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Abstract 

Background The holistic characterization of different microbiomes in anaerobic digestion (AD) systems can con‑
tribute to a better understanding of these systems and provide starting points for bioengineering. The present study 
investigates the microbiome of 80 European full‑scale AD systems. Operational, chemical and taxonomic data were 
thoroughly collected, analysed and correlated to identify the main drivers of AD processes.

Results The present study describes chemical and operational parameters for a broad spectrum of different AD sys‑
tems. With this data, Spearman correlation and differential abundance analyses were applied to narrow down the role 
of the individual microorganisms detected. The authors succeeded in further limiting the number of microorganisms 
in the core microbiome for a broad range of AD systems. Based on 16S rRNA gene amplicon sequencing, MBA03, Pro-
teiniphilum, a member of the family Dethiobacteraceae, the genus Caldicoprobacter and the methanogen Methanosar-
cina were the most prevalent and abundant organisms identified in all digesters analysed. High ratios for Methanocul-
leus are often described for agricultural co‑digesters. Therefore, it is remarkable that Methanosarcina was surprisingly 
high in several digesters reaching ratios up to 47.2%. The various statistical analyses revealed that the microorganisms 
grouped according to different patterns. A purely taxonomic correlation enabled a distinction between an aceto‑
clastic cluster and a hydrogenotrophic one. However, in the multivariate analysis with chemical parameters, the main 
clusters corresponded to hydrolytic and acidogenic microorganisms, with SAOB bacteria being particularly important 
in the second group. Including operational parameters resulted in digester‑type specific grouping of microbes. Those 
with separate acidification stood out among the many reactor types due to their unexpected behaviour. Despite 
maximizing the organic loading rate in the hydrolytic pretreatments, these stages turned into extremely robust meth‑
ane production units.

Conclusions From 80 different AD systems, one of the most holistic data sets is provided. A very distinct forma‑
tion of microbial clusters was discovered, depending on whether taxonomic, chemical or operational parameters 
were combined. The microorganisms in the individual clusters were strongly dependent on the respective reference 
parameters.
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Graphical Abstract

Introduction
The production of biogas through anaerobic digestion 
(AD) can contribute to achieving key sustainability objec-
tives such as the development of a circular economy, the 
transition to a bio-economy and the independent produc-
tion of renewable electricity and gas [1]. Consequently, 
secondary raw materials such as organic waste, municipal 
sewage sludge, green waste, animal excrements, and agri-
cultural residues can be converted into valuable resources 
such as methane and fertilizer. The conversion of these 
various organic materials into biogas is essentially carried 
out by complex microbial communities that constitute 
the AD microbiome [2, 3]. Understanding the microor-
ganisms involved, the conditions in which they occur, 
and the operational and chemical factors that influence 
them, provides an opportunity to make the process more 
robust and efficient. AD is divided into four stages, each 
of which is carried out by different consortia of microor-
ganisms with different environmental requirements [4]. 
In the first phase, hydrolysis, complex organic materials 
such as proteins, fats, and carbohydrates are hydrolysed 
into the corresponding monomers and oligomers. These 
are then metabolized in the second phase, acidogene-
sis, to intermediates such as propionate, butyrate, other 
short-chain volatile fatty acids (VFAs), and alcohols. In 
the third phase, known as acetogenesis, acetic acid,  CO2 
and  H2 are obtained by fermenting VFAs. Subsequently, 
these products are converted to  CH4 and  CO2 in a final 
phase, methanogenesis [2, 4]. The microbial commu-
nities of these four phases are generally categorized as 

fermentative bacteria, methanogenic archaea, and syn-
trophic bacteria. Fermentative communities carry out the 
first three phases, while methanogenic archaea use the 
intermediate products of the third phase to produce  CH4 
and  CO2 in the fourth phase. Syntrophic communities 
are composed of microorganisms that work together in a 
mutualistic relationship [5].

The main added value of studying a broad range of 
AD microbiomes is to make general statements about 
the chemical, taxonomic and operational factors influ-
encing them. As a result, AD processes can be better 
bioengineered in the future to increase the efficiency, 
speed, robustness and adaptability of AD systems [6]. 
Culture-independent methods such as 16S  rRNA gene 
or metagenomics sequencing assist with the complete 
characterization of the microbiome [7]. Analysis of 
16S rRNA gene amplicons has been used in several stud-
ies to investigate microbial communities in AD systems 
[8, 9]. Correlations between microbial profiles and vari-
ous operational or physicochemical operating parameters 
were established to assign changes in microbial commu-
nity structure. In particular, studies of the microorgan-
isms that are always present in AD systems, i.e. the core 
microbiome, are promising. However, current studies 
are lacking in terms of the diversity of AD systems sam-
pled and the completeness of the metadata available. 
Although several studies have provided insights into the 
complexity of the underlying microbiome communities, 
it is not clear how many microorganisms are involved 
in AD, what tasks the individual microorganisms fulfil 
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in this process and what they depend on. Puig-Castellví 
et  al. found 1145 operative taxonomic units (OTUs) in 
a reactor that was co-digesting wastewater sludge [10]. 
Calusinska et al. observed 20 industrial biogas plants and 
confirmed the hypothesis that different systems occur 
with different core microbiomes [11]. Kirkegaard et  al. 
compared nine large-scale fermenters and looked for 
microbes that were present in all of them. This allowed 
the authors to narrow down the core microbiome in 
these fermenters to 300  species, which accounted for 
80% of all reads [12]. As a result, researchers are increas-
ingly using multivariate analyses to compare a large num-
ber of operational and physicochemical parameters with 
large DNA-based data sets [2, 13]. A particularly com-
prehensive study on this topic was conducted by Hassa 
et  al., comparing 67 full-scale digesters from 49  similar 
agricultural plants. This study on similar agricultural AD 
systems shows the presence of microbial indicators for 
certain process conditions such as temperature, ammo-
nia and substrate selection [14]. In summary, individual 
studies on the core microbiome and the chemical and/or 
operational factors influencing the taxonomy have been 
carried out for wastewater treatment plants [15, 16], 
agricultural systems [2, 14], AD systems fed with organic 
food waste [17, 18] and AD systems fed with animal 
excrement [19, 20]. Similar to [69], studies that combine 
such a diversity of AD systems with a complete chemical, 
taxonomic and operational data set are required to make 
generalized statements. The present study fills this gap 
as it contributes to the understanding of the microbial 
ecology of a wide range of AD systems and their inter-
action with the operating conditions of the system. The 
results are validated by one of the largest data sets, which 
includes microbial, chemical and operational data from 
80 different AD systems. The obtained results extend the 
basic understanding of the microbiome in AD, highlight 
the key microbial players in the process and analyse how 
different variables influence the underlying microbial 
communities.

