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Abbreviations:

AD — anaerobic digestion

BMP — biological methane potential

C/N — carbon to nitrogen ratio

CAZymes — carbohydrate-active enzymes
CBM - carbohydrate-binding motifs

CE — carbohydrate esterase

ESBP — extracellular solute-binding proteins
SZBP — Szeged Biogas Plant

TAN - total ammonia nitrogen

TIC — total inorganic carbon

TPM — transcript per million

GH — glycoside hydrolase

GT — glycosyl transferase

MAG — metagenome assembled genome
Mcr — methyl-coenzyme M reductase
MDM — microbial dark matter

RPKM - reads per kilobase per million
SAO - syntrophic acetate oxidation

TS — total solid

VOA - volatile organic acid

VS — volatile solid

WLP — Wood-Ljungdahl pathway

1. Introduction

Biogas can be utilized as a renewable energy carrier to generate electricity, transportation
fuel or heat. The raw biogas is mainly composed of 50-75% methane, 25-50% carbon dioxide
(CO2) and 2-8% nitrogen (Li et al, 2019). The main component is methane (CH4), an odorless,
colorless, organic and highly flammable gas that is formed in nature within short time periods
in swamps, rice fields and in geological time scale as “natural gas”. In 1776, Alessandro Volta
discovered that the bubbly gas from the marshes is a product of anaerobic decomposition of
the organic materials at the bottom of the swamplands (Cloy & Smith, 2022). Methane gained
industrial interest and economic value when the excavation of “natural gas” and exploitation
as a fossil energy carrier developed rapidly in the 21% century. The disadvantage of methane is
that it is a greenhouse gas, thus it contributes to global warming and climate change. In this
respect CH4 is more dangerous than CO2, which is the main product upon burning methane or
other fossil fuels, because CHs4 is 25 times more potent in trapping the heat inside Earth’s
atmosphere. The strong potency of methane to trap heat is by absorbing efficiently infrared
radiation that would otherwise be reflected into interstellar space. When the light energy from
the Sun reaches the Earth, part of the energy is absorbed by the Earth’s crust. A portion of the
incoming light lose energy upon the impact, the rest is innately redirected, which has lower
energy content, hence the reflected light is enriched in the infrared components. Infrared light

is absorbed by heteroatom containing compounds, such as CHs, CO2 and many others. The
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energy is thus trapped in the atmosphere and causes the alarming increase in global temperature.
In fact, most methane emissions come from the natural gas, landfills, agriculture, coal mines
and oil operations (U.S. Energy Information Administration, 2022). One of the methods for
waste valorization is to produce biogas by converting organic materials collectively called
biomass. A major difference between the excavated, fossil “natural gas” CH4 and CH4 made
from biomass decomposition is that the latter is formed from renewable biomass, hence it does
not generate net greenhouse gas emission and therefore does not contribute to the dangerous
climate change. The CH4 molecule from fermentation of biomass in engineered systems called
anaerobic degradation (AD) is the same as the fossil one, but one is harmless the other is
harmful for our environment (Awasthi et al, 2022). The leftover biomass (digestate) is nutrient-
rich and has various functions like fertilizers for crop yields. Meanwhile, this agriculture yield
also generates biowaste that is recycled (biomass) to feed the biogas reactors with substrates.
The wide range of substrates not only comes from agricultural waste but also is produced from
domestic animal and household wastes. The biogas production cycle completes carbon
neutrality and contributes to sustainable development in the expanding global demand for clean
energy and a circular bioeconomy.

The most abundant type of biogas substrate is agricultural waste and by-products. The
major global agricultural wastes are 353.34 Mt (megatonne) wheat straw, 180.73 Mt sugarcane
bagasse, 128.02 Mt corn stover and 731.3 Mt rice straw (Sarkar et al, 2012). Europe produces
950 Mt of biomass annually (Saleem, 2022). Lignocellulosic materials are the complex
biomass making up the cell walls in plants and the largest source for generation biogas. The
first-generation biomass comes from food crops. This type of crop utilization caused the
controversial debate of food versus fuel. The problem is that diverting crops to biofuel
production could detriment food security and increase land conversion to habitats destructing
soil quality (Naik et al, 2010). Thus, second-generation biomass was introduced as a solution
for non-edible, energy crops to subside the food security issue. Energy crops are typically
grown on marginal lands to avoid competition for land and water with food crops (Singh et al,
2020). Third-generation biomass utilizes microalgae because the organisms can grow under
non-demanding conditions like brackish & saline water and processing factories can be set on
non-arable land. The most studied eukaryotic microalgae are Chlamydomonas reinhardtii and
Chlorella vulgaris spp. Fourth-generation biomass is genetically modified microalgae with
modified metabolism to speed up the rate of reaction and biofuel production (Goria et al, 2022).

Co-digestion of animal manure with plant biomass is also widely used for animal waste

management. SZBP (analyzed reactor in this research) is a mesophilic, wet reactor that is fed
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with pig manure, sweet sorghum and maize silage (both are 1% generation biomasses and high
polysaccharide content). The ideal mesophilic fermenter temperature ranges from 35°C to
37°C for the microbiota to perform AD (Fikri, 2019). The optimal biomass C/N ratio is from
20 to 35 (Dadaser-Celik et al, 2016). Pig manure holds excessive nitrogen and limited carbon
content due to its protein content. It also contains the main degrading microbes. Nitrogen is a
pollutant that has three stable forms in nature: organic nitrogen, nitrate and ammonium. They
can pollute the water bodies, soil, and underground drinking water. Besides, agricultural
biomass has a rate-limiting degradation of lignocellulose (Gaworski, 2017), the reason for the
aforementioned agricultural biomass generation. Co-digestion can balance to the optimal C/N.

The AD reactor contains a complex microbiome, which breaks down the biomass to
produce biogas, a mixture of CH; and CO». AD is a type of microbial resource management,
therefore it is important to acquire knowledge from microbial communities to harness their
unique abilities for stable operation, prevent system failures (Carballa et al, 2015) and for
development of future sustainable technology practices (Read et al, 2011). Since numerous
microbes are uncultivable (Solden et al, 2016), the accessible high throughput sequencing is
necessary using genetic material, i.e. DNA and RNA extracted from the AD content.
Metagenomics and metatranscriptomics tools can provide taxonomic and functional pictures
of the entire microbial community and allow the discovery of unknown microbial species. This
multi-omics approach has been carried out in this study, in order to understand the important
features of the anaerobic microbiome working in a typical mesophilic AD reactor.

2. Literature Review

2.1 Biogas AD metabolic pathways and involved microbes

The biological degradation of biomass to biogas during AD is divided into four overlapping
phases: hydrolysis, acidogenesis, acetogenesis and methanogenesis. The biochemical
processes of the microbes are linked together in that the byproduct of one phase is the substrate
for the next phase. The phases are simultaneous processes and their analysis is complex.

Hydrolysis is the breaking down of complex large biopolymers to simpler, smaller water-
soluble compounds. The main components in biomass are carbohydrates, proteins and lipids.
The polysaccharides are hydrolyzed to produce oligosaccharides, monomeric sugars and a
variety of aromatic compounds, proteins yield peptides and amino acids. The acidogenic
bacteria convert amino acids, glucose and lipids to organic acids, CO2 and H. During

acetogenesis, organic compounds are converted to volatile fatty acids (VFAs), CO2 and H>
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(Nwokolo et al, 2020). The final phase of methanogenesis uses these substrates to produce
methane and carbon dioxide.

