It was shown in this 
thesis that using a specialised database can improve the results in this context substantially. 

The specific functions of taxa in AD and their complex interactions have not yet been studied 
in detail and their metabolic potential is largely unknown. Therefore, a set of selected samples 
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was analysed using metagenomic methods in the second part of this thesis. Based on the 
results obtained from the amplicon-based analysis and on sample availability, the systems 
‘PaP’ and ‘StarchC’ were selected as they represent understudied systems which was 
observed in the ordination with the samples from the MiDAS database. These systems were 
expected to provide new insights as their microbial communities were shown to be most distinct 
from systems that use more common substrates. Furthermore, they are two-stage systems 
which facilitates functional analysis. 

After long-read sequencing of the samples, quality control of the results revealed that the 
sequencing yield for the samples from the system ‘StarchC’ was lower than for the ‘PaP’ 
samples. Therefore, the coverage of both systems was not uniform. In ‘StarchC’, only the high-
abundance MAGs could be recovered while more of the diversity was captured in ‘PaP’. To 
obtain valid results, it was therefore necessary to adapt the original aims of directly comparing 
the systems. The number of MAGs that could be recovered from ‘PaP’ is large and allowed a 
detailed analysis. Therefore, the focus was laid on the system ‘PaP’, while the system ‘StarchC’ 
was analysed separately, but still used to provide additional context. In a future study, the 
reasons for this underperformance could be determined to gain more information about 
‘StarchC’. 

A functional analysis was performed to obtain insights into the potential roles of the MAGs 
recovered from the sequencing data. This analysis is based on KEGG, using the KOfam 
database. This database is very broad and not specialised in the AD environment. As it was 
shown earlier for taxonomic classification, genes that are specific for AD microbial communities 
might be underrepresented in KEGG which can bias the results. Important functions might not 
have been detected. This is reflected by the few AD pathways for which KEGG modules are 
available. Moreover, structural homology of functional distinct enzymes can lead to wrong 
conclusions. Nevertheless, KEGG proved to be useful for the conducted analysis. Replacing 
KEGG modules with manually curated pathway definitions based on hits for K numbers allowed 
the workflow to overcome some of these limitations and better adapt the analysis to the 
research questions. Moreover, the combination of analysing pathways by enzyme hits, relative 
abundances of MAGs, and metadata such as measured concentrations in the reactors, proved 
to be successful in finding potential roles of MAGs. As the current analysis is only based on 
genomic information, the hypothesised roles should be validated by transcriptomic and 
proteomic methods in future studies. Moreover, characterising selected MAGs by a more 
complete pathway reconstruction would be insightful, as some of the MAGs represent novel 
genomes. The functional analysis could further be expanded to track the carbon flow through 
the fermenter in a more complete way. The hydrolysis stage was largely omitted in the analysis 
because the substrates in the systems are expected to mainly consist of already broken-down 
biomass such as sugar oligomers and monomers. However, the identification of CAZymes (i.e. 
carbohydrate-active enzymes), or enzymes related to protein or lipid metabolism, could 
provide valuable additional information about the systems. In general, the analysis could be 
expanded by other enzyme databases. 

A funnel-like specialisation structure, as described in previous studies (Kim et al. 2022; 
Campanaro et al. 2016), was observed, as a large number of MAGs was assigned to 
acidogenesis pathways while only few MAGs could be assigned to acetogenesis and 
methanogenesis. The acidogenesis-related MAGs have been shown to potentially be 
responsible for the production of acids that have been found at high concentrations in the 
acidification reactors, i.e. mainly lactic acid and acetic acid, as well as ethanol. The analysis 
further revealed that all of the three MAGs that were assigned to acetogenesis are exclusively 
found in methane reactors. One of them (class Anaerolineae) is more abundant in ‘StarchC’. 
The other two (family Syntrophobacteraceae) are more abundant in ‘PaP’ and, interestingly, at 
the same time sulphate reducers. Therefore, both are presumably reducing sulphate using 
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acetate as electron donor, and are thus competing with acetoclastic methanogens. The third 
sulphate reducer (genus Fermentibacter) is the only one which appears to be competing with 
hydrogenotrophic methanogens. The analysis surprisingly suggests that all MAGs that are 
members of both detected archaeal families (Methanotrichaceae and Methanobacteriaceae) 
are capable of hydrogenotrophic and acetoclastic methanogenesis. They might be able to 
switch between both pathways, depending on their competitors and available substrates. The 
potential for hydrogen production or utilisation can be investigated by identifying genes that 
encode hydrogenases. However, the interpretation of such pathways is challenging as they 
operate in both directions, and their role is thus versatile. Future studies could focus on this 
topic. 