Materials and methods
Sample selection and collection
A comprehensive set of 80 samples was taken at 45 sites 
from different full-scale anaerobic digestion plants. 
These reactors have been specially selected to represent 
a variety of different reactor systems, feedstock compo-
sitions and operational conditions such as temperature. 
Sampling took place from August to December 2021. 
A total of 80 distinct digester samples were collected in 
Germany, Austria and the Netherlands (Fig.  1A). The 
Technische Universität Dresden collected the samples 
in Germany and Austria, whereas the samples from the 
Netherlands were collected by Bioclear Earth B.V. In 

both cases, the sampling procedure was based on the 
exact same protocol. Samples for chemical analysis were 
collected in sterile 1-l sampling bottles. Samples for 
metagenomic DNA extraction and sequencing were col-
lected in sterile 50-ml Falcon tubes. In order to preserve 
the DNA and prevent microbial changes, the samples 
were mixed 1:1 with pure ethanol directly upon collec-
tion. Samples for chemical analysis and for 16S rRNA 
gene amplicon sequencing were taken in triplicates. The 
collected samples were stored at − 15 °C to avoid changes 
in the chemical and microbial composition.

Chemical and operational data
Operational data for each biogas plant were provided 
by the respective plant operator, including the operating 
temperature, reactor volume, hydraulic retention time 
(HRT), reactor type, substrate type, substrate quantity, 
years of operation, organic loading rate (OLR), additives, 
biogas yield, methane content, energy production and 
usage. An overview of the collected data is shown in Sup-
plementary Table 1.

During the sampling phase, some parameters were 
directly measured on-site, including pH, conductiv-
ity, and the oxidation–reduction potential (ORP). The 
remaining chemical parameters were measured both at 
the Technische Universität Dresden and at Bioclear Earth 
B.V. These parameters included total solids (TS), organic 
total solids  (oTS), chemical oxygen demand  (COD), 
ammonium, total Kjeldahl nitrogen  (TKN), FOS/TAC, 
the individual and total organic acids, heavy metals and 
trace elements. All these parameters were determined 
using the appropriate norm [21] and the raw data for 
the chemical parameters are shown in Supplementary 
Table 2. The methods used to analyse the parameters and 
the corresponding instruments and units are shown in 
Supplementary Table 3.

DNA extraction and high‑throughput sequencing
An aliquot of 3  ml of each sample, conserved in etha-
nol, was centrifuged and washed with sterile phosphate 
buffered saline (PBS) at least 3  times or until the super-
natant was clear. DNA was extracted from the result-
ing pellets using the NucleoMag DNA Microbiome Kit 
(Macherey–Nagel, Allentown, PA, USA) with the aid 
of the AutoPure96 robot for the purification step, fol-
lowing manufacturer’s instructions. For cell lysis, the 
washed pellets were transferred to MN type A bead 
tubes, together with 700 µL of Lysis Buffer M1. The sam-
ples were incubated for 5 min at 70 °C and subsequently 
shaken for 10  min using a horizontal vortex. DNA was 
quantified using the Qubit 1 × dsDNA (Thermo Fisher 
Scientific, Waltham, Massachusetts, USA), and samples 
were sequenced by Novogene (Cambridge, UK). The 
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extracted metagenomic DNA was used to amplify the 
hypervariable region V3–V4 of the 16S  ribosomal RNA 
gene. The conserved regions V3 and V4  (470 bp) of the 
16S rRNA gene were amplified using the following PCR 
cycle: initial denaturation at 95 °C for 3 min; 25 cycles of 
amplification (30 s at 95 °C, 30 s at 55 °C, 30 s at 72 °C); 
and 5 min of extension at 72 °C [22]. The following prim-
ers were used: 341F (5′ CCT AYG GGRBGCASCAG 3′) 
and 806R  (5’  GGA CTA CNNGGG TAT CTAAT  3’). The 
amplification was carried out using the KAPA HiFi Hot-
Start ReadyMix PCR kit (KK2602). The 16S rRNA ampli-
cons were mixed with Illumina sequencing barcoded 
adaptors (Nextera XT index kit v2, FC-131-2001), and 
libraries were normalized and merged. The pools with 
indexed amplicons were loaded onto the MiSeq reagent 
cartridge v3 (MS-102-3003) and spiked with 10% PhiX 
control to improve the sequencing quality. Sequencing 

was conducted using paired-end 2 × 250pb or 2 × 300pb 
cycle runs on an Illumina MiSeq device.