Bacteroidetes and Firmicutes are the most abundant bacterial groups across biogas reactors
(Wirth et al, 2021; Campanaro et al 2016 & 2020; Kampmann et al, 2012). Bacteroidetes play
an important role in degrading proteins from manure and polysaccharides from plant substrates.
Firmicutes primarily digest polysaccharides from plant biomass (Kampmann et al, 2012). In
co-fermentation AD, Bacteroidetes have a relatively lower abundance (Gullert et al, 2016).
Hydrolysis is a limiting factor for biogas production. A variety of enzymes and enzyme
complexes, called carbohydrate-active enzymes participate in this important process, a brief

review of CAZymes is presented in the next section.

2.1.1 Carbohydrate-active enzymes are crucial during hydrolysis

Functional analysis of transcriptome data is an approach to show microbes’ pathways
in the hydrolysis or synthesis phase. Carbohydrate-active enzymes (CAZymes) are important
catalyzers that act on carbohydrates. CAZymes are gathered in CAZy database
(http://www.cazy.org) in the following categories: glycoside hydrolase (GH), glycosyl
transferase (GT), carbohydrate-binding module (CBM) and carbohydrate esterase (CE).

GHs catalyze the hydrolysis of glycosidic bonds between carbohydrate residues. The
enzyme group is conserved in prokaryotes with exo- or endo-acting specificity. CBMs are non-
catalytic proteins that bind to soluble carbohydrates (Ezeilo et al, 2017). CBMs co-occur with
GHs. The multienzyme complex requires the transportation and utilization of carbohydrates as
energy sources within the bacterial cell. Bacterial extracellular solute-binding protein (ESBP)
utilize ABC transporters to move solutes through the cytoplasmic membrane (Tam & Saier,
1993). ESBP interacts more efficiently with C5 sugar substrates such as xylan (complex
polysaccharide) containing hemicellulose and pectin (Poudel et al, 2018).

GTs play important roles in glycosylation. GTases are conserved in prokaryotes to
catalyze activated monosaccharides to form glycosidic linkages with proteins, lipids, or
carbohydrates (Amin et al, 2021; Ezeilo et al, 2017). Among the N-linked and O-linked
glycosylation, the enzyme-involved N-glycosylation uses polyisoprenoid alcohols, made up of
maximum 25 isoprene units, for cell wall synthesis and cellular metabolisms (Skorupinska-
Tudek et al, 2008). 5-carbon isoprene biosynthesis is the building block based on the
mevalonate (MVA) pathway and 1-deoxy-D-xylulose-5-phosphate pathway. Isoprenoid
production is a conserved pathway among Bacteria and Archaea domains. Interestingly,
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archaeal membranes are made up of isoprenoid chains and glycerol, linked by ether bonds.
Archaea commonly utilizes MVA pathway to synthesize cellular membrane that is essential
for cell growth.

Species from Bacteroidetes, Actinobacteria, Firmicutes, Proteobacteria, Acidobacteria,
Planctomycetes predominate the GH families and are responsible for polysaccharide
degradation in biogas microbial community (Geng et al, 2021). CAZy database is part of the
Pfam database (Mistry et al, 2020). The CAZymes analysis in the current study provides more
insights into the rate-limiting step of hydrolysis (Wirth et al, 2021) and places the carbohydrate
hydrolytic potential of the microbial community in the process of biomethane production to

exceedingly high rank.

2.1.2 Methanogen metabolisms and syntrophic relationships

There are three major molecular pathways of methanogenesis, and four classes of methane-
producing archaea endowed with the ability of performing one or more of these
methanogenesis pathways. The methanogens are grouped as hydrogenotrophic, methylotrophic,
aceticlastic and mixotrophic.

The only enzyme that is present in all types of methanogenic molecular routes is methyl-
coenzyme M reductase (Mcr) encoded with highly conserved gene cluster of mcrBDCGA. The
enzyme catalyzes the last step in methanogenesis by reducing the methyl group to methane
(Thauer et al, 2008). Mcr can be activated with coenzyme 430 (Chen et al, 2020) and assembled
by McrD and McrC respectively (Gendron & Allen, 2022). [4Fe-4S] cluster is used for protein
and electron transfer coupling, substrate activation, and binding (Kirschning, 2022).
Hydrogenotrophic methanogens use H: (electron donor) for CO- reduction to produce CHa.
They belong in the orders Methanobacteriales and Methanomicrobiales. H> is oxidized by
soluble Fazo-reducing hydrogenase, Frh, and soluble Fazo-nonreducing dehydrogenase, Mvh,
with heterodisulfide reductase complex, SH. Flavin-based electron bifurcation reduces
ferredoxin and heterodisulfide of coenzyme-M and coenzyme-B (CoM-S-S-CoB) closely
participate in the process. Subunits a (McrA), B (McrB) and y (McrG) catalyze the compound’s
formation. Reduction of ferredoxin takes place in the first step of methanogenesis. CO> is
reduced to a cofactor-bound formyl group. The methyl group is transfered to CoM-SH and
reduction of CoM with CoB-SH recycle heterodisulfide in the last step of methanogenesis. CO>
is used in the biosynthesis of cells, reduced ferredoxin is required in the process.

Some methanogens use energy-converting hydrogenase like Eha, which catalyzes sodium



motive  force-driven  ferredoxin  reduction and  hydrogen. = Membrane-bound
tetrahydromethanopterin S-methyltransferase (Mtr) translocates the sodium ions across the
membrane and leads to the buildup of sodium motive force. It can be used by ATP synthase as
the energy source (Kurth et al, 2020). Hydrogenotrophic methanogens’ energy conservation
takes place exclusively in methyl transfer reactions.

Methylotrophic methanogens utilize small, methylated carbon compounds such as
methanol and methylated amines as substrates. There are three components in the enzyme
systems. Substrate-specific methyltransferase converts methyl groups to corrinoid protein. The
second methyltransferase transform three-quarter of methyl groups to CH4 and one-quarter to
CO.. This is used to generate reducing equivalents for heterodisulfide as electron acceptor.
Energy conservation only happens in membrane-bound electron transport chain. The
membrane-bound methyltransferase catalyzes a reverse reaction by dissipating the sodium
motive force (Kurth et al, 2020).

Aceticlastic methanogens use primarily or exclusively acetate produced during
acidogenesis. Acetate enters the cell through the acetate transporter and activates acetyl-CoA
to generate carbonyl group to lead to CO, and CHa4 generation by conversion via the acetyl-
CoA decarboxylase/synthase. Compared to hydrogenotrophic methanogens, aceticlastic
methanogens also uses Mtr for energy conservation but there are more sodium and hydrogen
ions translocated per round. Additionally, aceticlastic methanogens require initial ATP
investment for activation of acetyl-CoA metabolism (Kurth et al, 2020).

Methanogens form syntrophic relationship with fermenting bacteria that produce Ho,
COo, acetate and other C-1 compounds (Kampmann et al, 2012). Acetogens (e.g. Clostridia)
or syntrophic acetate oxidation (SAO) produce H> for the hydrogenotrophic methanogens. H-
activating membrane-associated hydrogenases (i.e. in Methanomicrobiales) underline the
importance for a highly efficient interspecies Hz transfer between these syntrophic partners. H
metabolism is delicately balanced to maintain low H> concentration, which favors CH4
formation. Moreover, an adequate supply of acetate supports both the growth of aceticlastic
methanogens and hydrogenotrophic methanogens with the help of syntrophic acetate oxidizers
(Wirth etal, 2012). Mixotrophic methanogens can utilize several pathways to generate methane.
Members of the Methanosarcina genus belong in this mixotrophic methanogen group,
converting acetate to methane (Nishio & Nakashimada, 2013) and form syntrophic relationship
with other microbes. Various methanogens are present in biogas reactors (Wirth et al, 2021;
Campanaro et al 2016 & 2020). Instead of competition between methanogens, they can live
together in the biogas producing microbial communities as they utilize several pathways to



digest chemically dissimilar substrate molecules.
2.2 Chemical fermentation parameters and core microbiome

2.2.1. Chemical fermentation parameters

The most important chemical AD parameters are pH, volatile organic acids (VOAS), total
inorganic carbon (TIC), total ammonia nitrogen (TAN), total solid (TS), volatile solid (VS)
and biological methane potential (BMP).