Overall, the results provide promising insights into the microbial community of the selected 
systems which should be investigated further in the future. It would be insightful to characterise 
the structure of the granular biomass in the system ‘PaP’ by separately sequencing the distinct 
layers of the granules. Furthermore, a time series could provide a better understanding of the 
stability of the systems and, if combined with other parameters, potentially reveal taxa that are 
associated with stable or unstable process periods. A detailed characterisation of the MAGs in 
a system could be used to set up a database and, in the future, map ASVs to MAGs. This way, 
the taxonomic profiles obtained by amplicon sequencing could be connected with the inferred 
functions attributed to the MAGs. This could provide a basis for biogas plant operators to 
determine the causes for process disturbances, and to optimise the process.  
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5 Conclusion 

In this thesis, the microbial communities in various anaerobic digestion systems were 
analysed, before a selection of systems was investigated in more detail. An amplicon-
sequencing based analysis revealed patterns in the community composition that appeared to 
be mainly driven by substrate types. Moreover, two-stage systems provided first insights into 
the potential roles of taxa. In spite of similarities at the phylum rank, it could be shown that 
ASVs are mainly specific for certain systems. A multivariate analysis showed the samples are 
underrepresented with regards to a more global dataset and thus, this thesis provides insights 
into understudied system types. It was shown that samples from systems treating industrial 
wastewater are distinct from the majority of the samples in the global dataset. This led to the 
decision to further investigate the two-stage systems that treat industrial wastewaters using 
metagenomics. After long-read sequencing and assembly of the reads into contigs, mapping 
the reads back to the assemblies revealed that the ‘Ref’ samples which represent common AD 
systems are similar to each other but highly dissimilar from the ‘PaP’ and ‘StarchC’ samples 
which represent systems that treat industrial wastewaters. This emphasizes that the 
investigated systems have distinct features from systems that have been investigated 
previously. 2213 bins could be recovered from the assemblies. After removing low quality bins, 
419 MAGs were finally obtained. MAG recovery was most successful for the system ‘PaP’ and 
thus the focus of further analyses was on this system. Taxonomic profiling showed that there 
is only little overlap of MAGs between the acidification and the methane reactor of the systems. 
In a functional analysis, pathways and metabolites could be assigned to MAGs. The results 
suggest that lactate and acetate are mainly produced by Bifidobacterium fermentation in the 
acidification reactor of ‘PaP’. Moreover, three sulphate reducing MAGs were identified, two of 
which are also capable of acetogenesis. Furthermore, it was shown that all archaeal MAGs 
encode enzymes for both methanogenic pathways, the hydrogenotrophic and acetoclastic 
route. 

Overall, this thesis provides valuable insights into the microbial community and their potential 
functions in an understudied system type. A number of MAGs responsible for the production 
of acidogenesis products could be identified and the results reveal interesting potential 
interactions between acetogenic and sulphate reducing bacteria and methanogens which can 
serve as basis for future studies. This thesis contributes to a better understanding of AD 
systems which ultimately might lead to a more efficient biogas production process. 
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6 Supplementary material 

All supplementary files are available at https://github.com/lisa94fc/ADMicrobes_supp. The 
directory data contains an xlsx-file with all supplementary tables as well as two pdf-files. All 
scripts used in this thesis can be found in the directory scripts. Table S1 lists all 
supplementary files and their description. 

Table S1: Description of supplementary files. 

DIRECTORY: data 

Filename Description 

SF1_supplementary-
tables.xlsx 

Xlsx-file with all supplementary tables providing detailed 
results that were used for creating the figures in this thesis and 
additional data supplementing the results shown in the thesis. 

SF2_Prim-clust-dend.pdf Primary clustering results obtained during dereplication of bins 
using dRep. See section 2.4.4.2.  

SF3_Sec-clust-dend.pdf Secondary clustering results obtained during dereplication of 
bins using dRep. See section 2.4.4.2. 

DIRECTORY: scripts/amplicon-dataset 

Filename Description 

01-amplicon-primer-
trimming.Rmd 

R-Markdown file for amplicon dataset pipeline, step 1 (primer 
trimming using cutadapt). To be used with config.yaml. See 
section 2.3.2.1. 

02-amplicon-filter-
trim.Rmd 

R-Markdown file for amplicon dataset pipeline, step 2 (quality 
filtering and trimming using DADA2). To be used with 
config.yaml. See section 2.3.2.2. 

03-amplicon-
inference.Rmd 

R-Markdown file for amplicon dataset pipeline, step 3 (inferring 
ASVs using DADA2). To be used with config.yaml. See section 
2.3.2.3. 