Metataxonomic and statistical analysis
The raw Illumina sequences were loaded into Qiime2 (v. 
2021.2.0) [23]. The quality of the sequences was checked 
using the plugin Demux and the Qiime2-integrated 
DADA2 pipeline was used for trimming and joining the 
sequences, removing chimeras and detecting amplicon 
sequence variants (ASVs) (> 99.9% of similarity). The tax-
onomy of each sequence variant was determined with 
the classify-Sklearn module from the feature-classifier 
plugin, employing SILVA (v. 138) [24] as reference data-
bases for taxonomic assignment. Microbiome data were 
analysed with the phyloseq package (v 3.16) in R (v 4.2.3) 
[25]. The abundance of each taxon was correlated to the 
abundance of the rest of the microorganisms. Moreover, 

Fig. 1 Overview of all sampled AD systems. A Location of AD systems sampled in Germany (orange) and the Netherlands (green). B Types of AD 
systems sampled. C Main operational data: temperature (y‑axis) and the average retention time (x‑axis) are shown. The bubble size indicates 
the reactor size and the colours indicate the main substrates in the respective feedstock
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correlations between the microbial community and 
metadata were calculated. Due to the high number of 
taxa detected, the statistical tests were performed over 
the 250  most abundant microorganisms and data were 
agglomerated to genus level. Spearman’s rank correlation 
was used to study quantitative variables (content of nitro-
gen, concentration of acetic acid, etc.) and significant 
correlations were plotted into heatmaps using the Pheat-
map package (v 1.0.12). For these analyses, a normaliza-
tion of the data using the TSS (total-sum scaling) method 
was carried out. Qualitative variables (mesophilic, ther-
mophilic) were analysed using the differential abundance 
test DESeq2 (v 3.16) [26]. Core microbiomes were cal-
culated with the “coremicrobiome” function from the 
microbiome package [27] in R (v 4.2.3), which provides 
a list of the most abundant taxa at certain levels of preva-
lence and abundance, in this case set at 99% prevalence 
and 0.001, 0.01 and 0.1% abundance. Raw sequences were 
deposited in the NCBI (BioProject ID:PRJNA1020035, 
Supplementary Table 5).

Results and discussion
Operational process parameters of the AD systems
80  full-scale anaerobic digesters and related systems 
were investigated based on chemical analyses and DNA 
sequencing as described in the material and methods. 
Moreover, the operational parameters of the individual 
systems were determined. Samples were collected at 
45 sites in the Netherlands, Austria and Germany. Sam-
pling points were evenly distributed in the Netherlands. 
In Germany, the majority of the samples were collected 
in Eastern Germany, Bavaria and North Rhine-West-
phalia. One sample was located in Austria, close to the 
German border (Fig. 1A).

The AD systems analysed varied in terms of reactor 
type and general configuration. As shown in Fig. 1B, over 
50% of all samples were taken from continuously stirred 
tank reactors (CSTRs). This high number of CSTR sam-
ples is explained by the fact that it is the most common 
reactor type in the biogas sector [28]. Although most 
plants are CSTRs, they differ in terms of reactor con-
figurations, size, geometry, and agitation. Some used 
agitators, some used sprinklers, and some even used a 
floating roof, which, according to [4], has the potential 
to stabilize the underlying microbiome. 13% of the sam-
ples were taken from plug flow reactors (PFRs). The PFR 
is designed to allow the feed to flow predominantly axial 
with minimal radial mixing, allowing for optimum resi-
dence time and contact between the feed and the micro-
organisms [29]. 10% of the samples were from industrial 
wastewater treatment plants, most of which used an 
upflow anaerobic sludge blanket reactor (UASB). 6% of 
the samples were taken from two-staged AD systems, 

in which the hydrolysis and the acidogenesis phases run 
separately from the acetogenesis and methanogenesis 
phases to meet the different requirements of the micro-
organisms [30]. In order to cover a wider range of AD 
systems, some rarely occurring digester systems were 
sampled as well. These include leach bed systems, a 
unique positive displacement principle system and sam-
ples from other parts of the reactor system such as the 
secondary fermenter and feedstock. The samples used in 
this study are representative of the most common reactor 
systems in the biogas sector [29].