In mesophilic (30-40°C) reactor, optimal pH is between 6.5 to 8.0 and methanogens prefer
slightly alkaline environment. (Vijayaraj & Varatharajulu, 2015). pH is sensitive towards TAN,
temperature, volatile fatty acids, etc., that ultimately affects the growth of biogas microbes.

Specific VOAs and TIC are among the crucial AD fermentation indicators. VOAS is the
ratio of acetic acid to propionic acid during biogas production. TIC is the buffer capacity and
carbonate carbon concentration. VOA/TIC ratio serves as an early warning indicator for
acidification, which could lead to system failure if persisted for an extended time period. The
range of optimal VOAS/TIC from agricultural-industrial wastes is from 0.1 to 0.3 (Szilagyi et
al, 2021).

The total ammonia nitrogen (TAN) is an important indicator of ammonia-nitrogen level as
high concentration can also lead to AD inhibition. It also affects the stability of buffer capacity
and pH, which is essential for microbial growth. pH, VOAs and TAN are the main factors
concerning AD inhibition (Capson-Tojo et al, 2020). AD instability leads to an increase of
volatile fatty acids that decreases pH. Hence, the free ammonia reduction results in continuous
fermentation to a certain extent. However, ammonia level reduces methane production (Wang,
2016) and pig manure contains high ammonia level. Free ammonia can passively diffuse into
the cells and cause potassium deficiency and proton imbalance (Rui et al, 2015). AD inhibitions
were reported at TAN levels between 1.5-3 g/L (Rossi et al, 2022). Although methanogens are
the most sensitive community members to AD parameter perturbation, hydrogenotrophic
methanogens are one of the most resilient microbes to high TAN concentrations (Capson-Tojo
et al, 2020). TIC and TAN can affect the pH of the reactor. TAN’s acceptable range in AD is
from 1.5 to 2.0 g/L in pig manure and maize silage reactor, which has stable operating
conditions (Wirth et al, 2021).

TS or dry matter content is related to the feedstock composition (Capson-Tojo et al, 2020).
TS content exhibits the best digestibility performance between 7.4-9.2% (Budiyono et al, 2010).
VS is used to measure the organic matter in the digester. Co-digestion containing pig manure
and food waste with 80-98% VS is an excellent substrate in AD (Wang et al, 2020).
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Biological methane potential (BMP) is the biodegradability of substrates in AD based on
VS. BMP test systems include a positive control to check the performance of the inoculum.
The optimal inoculum-to-substrate ratio (ISR), constant temperature with gentle mixing is
required in addition to replacing air in the headspace of the reactor with inert gas prior to
incubation. BMP test shows the maximal biogas potential of the substrate, therefore actual
biogas yield of an industrial, large scale, continuously fed biogas plant would be lower than
indicated by the BMP test. The chemical energy of the substrate is divided between methane
production and microbial biomass growth in 9 to 1 ratio. Moreover, BMP usually cannot detect
acute toxicity of inhibitors, especially at high ISR. Usually VS-based ISR is between 1 to 4
depending on the substrate degradability (Koch et al, 2020). In spite of these limitations, BMP
is a powerful and useful tool to determine the expectable maximum biogas yield.

Monitoring of chemical fermentation parameters is useful for the biogas industry. The daily
observations are relatively simple and inexpensive. Nevertheless, the stable operation and
undisturbed functional activity of the microbial community requires at least periodical
checking of the microbiome abundance, activity and networking. The members of the
microbial community are the key, most important hard-working actors. Their wellbeing and
functional activity is fundamental for the safe and efficient operation of the AD reactors
(Kirkegaard et al, 2017; Rui et al 2015).

2.2.2 The core microbiome

Core microbiome refers to the set of indispensable essential microbial taxa in the biogas
reactor. They are associated with functional and genomic tasks in microbial ecology. The
concept of core microbiome rapidly developed as the number of taxonomic investigations
accumulated and allowed comparative studies. The evaluated thresholds are based on microbial
occurrence, abundance or occurrence-abundance (Neu et al, 2021). Empirical analyses of
human microbiome (Neu et al, 2021) built the framework for further applications such as AD
microbiomes (Rui et al, 2015; Wirth et al, 2012) using abundance cutoff values and arbitrary
occurrence.

Early studies commonly used 16S rRNA gene amplicon sequencing to identify
microbial taxonomy. In some cases, operational taxonomic units or sequence clusters of shared
nucleotide identification were established. In AD studies, core Archaea were members of the
genera Methanosaeta (now renamed as Methanothrix), Methanoculleus, Methanospirillum and
core Bacteria included Clostridium, Synergistetes, Sedimentibacter, Firmicutes, Bacteroidetes.
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The core microbiomes are resistant in AD perturbations (Rui et al, 2015; Kirkegaard et al, 2017;
Riviere et al, 2009). More insights into the keystone population were understood but those
approaches contained limitations. 16S rRNA gene amplicon sequencing uses primers that
would introduce bias. The primers bind to regions 100% conserved across all bacteria (Gupta
et al, 2019). The 16S rRNA approach cannot identify unknown species due to reference
dependency (Stolze et al, 2016). Different metrics used to quantify core microbiome in practice
are also susceptible to bias, such as low abundance but functionally important microbes,
arbitrary cutoff abundance or occurrence values, impact of sequencing depth and sampling
coverage, etc (Neu et al, 2021). Therefore, developing standardized metrics is crucial at testing
specific hypotheses about the ecology and function of the core microbiome.

To overcome the restriction in practice and quantification approach, novel
bioinformatics tools and core microbiome metrics have been introduced. Machine learning
guided genome-centric metagenomics and metatranscriptomics analysis are reference
independent approach and not limited in identifying unknown species. Classifying core

microbiome with 100% occurrence is the most common approach.

2.3 Multi-omics

Mapping out the complete blueprint of the biogas microbiome network is difficult, but
metagenomics can widen the knowledge in this field. The limitations on microbial cultivation
technologies challenge our understanding of the microbial world. Only 0.1-1% of
microorganisms present in the environment can be cultivated at present (Solden et al, 2016).
The remaining uncultivable and undetectable representatives are in the Candidatus phyla. Most
of the Earth’s yet-uncultivatable microbes are like the dark matter in the universe, namely
microbial dark matter (MDM) (Solden et al, 2016). Moreover, cultivated microorganisms may
function differently in pure cultures than within the biogas community, which poses additional
problem when we want to understand what they do for the community and how (Palkova, 2004;
Dickson et al, 2014; Altowayti et al, 2020; Anguita-Maeso et al, 2020).

Scientists have addressed the missing information from uncultured microorganisms from
the benefits of genomic sequencing technologies in the past decade. Previously, shotgun
sequencing and assembly resulted in separate genomes from shared features (i.e. k-mer
frequencies, coverage homology). Single-cell genomics can complement this ambiguity but
suffers from amplification biases in genomic coverage, leading to less complete genome
(Hedlund et al, 2014). On top of that, the utility of big data of MDM triggered several
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challenges (Jiao et al, 2020). 16S rDNA or 16S rRNA amplicon sequencing are implemented
to answer and study the microbial community, core microbiome pathways and ecology of food
chains (Riviere et al, 2009; Straub et al 2020). Other approaches include using high-throughput
sequencing reads for aligning DNA reads/protein sequencing (comparing against databases),
read-based metagenomics with k-mer frequencies (a type of sequence features) and universal
SCGs (a species classification method) to read depths (Sun et al, 2021).