04-amplicon-bimeras.Rmd R-Markdown file for amplicon dataset pipeline, step 4 
(removing bimeras and merging paired-end reads using 
DADA2). To be used with config.yaml. See section 2.3.2.4. 

05-amplicon-
taxonomy.Rmd 

R-Markdown file for amplicon dataset pipeline, step 5 
(taxonomic classification using DADA2). To be used with 
config.yaml. See section 2.3.2.5. 

06-amplicon-compare-
classifiers.Rmd 

R-Markdown file for amplicon dataset pipline, step 6 
(evaluating the performance of the databases used for 
taxonomic classification). See section 2.3.2.5. 

07-amplicon-table-
formatting.Rmd 

R-Markdown file for amplicon dataset pipeline, step 7 
(formatting results and merging datasets). To be used with 
config.yaml. See section 2.3.3.1. 

08-amplicon-plots.Rmd R-Markdown file for amplicon dataset pipeline, step 8 
(visualisation of results using ggplot2). To be used with 
config.yaml. See section 2.3.3.1. 

Multivariate-analysis-w-
MiDAS.Rmd 

R-Markdown file for computing and visualising ordinations of 
the merged dataset that includes samples from MiDAS and this 
thesis. See section 2.3.3.3. 
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Table S1 (continued): Description of supplementary files. 

DIRECTORY: scripts/amplicon-dataset 

Filename Description 

08-amplicon-plots.Rmd R-Markdown file for amplicon dataset pipeline, step 8 
(visualisation of results using ggplot2). To be used with 
config.yaml. See section 2.3.3.1. 

Multivariate-analysis-w-
MiDAS.Rmd 

R-Markdown file for computing and visualising ordinations of 
the merged dataset that includes samples from MiDAS and this 
thesis. See section 2.3.3.3. 

config.yaml Config-file for setting parameters for the amplicon dataset 
pipeline. See section 2.3.2. 

fastqc_multiqc.sh Bash script for obtaining quality profiles of sequencing reads 
(per sample and per run) using FastQC and MultiQC. See 
section 2.3.2.2. 

merge-thesis-midas.sh Bash script for merging the MiDAS and thesis dataset. See 
section 2.3.3.2. 

DIRECTORY: scripts/ont-dataset 

Filename Description 

01_filtlong.sh Bash script for quality filtering of ONT sequencing results. See 
section 2.4.4.2. 

02_QC_ont.sh Bash script for quality control of ONT sequencing results. See 
section 2.4.4.2. 

03_metaphlan_batch.sh Bash script for read-based taxonomic profiling of ONT 
sequencing results using MetaPhlAn 4. See section 2.4.4.2. 

04_singlem.sh Bash script for read-based taxonomic profiling of ONT 
sequencing results using SingleM. See section 2.4.4.2. 

05_flye.sh Bash script for assembly of ONT sequencing reads. See 
section 2.4.4.2. 

06_map_reads_back.sh Bash script for mapping ONT sequencing reads to obtained 
assemblies using minimap2 and SAMtools. See section 
2.4.4.2. 

07_coverm_contig.sh Bash script for determining coverages of contigs using 
CoverM. See section 2.4.4.2. 

08_medaka.sh Bash script for polishing assemblies using medaka. See 
section 2.4.4.2. 

09_jgi_summarize.sh Bash script for obtaining coverages of contigs to be used for 
binning with MetaBAT2. See section 2.4.4.2. 

10_metabat.sh Bash script for binning of ONT sequencing results using 
MetaBAT2. See section 2.4.4.2. 

11_quast.sh Bash script for quality control of assemblies using Quast. See 
section 2.4.4.2. 

12_checkm2.sh Bash script for quality control of bins using CheckM2. See 
section 2.4.4.2. 
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Table S1 (continued): Description of supplementary files. 

DIRECTORY: scripts/ont-dataset 

Filename Description 

13_gtdbtk.sh Bash script for taxonomic classification of bins using GTDB-
Tk. See section 2.4.4.2. 

14_coverm_genome.sh Bash script for estimating relative abundances of MAGs using 
CoverM. See section 2.4.4.2. 

15_anvio_kegg.sh Bash script for functional annotation of MAGs using anvi’o and 
KEGG. See section 2.4.4.2. 

Pathway_mapping.Rmd R-Markdown file for assigning MAGs to pathways and 
metabolites by analysing the functional annotation results. See 
section 2.4.4.2. 

Pathways_plots.Rmd R-Markdown file for visualising the results of the functional 
analysis. See section 2.4.4.2. 
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