The AD systems analysed differed not only in terms of 
reactor systems, but also in terms of the collected opera-
tional process parameters (Supplementary Tables 1 & 2). 
Figure 1C shows four important operational parameters 
including temperature, hydraulic retention time, reactor 
volume and main substrate. The process temperature of 
the samples taken was in a wide range between 25 and 
65  °C, but the majority of the samples were between 35 
and 50  °C, at the transition from mesophilic to thermo-
philic temperature. This range is advantageous for the 
process and is in line with other studies on the tempera-
ture of biogas plants [14]. Higher process temperatures 
lead to increased microbial activity and thus more bio-
mass is converted to biogas per unit of time, which is why 
temperatures above 35  °C are beneficial [31]. However, 
increased degradation rates that result from higher tem-
peratures can lead to accelerated release of organic acids 
and other potentially process-inhibiting metabolites [32]. 
The HRTs ranged from one day for the UASB and the 
first stage of the two-stage AD systems to 170 days for the 
conventional CSTRs and secondary digesters. Although 
the range of HRTs is relatively broad, most reactors have 
an HRT between 15 and 60  days. Interestingly, small 
reactors tended to have low HRT, while substrates also 
had an impact on HRTs. In this regard, Fig.  1 C shows 
that organic waste, sewage sludge, and industrial waste-
water had short HRTs of about 20 days, which is consist-
ent with the literature and suggests that these substrates 
can be converted quickly [33]. This is followed by a range 
between 20 and 80  days for energy crops, which tend 
to have higher fibre contents and therefore take longer 
to degrade [34]. The last group are the residual crops 
including grass silage, wheat straw and green waste, 
which required HRTs of 80–180 days due to the high pro-
portion of lignin and fibre components that are difficult 
to degrade [35]. The use of manure and/or sewage sludge 
as a part of the substrate was found in all digesters as it 
is a well-suited seed sludge, which is already enriched in 
some key organisms for the methanogenic biogas pro-
cess [36]. The AD systems investigated in this study show 
a high diversity in terms of substrates used, reactor sys-
tems and operational parameters. In addition to the main 
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substrates mentioned above, rare cases with substrates 
such as slaughterhouse waste, grease, industrial waste-
water, supermarket waste, and unique residual materials 
such as sudan grass, sugar beet, millet and manures from 
goats and horses were used (Supplementary Table  1). 
Furthermore, the normalized production of biogas and 
energy are important parameters for evaluating the effi-
ciency of biogas plants. Unfortunately, this data could not 
be obtained from all plant operators, which is why it was 
not possible to obtain clear results due to its incomplete-
ness. All varying parameters mentioned, such as reactor 
systems and configurations, temperature, retention time, 
volume, and feedstock underline the high diversity of the 
presented set of samples. Samples from this study rep-
resent the majority of industrially applied plant types in 
the biogas sector. The combination with the operational, 
chemical and taxonomic data provides one of the most 
comprehensive and diverse data sets on biogas plants to 
date (Supplementary Tables 1 and 2).

Chemical parameters of the AD systems
A comprehensive set of chemical parameters was col-
lected for all the samples analysed in this study (Sup-
plementary Tables  2, 3). Due to the wide variety of 
operational parameters, high variations of the measured 
chemical parameters were observed. Total volatile fatty 
acids (TVFAs) exhibited a large upward scatter, which 
could be explained due to the different systems, their 
specific configurations, varying feeding conditions and 
individual conditions in respect to the physical–chemi-
cal parameters (Fig.  2A). The strong variations of key 
parameters such as VFAs among reactors indicate that 
the sampled reactors bear a high diversity of microbial 
habitats. Generally, one-stage systems are operated and 
designed to keep VFAs as low as possible. In contrast, the 
first stages of two-stage AD reactors have high concen-
trations of VFAs. In such systems, it is aimed to separate 
hydrolysis/acidogenesis from acetogenesis/methanogen-
esis to optimize the respective process conditions. To 
suppress hydrolysis/acidogenesis, the HRT is minimized. 
As a result, VFA concentrations increase and the pH 
drops, which impairs methanogenic archaea and related 
acetogens. This concept has been investigated already 
for 50 years [30] and Holl et al. mention that 50 years of 
research have not led to industrial solutions. This is not 
quite correct, since three industrial two-stage AD sys-
tems were investigated in the present study. However, 
chemical parameters (Supplementary Table  2) revealed 
the presence of methanogenesis in the first stage despite 
high OLRs. To the surprise of the respective plant opera-
tors, the pH was in all cases above 7.0 in all hydrolysis/
acidogenesis stages, which is beneficial for methanogen-
esis. Methane losses in a separated acidification stage 

have also been described by other scientists [37]. One 
of the plant operators highlighted that they had noticed 
high ratios of methane in the hydrolysis/acidification 
stage, which is not expected. The operator tried to pre-
vent this by increasing the OLR further, however, with a 
maximal OLR of 44.6 kg/m−3/d−1, there were still metha-
nogens which indicates, that they were able to adapt due 
to adaptive evolution. A further increase in the OLR 
was not possible without overloading the pumps of the 
respective plants. Thus, the statement by Holl et al. could 
be reformulated in such a way that although several two-
stage industrial-scale plants have already been built, no 
industrial solutions are known that follow the concept of 
a two-stage biogas plant in terms of process technology. 
Apart from two-stage AD systems, high VFA concentra-
tions were also observed in PFR. Although these reactors 
are not considered classical two-stage systems, they still 
have high levels of VFAs due to the high OLR. For this 
reason, all PFR sampled in this study have a downstream 
methane stage to increase the degradation efficiency.