Amplicon sequencing, high-throughput sequencing and read-based metagenomics cannot
identify the unknown species in the microbiome because these approaches heavily depend on
reference databases (Stolze et al, 2016; Calusinska et al, 2018). Sequencing data is directly
aligned with reference genomes, species-specific sequences or marker gene sets for taxonomy
annotations. Regardless of these strategies, the reference database is incomplete and requires
high-quality genomes. The sequencing and assembly restrictions need to be resolved if the goal
is to analyze and understand any microbiome, including those working and surviving in the
AD reactors.

To overcome all the above limitations, a set of highly advanced bioinformatics tools is used
to investigate the microbial community. In recent years, strategies and algorithms have been
developed to facilitate independence from reference databases. Assembly-based MAGs are
assembled based on a group of scaffolds with similar features from metagenomes. The features
are tetranucleotide frequencies, complimentary marker genes, abundances, taxonomic
alignments and coverage to resemble the microbial genome (Yang et al, 2021). Single-copy
genes are typically used to quantify MAGs with marker genes for a specific genome because
they should occur once. However, some of the limitations remain in the uneven distribution of
the universal marker genes and their presence is low (<10%). Lineage reference has a more
refined estimation of quantifying microbial genome completeness and contamination for
automated assignments in large-scale genome sequencing. Substantial genome completeness
is <70-90% and medium contamination is 5-<10%. The limitation of using this criterion is for
lineages that are undergoing genome reduction to quantify genome quality (Parks et al, 2015).
Only the MAGs with high genome completeness and low contamination are selected for
downstream analysis. Yet Minimum Information about a Single Amplified Genome (MIMAG)
and Minimum Information about a Metagenome-Assembled Genome (MISAG) were also
initiated to assembly quality and estimation of genome completeness and contamination
(Bowers et al, 2017). Based on these standards, several studies have proven MAGs to be useful
(Stolze et al, 2016; Campanaro et al 2016 & 2020). 134 publicly available metagenome-
assembled genomes have been derived from 1,635 MAGs (criteria: >50% C, <5%



13

contamination; nearly half of genomes had >90% C). These studies established the first biogas
database for assembly and binning without reliance on a reference database. The identified
genomes were shown to have distinct functional properties from former studies and complex
microbial networks. This approach frees the need for culture dependence and MAGs perfected
the complex microbiome annotations and functions in the digester. Improving the binning
accuracy of MAGs remains a continuous task.

There are two common types of reference-independent pipelines for microbial
community analysis. First, traditional unsupervised clustering depends on co-abundance (reads
mapping coverage to the contig) and sequence features (i.e. k-mer frequency). Most softwares
rely on this clustering method (Bair, 2013). Second, semi-supervised clustering takes
advantage of must-link and cannot-link constraints joining contig pairs. Must-link constraint
requires two contigs must place in the same cluster. Cannot-link constraint calls two contigs
must not be in the same cluster (Bair, 2013). Information map and weighed k-mers contributes
to siamese neural network (machine learning), which helps then to process the distributions to
obtain fine-grade MAGs (Pan et al, 2022).

Scientists are deciding whether one or combined techniques are more holistic to investigate
microorganisms. Combining the formerly studied and used techniques with bioinformatics
tools are important in exploring the roles of uncultivable microbes in the population of MDM.
Scientists are trying to close the knowledge gap of unknown or partially known microbes in
the biogas digesters. They are also shrinking as the number of deep metagenomics studies
increase.

These powerful methods can decipher and discover the phylogeny and metabolism of the
biogas microbial community (Nobu et al, 2015; Hassa et al, 2018). When the known microbes
are detected, the remaining microbes are resolved to newly discovered microorganisms through
a set of analysis approach. The semi-supervised constraint with a machine learning system
could enhance the binning performance of contigs to obtain MAGs (Pan et al, 2022). Studying
the core microbiome relies on this analysis sets to identify key players, including unknown

microbes.

2.4 DNA versus transcript abundance
Genome-centric metagenomics-based metatranscriptomics analysis provides more insights
into the real-life microbial activity relative to the snapshot group picture of the microbial

community participants, answering the question: who is there? In previous research,
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metagenomics analysis has not been paralleled with metatranscriptomics (Wirth et al, 2021,
Campanaro et al 2016 & 2020; Kampmann et al, 2012). The metagenome data (genomic DNA
sequencing) can provide taxonomy and gene information. The metatranscriptome data (MRNA
sequencing) are reads that are mapped back to the metagenome data to assemble the actual
transcript and functional activity. The trivial assumption is that DNA abundance should be
parallel with RNA abundance (De Vrieze et al, 2016). However, this is a widely accepted
misconception. By way of explanation, microbes of high DNA abundance may not display high
functional transcript activity and vice versa.

MRNA abundance or transcript activity is expressed in both transcript per million (TPM)
and read per kilobase per million (RKPM) values, which is calculated differently from DNA
abundance based on RKPM denomination. Connection of the taxonomy with gene activity
gives a more accurate relationship between the microbiome abundance and active genes &
functions.

Methanogens have a low abundance but produce unproportionally high methane yield in
stable operating biogas reactors. This is due to two reasons, transcription apparatus and the
ability of ‘cheating’ thermodynamics. The vital Mcr present in all methanogens has evidence
of a linear relationship between methanogenesis and mcrA transcript to gene ratio.
Transcript/gene ratio indicates physiological activity rather than gene abundance. 18-fold
increase of mcrA transcript activity is parallel with the highest observed methanogenesis in
pure culture form (Freitag & Prosser, 2009). However, methanogens may have different
transcriptional activity in different environments. Moreover, methane production is dependent
on temperature, ammonia, acetate, partial H> pressure, etc (Capson-Tojo et al, 2020). Apart
from the transcription activity, methanogens also show different thermodynamics thresholds
compared to other microorganisms. Hydrogenotrophic methanogens have energy yields as low
as -10 kJ/mol (Hoehler et al, 2001), in situ almost free energy requirements. Since many
microorganisms are MDM, the current known minimum requirement to sustain life is -20
kJ/mol (Schink, 1997). Methanogens overcame this thermodynamic energy barrier, for
instance, linking the first and last step of hydrogenotrophic pathway to regenerate terminal
electron donor compounds to overcome energy unfavorable reactions (Buan, 2018). This
circular respiration is known as Wolfe cycle. With minimal energy conservation, the
hydrogenotropic methanogens can transcribe the Mcr gene and produce methane. Based on the
connection between metagenome and metatranscriptome data, population (including MDM)

and activity studies are identified in the biogas microbe’s community.
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3. Working hypothesis and goals

As discussed above, there remain limitations and challenges in fully understanding the
microbiome of biogas plants. The AD community contains uncultivable biogas microbes
(MDM). Understanding their taxonomy, functions and networking is a complex process. The
problems include the changes and synonyms of taxonomy and nomenclatures in
microorganisms. There is also a dependency on reference databases in sequencing analysis,
which requires high-quality genomes. The goal is to analyze the microbial composition and
function that is crucial for biogas production. Machine learning-guided metagenomics and
metatranscriptomics can investigate the DNA abundance with transcript activities, genes,
metabolic pathways, key enzymes and core microbiomes.

With the availability of reference-independent MAGs in genome-centric metagenomics
complemented with metatranscriptomics data, we can understand both the identity and roles of
microorganisms based on lineage-specific markers. We also have to keep in mind that microbes
are interrelated in the food web of the biogas reactor.

The core microbiome is crucial for biogas production as they are the key players in
metabolic pathways and resist perturbations in altering environments. The core microbiome
includes microbes that are high in occurrence. There are microorganisms that are rare in
presence but may be important in the microbial community of biogas. This study not only
identifies core microbiome taxonomy and function but also relates core microbiome with
industrial chemical fermentation parameters for a comprehensive view of biogas production.
The correlation could be indicators in situations of process imbalance. The core microbiome
could resist environmental changes but is a gradual adaptation process. The tolerance is
developed in time longer than the feeding rate. Precision microbial management is based on
the correlation and indicators of chemical fermentation parameters. The MDMSs are important
for their roles in the overall process of biogas production.