Despite the large upward scatter for VFAs, most digest-
ers had a rather low concentration of VFAs. Therefore, 
it can be assumed that there is no significant inhibition 
of the methanogenic activity due to VFAs. The average 
acetate concentration was 1373 mg/l, which is far below 
inhibiting conditions of ~ 2400  mg/l for one-stage sys-
tems [38]. Despite maximum OLR and high VFA con-
centrations in two-stage systems, long-term inhibition of 
methanogenesis was not observed there. The threshold 
mentioned by Franke-Whittle et al. is therefore depend-
ent on the type of plant and the degree of adaptation of 
methanogenic archaea. The average butyrate concentra-
tion was 52 mg/l, well below inhibiting conditions, which 
start at 1800 mg/l. Propionic acid was the VFA that was 
closest to an inhibiting range, with an average concentra-
tion of 716 mg/l (inhibition starts at 900 mg/l) [38, 39]. 
All other parameters showed lower deviations and thus 
a lower dispersion of the distributions of the 25–75% 
quantile but with a tendency towards higher values. It 
must be emphasized that the values at which inhibition 
occurs vary depending on many factors, for example, due 
to microbial adaptations and the degree of protonation of 
the VFA salts.

A wide dispersion can be also observed for the total 
COD, the COD from the solid’s fractions, as well as for 
the total inorganic carbon, Ca, K and P. According to the 
literature, these parameters are strongly influenced by 
the OLR, which means mainly by the substrate, the sub-
strate quantities and the hydraulic retention time [40]. In 
contrast, the quantile for COD liquid, volatile fatty acids 
determined by two-point titration (FOS), total nitrogen 
according to Kjeldahl (TKN), ammonia and all other 
trace elements is narrow. Strong deviations from the 
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Fig. 2 A Boxplots depicting the concentration of the main chemical parameters. Box size indicates the distribution of values between 25 and 75% 
of the values. B Spearman correlation analysis comparing the chemical variables. Positive correlations (i.e. positive Spearman’s rank correlation coefficients) 
are highlighted in red, negative correlations are highlighted in blue and the black dots indicate whether the respective correlation is significant
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norm of these parameter values are often accompanied 
by process interruptions. Therefore, these parameters 
are intended to be kept constantly low [41]. Furthermore, 
most of them are limited by physicochemical effects 
such as solubility limits, precipitation and pH depend-
ence. In addition to the parameters shown in Fig. 2, the 
following additional parameters were determined and 
presented as the mean with a standard deviation of all 
samples: pH = 7.6 ± 0.4; ORP = −  374  mV ± 77; conduc-
tivity = 16.6  µS/cm ± 8.5; total solids (TS) = 10.1% ± 6.7; 
and total organic solids (oTS) = 6.5% ± 3 (Supplementary 
Table 2). Compared to the literature, it is noticeable that 
the values for total COD and COD solids as well as TS 
and oTS are comparatively high and more variable [42] 
which can be explained by the predominant utilization 
of plant-based materials like energy crops and residual 
crops in agricultural biogas plants [43]. The correla-
tion between high TS and high COD has been demon-
strated using a Spearman correlation analysis (Fig.  2B) 
and is consistent with the literature [44]. It is striking 
that there are predominantly significant positive corre-
lations among most of the parameters (Fig.  2B), which 
can be explained by the cascade nature of the process in 
which different processes build on each other [45]. These 
positive correlations include dependencies between the 
individual VFAs, which can be explained by the fact that 
VFAs are degraded stepwise from medium-length fatty 
acids to short-chain organic acids [46, 47]. In addition, 
acids correlate positively with COD, TS, oTS and TKN. 
All of these parameters are indicators of nutrient avail-
ability, so it is reasonable to assume that an increase in 
nutrient availability will also lead to an increase in hydro-
lytic activity and the formation of more VFAs. All values 
that directly or indirectly indicate the amount of organic 
matter, such as COD, TS, and oTS, correlate positively 
with TKN and the trace elements P, S, Mg and K. Both 
trace substances and nitrogen naturally occur in the sub-
strate, especially in manure and plant components, thus 
explaining this correlation. In particular, high levels of 
these elements can be detected in the solid components. 
The trace elements Ni, Mn and Mo also showed signifi-
cant positive correlations with each other. As many plant 
operators use additives containing these trace elements, 
this correlation can be justified by that. Negative cor-
relations between chemical variables mainly concerned 
the site parameters, i.e. pH, conductivity and ORP, with 
only the ORP showing significant negative correlations. 
Overall, the chemical data confirm that the samples 
constitute a very heterogeneous data set. In particular, 
parameters such as organic acids, COD and some trace 
elements showed a wide range of possible values, display-
ing many significant positive correlations according to 

the Spearman correlation analysis, but without exceeding 
the inhibition values indicated in the literature.

Taxonomic profiling of the AD systems
A total of 42,939 different amplicon sequence variants 
(ASVs) were detected in the entire dataset, accounting 
for 1858 genera and 61 phyla. The average richness and 
Shannon indices at the ASV level were 1019.13 ± 279.65 
and 4.43 ± 0.76, respectively. At the phylum level, the 
average AD reactor was dominated by Bacillota (53.5%) 
followed by Bacteroidota (10.0%) and the archaeal phy-
lum Euryarchaeota (10.1%). Actinomycetota (6.4%), 
Pseudomonadota (previously Proteobacteria) (5.2%), Syn-
ergistota (5.3%) and Chloroflexi (3.0%) were also detected 
in lower abundances (Fig. 3C). These results are consist-
ent with previous findings reporting that Bacteroidota 
and Bacillota, especially Clostridia and Bacilli classes 
dominate AD processes [48, 49]. Pseudomonadota and 
Synergistetes phyla are usually found in lower abun-
dances but are still prevalent [48], as well as Acidobac-
teria, Actinomycetota and Chloroflexi. In our samples, 
four phyla covered 80% of the average population and six 
phyla covered 90% of the average population. 

At the genus level, taxonomic profiles were domi-
nated by MBA03 (9.3%), followed by Proteiniphilum 
(5.6%), Gallicola (4.6%) and Clostridium sensu stricto 
(3.9%) (Fig.  3A). Other abundant genera were Acetomi-
crobium, an uncultured Dethiobacteraceae, Syntrophace-
ticus, DTU014 and Caldicoprobacter, which were also 
present in the core microbiome (Fig.  3D, Supplemen-
tary Table  4A). Archaea represented nearly 10% of the 
total microorganisms in the samples, with a maximum 
abundance of 48% in one sample. Methanosarcina was 
on average the most abundant archaeal genera (4.8%) 
(Fig.  3B). This genus was detected in 78/80  samples, 
indicating a high prevalence in full-scale reactors. Other 
abundant archaea were Methanothrix (1.9%), Methanoc-
ulleus (0.9%) and Methanothermobacter (0.9%) (Supple-
mentary Table 4A). It is important to highlight that some 
archaeal genera were assigned to phylum Halobacterota 
according to the SILVA database (v. 138) [24], while the 
“List of Prokaryotic names with Standing in Nomencla-
ture” (LPSN) [50] classifies them as members of the phy-
lum Euryarchaeota. In these cases, the taxonomy was 
manually corrected to match de LPSN criteria.

Previous studies have identified members of the 
orders Methanosarcinales, Methanobacteriales and 
Methanomicrobiales as the dominating methanogenic 
archaea in AD systems [48, 51] Moreover, Methano-
sarcinales occurs in the core microbiome and can be 
detected in averages up to 5% [52]. According to the 
results, the MBA03 genera and Caldicoprobacter from 
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the Bacillota phylum, the genus Proteiniphilum from 
the Bacteroidota phylum, and an uncultured organ-
ism from Dethiobacteraceae family compose the core 
microbiome of anaerobic digesters, as they are present 
in 100% of the processed samples with an abundance 
higher than 0.1% (Fig. 3D). When looking at the func-
tions of the detected core bacteria in AD, two main 
roles can be identified. On one hand, the microorgan-
isms of the MBA03 genera, the DTU14 genera and 
a genus of the Dethiobacteraceae family show high 
ammonia tolerance and syntrophic acetate oxidation 
(SAO) activities, thus contributing to hydrogenotrophic 
methanogenesis [8]. On the other hand, MBA03, Cal-
dicoprobacter, Proteiniphilum, Acetomicrobium and 
Defluviitoga show mainly hydrolytic activities [8, 53]. 
MBA03 and Defluviitoga can degrade complex carbo-
hydrates such as xylan, cellulose and lignocellulose [54, 

55]. Proteiniphilum and Acetomicrobium can degrade 
both peptides and complex carbohydrates [8, 56, 57], 
and Caldicoprobacter is considered to have the ability 
to hydrolyse lipids, peptides and carbohydrates [58]. It 
must be highlighted that MBA03 is the only taxon that 
performs both major functions in the system, display-
ing both syntrophic acetate oxidation (SAO) and cel-
lulolytic and xylanolytic activities, potentially playing a 
key role in AD systems. [8, 54, 59].

Multivariate Spearman correlation analysis
In this study, Spearman correlation analysis showed 
many associations between microorganisms and the 
analysed chemical variables, whereas for the operational 
parameters, only temperature and substrate amounts 
showed significant correlations with the taxonomic pro-
files (Fig. 4, Supplementary Table 4B).

Fig. 3 Illustration of the highest relative abundance for all samples on average at genus level for bacteria (A), genus level for archaea (B) 
and phylum level for bacteria and archaea (C). Visualisation of the core micobiome present in all samples with a minimum abundance of 0.1 %, 0.01 
% and 0.001 % (D)
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Hierarchical clustering revealed two distinct clusters 
of microorganisms showing similar trends concern-
ing chemical variables. The first cluster showed a higher 
number of bacteria belonging to phyla Pseudomonadota, 
Actinomycetota, Chloroflexi and Bacteroidota, report-
ing negative correlations with all the organic acids, 
nitrogen and COD. These bacterial genera are involved 
in hydrolysis by degrading complex molecules such as 
chitin, peptide, lignocellulose and/or cellulose [8, 60]. 
When acidogenesis begins after the hydrolytic reactions, 
the concentration of organic acid begins to increase, 
while the concentration of complex macromolecules 
decreases. Consequently, the abundance of these bacte-
ria may decrease accordingly. Both phyla, Chloroflexi and 
Bacteroidota are known to be typical acidogenic classes 
with hydrolytic activity, capable of metabolizing simple 
compounds such as amino acids, glycerol, glucose and 
complex polysaccharides [8, 61, 62]. Within Bacteroi-
dota, a higher presence of the Paludibacteraceae family 
(i.e. Paludibacter) has been reported in the earlier steps 
of AD processes [8]. Members of the Anaerolineaceae 
family (i.e. Longilinea, Anaerolinea), which is the most 
abundant in the Chloroflexales order, metabolize poly-
saccharides such as pectin and xylan and produce acetic 
and lactic acid and hydrogen [63]. Some microorganisms 
belonging to the Bacillota phylum, such as Gallicola, 
were also found in the first cluster, negatively correlating 
with organic acids. These non-saccharolytic genera can 
metabolize peptone and amino acids to organic acids [8, 
64, 65]. There may be two reasons for this negative cor-
relation: first, Gallicola can occur in a small window of 
organic acid concentration, and with increased organic 
acid content, the activity decreases. Second, Gallicola 
only metabolizes peptides, so its occurrence is limited by 
the presence of peptides [64].