In summary, the thesis is intended to reveal the understanding of microbial composition in
the biogas plant with genomics and transcriptomics data using the semi-supervised machine
learning system. The microbial composition includes the core microbiome of taxonomy,
functional identification and correlation with chemical fermentation parameters. Key enzymes,
dominant phyla and metabolic pathways should be investigated. The methanogens should be
further analyzed for their production pathways and activities in the AD community. MDMs are

addressed with the availability of genomics and transcriptomics data.
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4. Materials and Methods

4.1 Sludge collection

The microbial analysis was based on the fermentation effluent collected from
Zoldforrés Ltd. in Szeged, Hungary. SZBP sludge samples were collected at four seasonal
intervals during one-year period. Sampling took place in October and January of 2020, and
April and July of 2021. Three samples were collected at each interval for biological replicates.
The input substrate contained 55% pig manure, 30% maize silage, and 15% sweet sorghum.
SZBP is a biogas plant next to the pig farm, so the pig manure is directly transferred to the
fermenter. The maize silage is produced by putting chopped maize, lactic acid bacteria, urea,
salt, water, and mineral mixes into pit. After 45 to 60 days of ensilaging, the maize silage is

ready to be used by the biogas microbiome.

4.2 Chemical fermentation parameters and experiments

4.2.1 VOAsand TIC

15mL of sludge in a Falcon tube was centrifuged for 10 min at 30,000 rpm/min. To
prepare the sample for analysis, 5 g was diluted with distilled water to make 20 g. Then 0.1 N
H2SO4 is used for titration. A Pronova FOS/TAC 2000 Version 812 09.2008 automatic titrator
was used to test the VOAs, TIC (Pronova, Berlin, Germany).
4.2.2 TAN

Added 14.5 mL of distilled water to biogas sludge for dilution. The Merck Spectroquant
Ammonium test (1.00683.0001) (Merck, Billerica, USA) determined the total ammonia

nitrogen content (TAN = ammonium ions and dissolved ammonia).

42.3TSand VS

To determine TS, substrates were kept at 105°C for an overnight period for weight
constant. VS are the total organics in the sludge, which is the amount of material lost during
incinerated. The remaining contents were therefore put into the incinerator at 550°C for 2 hours
for the final mass.
4.2.4 BMP

BMP estimates the methane potential and biodegradability of biomass (Szilagyi et al,
2021). Tests were carried out in 160 mL reactor vessels (Wheaton glass serum bottle, 2114014
Aldrich) containing 60 mL fluid phase at mesophilic temperature (37£0.5°C). One set of
measurements determined the baseline methane production of inoculum, i.e. filtered AD

biomass and another was fed with the a-cellulose (positive control, C8002 Sigma-Aldrich) at
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an inoculum VS ratio of VDI 4630 standard (2 substrate: 1 inoculum; Verein Deutscher
Ingenieure 4630, 2006).

4.3 Sequencing of metagenomics and metatranscriptomics

The three sampling replicas (2 mL aliquots) were used for DNA and RNA isolation
with ZymoBIOMICS DNA/RNA miniprep kit (R2002, Zymo Research, Irvine, USA). After
lysis with bead beating (bead size: 0.1 mm; VVortex Genie 2; beating speed: max.; time: 15 min),
Zymo Research kit protocol was followed for DNA and RNA purification. The isolated DNA
and RNA replicas were then pooled together for sequencing.

[llumina sequencing platform recommendations were followed (lllumina Inc., USA).
NEBNext Ultra Il Library Prep Kit was used prepared the genomic DNA samples for
sequencing. Illumina sequencer used NextSeq High Output Kit v2 (300 cycles) to conduct
paired-end metagenomics.

Metatranscriptomics RNA samples was prepared with paired-end libraries using Zymo-
Seq RiboFree™ Total RNA Library Kit, which includes the universal rRNA depletion.
Illumina NextSeq 550 sequencer mMRNA (translated to cDNA) using NextSeq High Output Kit
v2 (300 cycles). bcl2fastq software (v2.17.1.14, lllumina) was used to base-call the primary
data.

4.4 Metagenomics binning and assembly

Fastp (v0.23.2, length required: 150) filtered the raw sequences and then quality
checked with FastQC (v0.11.8). The filtered sequences were assembled by Megahit v1.2.9 (Li
et al, 2015) with 4 samples, minimum 1500 contig length (k-mer size was between the interval
of 21-141 bases). The 4 samples assembled into contigs were used to reconstruct the
metagenome-assembled genomes. Contig database was created using Anvi’o (v7 hope) (Eren
etal, 2015).

The deep siamese neural network using advanced co-assembly of the binning workflow
was combined with the semi-supervised approach for a machine learning-guided software.
Semibin (v1.1.1) was used to reconstruct the genomes (Pan et al, 2022). dRep (v2.2.3) was
used for quality filtration and dereplication of MAGs. Within dRep, CheckM (v1.1.6) programs
were used (dereplicate: sa 0.95, S_algorithm fastANI, con 5, comp 10 (Olm et al, 2017; Park
et al, 2015).

Open reading frames (ORF) were identified by Prodigal and InterProScan v5.31-70 was
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used to annotate the functional gene coding sequences on Pfam database (Finn et al, 2017).
GTDBTK (v1.0.2) was used to assign the microbial taxonomy with the Genome Taxonomic
Database (GTDB: Release 202) (Parks et al, 2021). CoverM (v0.6.1, method: rpkm) calculated
the MAGs’ reads per kilobase per million values (RPKM) (https://github.com/wwood/

CoverM). To build the phylogenomics tree using a set of single-copy core genes (SCGs) of

120 bacteria and 122 archaea, GTDBTk (classify_wf) and 1QTree (v2.2.0.3) with the number

of bootstraps at 1000, maximum iteration at 1000 and stopping rule at 1000 build were used.

4.5 Metatranscriptomics mapping

Extraction of ORF from MAGs (bedtools: getfasta) resulted in MAG-specific gene calls.
These were combined to create Salmon index (parameter of keepDuplicates,
https://github.com/ COMBINE-lab/salmon). Transcript per million (TPM) of the read counts

were generated by Salmon (v1.8.0) with GC bias correction (gcBias) and quasi-mapping.

4.6 Metagenomics and metatranscriptomics visualization

The parameters graph is made through R (R Core Team, 2021), and Microsoft Excel
(Microsoft Corporation, 2018). R packages, namely phyloseq (McMurdie & Holmes, 2013),
ggplot2 (Wickham, 2016) and MicroViz (Barnett et al, 2021), were used to visualize RKPM,
TPM, core microbiome heatmap correlations, KEGG (Kyoto Encyclopedia of Genes and
Genomes) (Kanehisa and Guto, 2000) and Pfam heatmaps. Visualization of core microbiome
percentage package was R package VennDiagram (Chen & Boutros, 2011). The taxonomy and
phylogenic tree were made to graph using Interactive Tree of Life, iTOL v5 (Letunic & Bork,
2021). Pfam (contains CAZymes and gene databases) (Mistry et al, 2020) was visualized using
Circos (Krzywinski et al, 2009).