The second cluster of microorganisms showed positive 
correlations with organic acids (i.e. acetic acid, butyric 
acid and iso-butyric acid), ammonia, nitrogen, COD, 
substrate quantities and negative correlations with Fe, P 
and Mo. Despite being close to the inhibition point, pro-
pionic acid has no significant positive or negative correla-
tion with the shown microorganisms. According to some 
studies, the Syntrophaceticus genera, MBA03, DTU014 
and the Dethiobacteraceae family within the Bacil-
lota phylum are potential syntrophic acetate oxidizing 

bacteria (SAOB) [66–68]. Therefore, these bacteria would 
oxidize acetate to  CO2 and  H2, which would then be used 
to produce methane by hydrogenotrophic archaea. In 
addition, the orders DTU014 and MBA03 and members 
of the Dethiobacteraceae family have been reported to 
increase their abundance with the progression of AD [8], 
which fits with the hypothesis that the genera in the first 
cluster represent microorganisms performing hydroly-
sis and acidogenesis. In contrast, the microorganisms in 
the second cluster are involved in the steps closer to ace-
togenesis and methanogenesis.

Spearman correlation analysis with taxonomic data 
showed which prokaryotes were influenced by the abun-
dance of other microorganisms, providing relevant 
information about the relationship between taxa during 
the AD processes (Fig. 5, Supplementary Table 4C). The 
Methanothermobacter genera, Methanoculleus genera 
and Methanosarcina genera, which are hydrogenotrophic 
methanogens [48], positively correlated with potential 
SAOB, such as DTU014, MBA03, Syntrophaceticus and 
Dethiobacter, forming a cluster (Fig. 5), whereas Methan-
othrix, an acetoclastic methanogen, negatively correlated 
with these bacterial genera. This supports the hypothesis 
that the abundance of SAOB is tightly related to hydrog-
enotrophic archaea; these bacteria would compete for 
acetate with acetoclastic methanogens and use acetate 
to generate hydrogen, thus producing a shift of the bal-
ance towards hydrogenotrophic methanogenesis [48, 
69]. The above explanation makes sense if you consider 
Methanothrix as an acetoclastic methane producer. How-
ever, it is important to emphasize that a switch from ace-
toclastic metabolism to hydrogenotrophic metabolism 
has recently been described for Methanothrix [70]. The 
relationships described above could therefore be more 
complex. 

Most Chloroflexota genera, mainly dominated by the 
Anaerolineaceae family, negatively correlated with the 
genera in the cluster of syntrophs (DTU014, MBA03, 
Syntrophaceticus, Clostridium sensu stricto 1), while 
displaying positive correlations with Christensenel-
laceae-R7-group and Gallicola. Some bacteria within 
the syntrophic cluster were also positively correlated 
with temperature (Fig.  4), indicating that their growth 
is favoured in thermophilic conditions. In this sense, 
members of class Clostridia are known to be more 

(See figure on next page.)
Fig. 4 Spearman correlation analysis of 66 genera showing at least 14 correlations with chemical variables were plotted in a heatmap using 
the complete linkage method for hierarchical clustering. In this heatmap, red colours represent positive correlations and blue colours represent 
negative Spearman correlations. The full description of all the correlations detected is shown in Supplementary Table 4B. All the correlations 
plotted are significant (p‑value < 0.05). Halobacterota is highlighted because the Silva database incorrectly assigns the methanogen Methanoculleus 
to the genus
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Fig. 4 (See legend on previous page.)
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abundant in high temperatures and increasing ammo-
nia levels [71]. Although high levels of ammonia can 
cause the inhibition of the process, SAOB seemed to 
be particularly tolerant to ammonia (Fig.  4), and this 
may result in a shift to hydrogenotrophic methano-
genesis since these methanogens grow in syntrophy 
with SAOBs [48]. Interestingly, other authors have also 
reported positive correlations between ammonia and 
hydrogenotrophic methanogens and SAOB [69, 71].

Influence of temperature and nitrogen content 
on the microbiome
Both temperature and ammonia variables were used 
as categorical variables for further comparisons. As 
reported by several authors, a reactor was considered 
“mesophilic” when displaying operational temperatures 
up to 45  ºC, and “thermophilic” if the temperature was 
above 45 ºC [48, 72].