5. Results and Discussions

5.1 Substrates and Chemical Fermentation Parameters

The considerations for choosing biogas plant for this study included digesters operating
successfully for 5 years with essentially the same substrate composition. This guarantees an
adapted and stable microbial community in the reactor. During the experiment, we monitored
the anaerobic reactor (SZBP) in every 3 months. The chemical fermentation parameters were
measured four times (Fig. 1). In the experiment, the VOAs were 2.82 g/L and TIC is 17.20 g/L
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(Fig. 1A, C, D, standard deviations are indicated in Fig. 1), which gives the average value of
0.16 VOAS/TIC. The ratio is within the optimal range of 0.1-0.3 (Szilagyi et al, 2021). In the
observed values, July 2011 TIC has the lowest and halved buffer capacity. The average TAN
concentration was 1.72 g/L (Fig. 1E), which is acceptable for AD (mentioned in Section 2.2).
The pH of the reactor was 7.63 throughout the experimental period (Fig. 1A). The TS content
was 6.03% (Fig. 1F), with minor fluctuations in TS in October and January. These are normal

conditions as TS value may vary between 2.64-18.40% (Section 2.2). VS content in SZBP was
73.59% and stable.
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Fig. 1. Anaerobic digestion (AD) parameters of mesophilic agriculture biogas reactor. The bar plot colors
represent chemical fermentation parameters samples retrieved in October 2020, January 2021, April 2021 and
July 2021. (A) Average and standard deviation of the four months AD parameters. (B)-(G) pH, volatile organic
acid (VOAs, g L), total inorganic carbonate buffer (TIC, g L), total ammonia-nitrogen concentration (TAN, g
LY, total solids (TS, %) and volatile solids (VS, %) of the monthly measurements. H) Biological Methane
Potential (BMP, mLn/gVS) of control group and a-cellulose group in the four sampling times.

The methane measurement showed that the control group produced 103. 95 mLn/gVS in
October, 102.94 mLn/gVS in January, 101.39 mLn/gVS in April and 107.05 mLn/gVS in July
(Fig. 1H). The a-cellulose (standard substrate for positive control) group was determined with
BMP at 357.15 mLn/gVS in October, 359.18 mLn/gVS in January, 365.03 mLn/gVS in April
and 359.72 mLn/gVSs in July (Fig. 1H). a-cellulose group produced similar methane yield in
the 3-month intervals. The control group had 3-fold lower methane potential compared to o-
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cellulose, which has been expected as in other study (Szilagyi et al, 2021).

5.2 Genome-centric metagenome data

There were 92.59 million filtered DNA sequences (Table 1). The filtered reads were
assembled by Megahit and created 77,156 contigs (N50 = 7362). The binning procedure was
performed by neural network-based binning process that resulted in 199 MAGs. 165 out of 199
MAGs passed the threshold (completeness >1%, contamination < 5%), set to prevent low
genome completion and high contamination microbes in the multi-omics analysis.

Table 1. DNA raw sequences and filtered sequences.

DNA Total raw sequences Total filtered sequences
Oct 18,818,954 15,679,826
Jan 18,575,390 16,445,728
Apr 26,354,002 24,709,486
Jul 38,689,062 35,746,324
Total 102,437,408 92,581,364

5.2.1 DNA and transcript abundances present dissimilar predominant microbes

The MAGs were compared to GTDB (Parks et al, 2021) for taxonomy annotation of
known or partially known microbes and Bio-Gas Microbiome database (Campanaro et al, 2020)
(mentioned in Section 2.3 & 4.4). The binning results showed 11 MAGs belonging in the
domain Archaea and 154 MAGs in the domain Bacteria (Fig. 2A). The high microbiome
similarity between the months also supported the uniformity of class abundances found in
metagenomics data (Fig. 2B and E). The most abundant taxonomic groups in Bacteria domain
was in the phylum Firmicutes, class Clostridia and Bacilli confirming previous studies using
animal manure and maize silage substrates (Wirth et al, 2012; Kampmann et al, 2012). Next in
the abundance line were phyla Bacteriodetes, Proteobacteria, and Actinobacteria (Kakuk et al,
2021) (Fig. 2B, E).

High transcript abundance of hydrogenotrophic methanogens, Methanomicrobia and
Methanobacteria, were observed in the biogas reactor. Methanomicrobia also had high DNA
abundance (Fig. 2B, E). The mixotrophic methanogens, i.e. Methanosarcina, had one of the
highest DNA and transcript abundance (Fig. 2B, E). They can utilize acetate, H2, methanol or
methylated amines as substrates, which are produced by upstream microbes (mentioned in
section 2.1.2). Despite the similarities in microbial composition using metagenomics data,
there were also differences in their activity based on metatranscriptomics data. The principal
component analysis was observed to have 5.1% DNA abundance (Fig. 2C) and 5.3% RNA
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abundance differences between months (Fig. 2F). The PCA plot shows the small differences
between months. It is noteworthy that Methanomicrobia had elevated gene activity in time and
decreased DNA abundance (Fig. 2B, E). There was more transcript abundance of methanogens
than shown in DNA abundance (Fig. 2B, E).
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Fig. 2. Genome-centric results. (A) and (B) DNA domain level, (D) and (E) RNA of top 15 abundant phylum
level taxonomic distribution of the microbiome. (C) DNA and (F) RNA principal component analysis of the
microbial community of all the four-month sludge samples based on DNA and RNA. The colors represent the
corresponding months.

Bacteroidia in October and Limnochordia in July showed the highest RNA abundance
and one of the lowest DNA abundances in the four sampling time points (Fig, 2B, E).
Bacteroidia has been commonly found in degradation of organic materials like plant materials
(Wirth et al, 2020). Limnochordia were found to form syntrophic relationship (Section 2.1.2)
with Methanosarcina in 20 biogas plants (Calusinska et al, 2018). Actinomycetia, Clostridia,
Bacilli, Limnochordia and others have important implications in plant materials degradation

using cellulolytic enzymes (Lewin et al, 2016) (Section 2.1). These results suggest that DNA
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abundance cannot reflect the total transcript activity of microbes.

The most significant result from Fig. 2 is that Archaea had low DNA abundance and
showed at least two-fold increase in transcript activity. Methanomicrobia, Methanosarcina,
Methanobacteria and Thermoplasmate were the most active Archaeal classes.
Methanomicrobia was the second most active methanogen, but these methanogens were in the
5t position according to DNA abundance.

The class Thermoplasmata were present in the RNA abundance but not in the top 15
DNA based metagenome abundant taxa (Fig. 2B, E). Thermoplasmata contains mixotrophic
methanogen using formaldehyde and acetate. The total methanogens activity is much higher
than DNA presence. Therefore, the DNA and transcript abundance observations show different
data. Metagenomics should be complemented with metatranscriptomics to analyze microbial
activity in biogas AD.

5.2.2 Microbial tree of life in biogas plant and the MDM

The taxonomic assignment showed that the most common phylum is Firmicutes A with
42 species, Bacteriodota with 24 species, and Firmicutes G with 13 species (Fig. 3), which is
in accordance to other studies (Campanaro et al, 2016). There were 66 species (40% of the
total) found in Firmicutes A, B, D, F, and G phylum out of 165 total species in the microbiome.
The species in the phylum Firmicutes are extremely important in metabolic pathways such as
fatty acid utilization, carbohydrates’ degradation, Wood-L junghdahl Pathway (WLP) or SAO.
Bacteroidetes were less abundant, they participated primarily in protein and polysaccharide
degradation (see Section 2.1). The higher Firmicutes to Bacteroidetes ratio is due to the
substrate mix composition fed to the biogas reactor.

Biogas MDM was observed by the normalized RPKM (DNA abundance) and TPM
(transcript abundance) data (Fig. 3). There was a total of 24 potential MDMs marked with
“ species” ending in the figure. For further MDM analysis, the recommendation by Parks et
al (2015) for > 90% completeness and <5% contamination was followed. All 24 MAGs had
<5% contamination. In genome completeness, 4 MAGs were near (>90%), 1 MAG was
substantial (>70-90%), 6 MAGs were moderate (>50-70%) and 14 MAGs were partial (<50%).
The 4 MAGs genera with near genome completeness and highest metabolism (KEGG) activity
were in the following descending order: Methanosarcina (MAG_165, 98.69% completeness)
for methanogenesis, DMER64 (MAG_363, 100% completeness) for citrate cycle,
Miniphocibacter (MAG_88, 95.73% completeness) for glycolysis and Fermentimonas
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(MAG_666, 90.97% completeness) for glycolysis. The possibly unknown glycolysis microbes
both had medium-low level DNA and transcript abundance from Firmicutes A and
Bacteroidota phyla (Fig. 3, Section 2.1).
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color gradients.

With the availability of Pfam data in this study, DMERG64 _species has the highest gene
activity for large subunit ribosomal protein for protein & peptide bond synthesis (Schmeing,
2013) and peroxiredoxin as an antioxidant for cytoprotection (Knoops et al, 2016).
DMERG64_species predicted stable cellular metabolism, continuous gene activity, which
protects ammonia-stress from methanogens in the biogas microbiome. For instance, DMER64
genus in Bacteroidetes phylum is a partially known microbe. It was proposed to have
syntrophic relationship with methanogens through magnetite-mediated direct interspecies
electron transfer (DIET) through anaerobic batch tests. In DIET, electrons are transferred from
one cell to another by conductive pili, specific cytochromes or conductive materials, like

magnetite. This mechanism differs from transfer via reduced molecules like hydrogen or
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formate. Magnetite can relieve ammonia inhibitory effects during VFA degradation to aid
methane production (Lee et al, 2019). However, no physiological activities are known.

The Archaea domain includes phyla Halobacteriota, Thermoplasmatota, and
Methanobacteriota (Fig. 3). At lower taxonomic levels: hydrogenotrophic methanogens
Methanoculleus, VadinCA11, Methanobacteriaceae, and Methanobacterium spp., aceticlastic
methanogen Methanothrix sp., methylotrophic methanogen Methanomassiliicoccaceae
DTUO008 sp., and mixotrophic methnogen Methanosarcina sp. have been detected. Ammonia-
tolerant species included Methanoculleus, VadinCA11 and Methanosarcina spp. (Ting et al,
2020). Hydrogenotrophic methanogens usually have the highest phylogenetic diversity (Wirth
et al, 2012; Campanaro et al, 2016). The presence of ammonia tolerant methanogens and
ammonia shielding syntrophy DMERG64_species indicate that the community was getting ready
to combat toxic ammonia levels (Fig. 1A).

The Methansarcina_species (MAG_165), mentioned earlier, is a potential unknown
species with one of the highest transcript abundances (Fig. 3). It was the only mixotrophic
methanogen in the recovered data. Methanoculleus bourgensis and Methanoculleus
thermohydrogenotrophicum are common hydrogenotrophic methanogens found in the digester
that share similar RPKM and TPM (Fig. 3). The two species were reported to share common
essential genes and methanogenic pathways (Kougias et al, 2017), which allows resistance to
environmental perturbations. The results confirmed that when metagenomics data, which is
used to analyze microbial identity, are complemented with metatranscriptomics data, microbial

activity may be associated to the species.

5.2.3 Positive correlations between chemical fermentation parameters and core microbiome
The core microbiome analysis and correlation with chemical fermentation parameters
are based on 165 MAGs identified in metagenomics analysis. The core microbiome is the
essential community in the AD processes. 86.7%, i.e. 143 species of the total 165 microbial
species belonged in the core microbiome present during the entire experimental period (Fig.
4A). The correlation of microorganisms and chemical fermentation parameters, i.e. relationship
between process indicators, and microbiomes tell us how the composite substrate feed
determined the composition and functional activity of the adapted AD microbial community.
The composition relatedness between specific members of the core microbiome is shown in
relationship, the “what operational parameter influences primarily the abundance and activity

of which member(s) of the community” question can be answered. Bacteroidota species
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Fig. 4 Core microbiome analysis A) Venn diagram of core microbiome, month-specific, and month-related
microbial community. B) Correlation groups of core microbiomes. C) Core microbiome correlation with chemical
fermentation parameters in clusters. Colors in B) and C) mean positive and negative Pearson correlations,
respectively. White boxes indicate no specific correlation between the chemical process parameters and the given
taxon in the community.

correlate with chemical fermentation parameters TIC and VOAs (Fig. 4C). Depending on the
positive or negative correlations between the chemical process parameters and members of the
microbiota, two clusters could be distinguished. Remarkably, Methanoculleus spp. are in
Cluster I, and Methanosarcina_species (refer to Section 5.2.2) is in Cluster Il. The clusters of
methanogens with bacterial groups may point to specific syntrophic relations as discussed in
Section 2.1.2.

Methanoculleus spp. have been reported being sensitive to the TS chemical process
parameter. Previous report showed that the increase of TS contents from 5% to 20% led to the
decrease of Methanoculleus spp. from 7.63% to 2.91% genus-level (Yi et al, 2015). Our results
did not corroborate this observation (Fig. 4C). The SZBP reactor maintained an average TS =
6.03%, near the optimal range of 7.4-9.2% (Budiyono et al, 2010) and the Methanoculleus spp.
did not correlate neither positively nor negatively with TS. Methanoculleus bourgensis has
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higher gene content and larger genome than Candidatus M. thermohydrogenotrophicum in the
MDM (Kougias et al, 2017). Fig 3 shows a higher transcript activity by M. bourgensis than M.
thermohydrogenotrophicum based on TPM value.

Cluster Il contains mainly Methanosarcina species and Firmicutes A species (Fig. 4C).
Methanosarcina_species correlated with TIC and VOAs. The mixotroph Methanosarcina sp.
is tolerant to the toxic environment by forming irregular cell clumps (Conklin et al, 2006) for
their successful survival. They can utilize both hydrogen and acetate pathways from the
available organic acids. Firmicutes A spp. were mostly associated with TIC and VOAs. Some
Firmicutes spp. were also related to other parameters, namely pH, TAN, TS, and VS.
Firmicutes are the main polysaccharide degraders and the most diverse phylain AD. TIC buffer
capacity is related to pH and ammonia toxic concentrations. Clusters of positively correlated

microbes are susceptible towards specific chemical fermentation parameters.

5.3 Metatranscriptomics: functional analysis and taxonomy roles

52.61 million filtered RNA sequences (Table 2) were mapped back using Salmon to
MAGs and calculate TPM values for transcriptomics data (Section 2.4). Microbial functional
roles could be revealed through the data. Results in the following are based on
metatranscriptomics data.

Table 2. RNA raw sequences and filtered sequences.

RNA Total raw sequences Total filtered sequences
Oct 16,416,766 1,383,216

Jan 17,884,478 20,642,438

Apr 23,538,936 19,242,282

Jul 17,356,234 11,343,300
Total 75,196,414 52,611,236

5.3.1 Carbohydrate-active enzymes affect downstream microbes

The metatranscriptomics data provided insight into the rate-limiting step of hydrolysis
(Section 2.1.1). The top 30 most CAZymes active phyla are compiled in Fig. 5A. The most
active phyla are Bacteroidota, Firmicutes G, Halobacteriota, Actinobacteriota, Frimicutes A,
Cloacimonadota, Spirochaetota, Chloroflexota, Verrucomicrobiota etc. Bacteriota from
Bacteroidota had the highest gene activity, followed by Methanomicrobia, Methanosarcina,

Methanobacteria from Halobacteriota, and Limnochordia from Firmicutes G (Fig. 2E). GH and
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GT were present in all top 30 phyla. GT was shown to be the most active enzyme group in
CAZymes family. Bacteria domain Bacteroidota had 40% and Archaea domain Halobacteriota
had 12.5% of GT activity. 5-carbon isoprene biosynthesis is also a top 11 metabolism pathway
(Fig. 6A). The methanogens require isoprenoids for cell growth. N-glycosylation occurs at the
external surface of the archaea cell surface, which explains high GT activity in archaeal
Halobacteriota. Identical to archaea, the N-glycosylation of bacteria occurs across cell
membranes (refer to Section 2.1.1). GT initiates the transport of nucleotide-activated sugars
across membranes, resulting in the highest CAZymes activity of GT across all phyla (Fig. 5A).
The second most active CAZymes is GH. 60% Bacteroidota, 9% Actinobacteria, and
31% remaining phyla of GH activity (Fig. 5A). GH has diverse degrading functions of cellulose,
hemicellulose, inulin, oligosaccharides, pectin, polysaccharide, and starch (Fig. 5B). Two
species of Actinobacteria were identified in the taxonomy with high genome completeness and
gene activity (Fig. 3). Brooklawnia sp012517116 and Brevilactibacter species showed
activity in both GH and CBM (Fig. 5B). Bacteroidota SR-FBR-E99 sp009881065 has top
CMB and GH activity. Cellulose, hemicellulose (contains xylan), and polysaccharides are the
mostly GH-degraded substrates (Fig. 5B). Bacteroidota and Actinobacteria species had much
higher CBM and GH activity compared to Methanosarcina_species, whose main function is
methanogenesis (Fig. 5B). Hydrolysis of substrates was actively performed by Bacteroidota

and Actinobacteria in the SZBP reactor.

5.3.2 Essential genes and metabolism in biogas production

The microbial metabolic pathways (KEGG) and gene activity (Pfam) were constructed
from metatranscriptomics data. Interestingly, methanogenesis had the highest metabolism over
the other housekeeping metabolism (Fig. 6A). This was also confirmed by the transcript
activity (Fig. 2E) and taxonomy diversity (Fig. 3) of specific methanogens. Activity of
upstream metabolism such as glycolysis and pentose phosphate pathways (PPP) have lower
metabolic activity than methanogenesis (Fig. 6A). Microbes utilizing these upstream pathways
are tightly connected. Glucose is metabolized by the glycolytic pathway in PPP to produce
NADPH, which is the reducing coenzyme in enzymatic systems. In the experiments, high
Firmicutes diversity and activity has been observed (Fig. 3) but methanogenesis remained the
most active metabolism pathway (Section 5.2.2). Moreover, methanogens are archaea with
membranes made up of isoprenoid and glycerol (Section 2.1.1). C5_isoprenoid_biosynthesis

is observed to be highly active (Fig. 6A).



29

Pfam analyzes functional genes of microbial data that participate in metabolism pathways
(KEGG). ABC _transporter and Bacterial_extracellular_solute-binding_proteins (Fig. 6B) are
known to move solute across the membrane in the process of polysaccharide degradation
(Section 2.1.1), which is observed in high degradation activity (Fig. 5B).
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Fig. 6 Functional analysis of the SZBP microbiome. A) Unknown and known proportion in KEGG modules and
Pfam data. B) The heat map of top 30 metabolic pathway KEGG modules. C) Top 30 Pfam transcribed genes in
SZBP.

One of the most important enzymes in methanogenesis is Mcr (Section 2.1.2) and its high
activity was detected as Methyl-coenzyme M_reductase_gamma_subunit, Methyl-
coenzyme_M_reductase_operon_protein_D&C (Fig. 6B). Mtr is responsible for sodium
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transport (Section 2.1.2). Tetrahydromethanopterin_S-methyltransferase was also detected
(Fig. 6B). 4Fe-4S_dicluster domain and 4Fe-4S_binding_domain had high transcript activity
(Fig. 6B) and they work with Mcr simultaneously in methanogenesis (Section 2.1.2).
Remarkably, the methanogens had the highest metabolism and gene activity to produce
methane than any bacterial function present in the AD although some of them had high DNA

abundance and diversity.

6. Conclusions

We can understand the taxonomy and functional roles of the microbes at details by
employing the most up-to-date and precise bioinformatics approach known today, i.e. genome-
centric metagenomics based metatranscriptomics analysis. The transcript data were mapped
back to the metagenome data to verify transcript activity. This strategy offers novel horizon in
understanding the relationship among members in a complex microbial community, which
cannot be achieved by relying solely on DNA abundance data.

All chemical fermentation parameters were within the optimal ranges. Under these
conditions, the control group, supplied with the standard substrate a-cellulose, showed 3-fold higher
methane potential, indicating that the microbial community operated properly and reliably. Archaea
had two-fold higher transcript abundance compared to DNA abundance. The outstanding
transcript abundant Archaea classes were Methanomicrobia, Methanobacteria and
Thermoplasmata. Methanogens with highest DNA and transcript abundances were
Methanomicrobia and Methanosarcina.

40% of species were classified in the Firmicutes phylum, in line with previous studies.
The evolution to increase the Firmicutes to Bacteroidetes ratio is a frequently observed
phenomenon in biogas digesters. There were four potential MDM taxa found in our database,
namely  Methanosarcina, DMER64, Miniphocibacter and Fermentimonas spp.
DMERG64_species has been found to have large subunit ribosomal protein and peroxiredoxin
transcript activity. It is noted, that DMER64 genus has been proposed to have syntrophic
relationship  with  methanogens (Lee et al, 2019). The possibly unknown
Methanosarcina_species belonged in the core microbiome in Cluster Il with Firmicutes A spp.
Methanosarcina_species was found sensitive to TIC and VOAs, the important industrial
chemical process indicators of appropriately operating digesters. Correlation analysis revealed
that Cluster I included Methanoculleus spp., Firmicutes and Bacteroidota. SZBP TAN
concentration was 1.72 g/L, which was a warning sign and some process inhibitions were

reported between 1.5-3.0 g/L (Rossi et al, 2022). Bacteroidota spp. are sensitive to TIC and
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VOAs, which means fluctuations of main chemical fermentation parameters could affect their
population and activity. The correlation between core microbiome and chemical fermentation
parameters uncovered a novel relationship indication in cases of process stability.

The core microbiome is resistant towards certain AD perturbations, but if chemical
fermentation parameters fluctuate too far or beyond optimal ranges, process inhibition would
occur. Therefore, calculating the correlation between core microbiome and chemical
fermentation parameters is important.

The metatranscriptomics data provided insight into the rate-limiting step of hydrolysis.
CAZymes are important because they are the enzymes produced in hydrolysis and affect the
downstream microbes. Bacteroidota and Firmicutes can degrade polysaccharides, but other
phyla are also capable for such activity like Actinobacteriota, Cloacimonadota, Spirochaetota,
Chloroflexota, Verrucomicrobiota, etc. ABC transporter and ESBP were noted to be involved
in polysaccharide degradation through Pfam analysis.

Methanogenesis showed the highest metabolic activity compared to other, e.g.
housekeeping, pathways. This is an extremely remarkable novel feature of the AD community.
One of the most important enzymes in methanogenesis is Mcr, which has been found as the
most active gene: Methyl-coenzynme_M _reductase_gamma_subunit, Methyl-
coenzyme_M reducatse_  operon_protein_ D&C. 4Fe-4S dicluster domain and 4Fe-
4S binding_domain work with Mcr to participate and facilitate methanogenesis. Mtr is
responsible for sodium transport in energy conservation of hydrogenotrophic and aceticlastic
methanogens, which is shown in the highly active Tetrahydromethanopterin_S-
methyltransferase. The activity of methanogenic Archaea outcompeted Bacteria at transcript
level, metabolism and gene activity.

The study of biogas microbiome is a complex process. Precision microbial community
management is important for stable biogas operation in the industrial scale biogas production
reactors together with correlation of chemical fermentation parameters with core microbiome.
For academic basic research the exploration of the largely unknown “microbial dark matter” is

an exciting scientific challenge with obvious projections for practical applications.
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