In total, 41  genera were significantly more abundant 
in thermophilic conditions, while 171 increased their 
abundance in mesophilic conditions (Supplementary 
Table  4D). Different archaea, such as Methanomethylo-
vorans, Methanothrix (previously Methanosaeta), Metha-
nolinea and Methanospirillum, were more abundant in 
mesophilic conditions. The methanogenic community 
is especially sensitive to process instability [48, 73], and 
thermophilic reactors have been reported previously 
to be less stable in comparison to mesophilic ones [74]. 
Moreover, the Fastidiosipila genera and the Petrimonas 
genera were more abundant in mesophilic conditions, 
which is consistent with previous reports [53]. Accord-
ing to the results obtained (Fig.  4), the most abundant 
microorganisms in thermophilic conditions belong to the 
Bacillota phylum (70% of them to class Clostridia). Spe-
cifically, thermophilic reactors were enriched in MBA03, 

Fig. 5 Correlations between the most abundant 30 bacteria and 10 archaea. The different shades of purple show the value of the correlation 
(legend below), while the size of the dot shows the significance of the correlation. The full description of all the correlations detected is shown 
in Supplementary Table 4C
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DTU014, Syntrophaceticus, Lentimicrobium, Defluviitoga 
and Tepidimicrobium (Supplementary Fig. 1).

It is well known that high amounts of nitrogen, espe-
cially ammonia, can inhibit the AD process [75, 76]. 
However, there is no consensus on the concentration 
above which this molecule negatively affects biogas pro-
duction, as the ammonia concentration depends on the 
pH value, the temperature and the processing state of 
the ammonia, which in turn depends on the substrate 
and the underlying microbiome. Some authors have 
reported that a critical threshold concentration of ammo-
nia, which causes first inhibition and subsequently tox-
icity is between 1500 and 7000  mg/l [75]. To prove the 
effect of ammonia levels on the microbial community, 
the quantitative variable was divided into “low ammonia 
content” for values up to 5000 mg/l and “high ammonia 
content” for values above 5000 mg/l and the differential 
abundance in both situations was calculated (Supple-
mentary Table 4E). In low ammonia conditions, a higher 
abundance of archaeal genera (such as Methanosarcina, 
Methanothrix, Methanospirillum, Methanoplasma or 
Methanolinea) was detected. There is previous evidence 
that high ammonia conditions can affect the whole 
microbial community, but methanogenic archaea are the 
ones which suffer this stress the most, particularly ace-
toclastic methanogens [69, 77]. Regarding the bacterial 
community, Clostridium sensu stricto  1, Proteiniphilum 
and Defluviitoga, among others, were more abundant in 
reactors with ammonia concentrations above 5000 mg/l 
(Supplementary Fig. 2). Both Clostridium sensu stricto 1 
and Proteiniphilum have been reported to be abundant in 
high ammonia conditions [77, 78]. This could be due to 
their main ability to degrade proteins/amino acids [8]. In 
addition, Acetomicrobium, Christensenellaceae R7 group 
and Gallicola were more abundant in lower ammonia 
conditions (Supplementary Fig. 2).

Relation between microbial, operational and site‑related 
factors
To study the relationship between the microbial com-
munities and the substrates used in AD, the feedstocks 
were divided into three different groups, based on their 
chemical composition [32]: organic biological waste 
(cluster “biowaste”), energy crops and agricultural 
animal waste (cluster “agricultural waste”) and waste-
water sludge and industrial wastes (cluster “industrial 
waste”). It is important to highlight that the feedstocks 
used in full-scale reactors are a mixture of substrates 
from different sources, which complicated the analy-
sis. However, some relevant conclusions were obtained. 
The Pseudomonadota phylum was more abundant in 
the AD systems inoculated with substrates coming 
from industrial waste, this phylum has been previously 

related to UASB reactors treating sludges [48]. Moreo-
ver, some core genera such as MBA03 and UCG-010, 
together with the hydrogenotrophic archaea Metha-
noculleus showed higher abundances in agricultural 
wastes and biowaste-based feedstock. In contrast, 
Syntrophaceticus, Clostridium sensu stricto 1 and the 
hydrogenotrophic archaea Methanothermobacter were 
more abundant in substrates from agricultural origins 
(Supplementary Fig.  4) which was previously reported 
in the literature [79].

The operational design of the AD process is another 
factor affecting the resulting microbial community and 
the final biogas yield. Different parameters, such as 
shear, granule formation, hydraulic retention time, liquid 
upflow velocity or feed rate [80] can be determined for 
one microbial community to find their optimal condi-
tions for growth. Regarding reactor type, the most com-
mon ones among the samples were continuously stirred 
tank reactors (CSTR; 44  samples), plug flow digest-
ers (PFD, 10  samples), upflow anaerobic sludge blanket 
digesters (UASB; 8  samples) and two-stage AD reactors 
with hydrolysis (5  samples). The differential expression 
analysis revealed that Syntrophaceticus and Caldicopro-
bacter were overexpressed in CSTRs, Coprothermobacter 
was overexpressed in PFRs, while other microorganisms 
present in the core microbiome, such as Fastidiosipila, 
Gallicola and Christensenellaceae R7 group were more 
abundant in UASB digesters (Supplementary Fig.  5). 
Two hydrogenotrophic archaea, Methanothermobacter 
and Methanolinea, were overexpressed in CSTRs and 
two-stage reactors, respectively, while Methanothrix 
was more abundant in UASB reactors. Genera from the 
Pseudomonadota phylum were particularly abundant in 
UASB, which is in line with the results obtained for sub-
strates coming from industrial wastes and with previous 
developments [81].

Statistical differences were found in the taxonomic 
profiles between Dutch and German digesters (Supple-
mentary Fig. 6, Supplementary Table 6). This could have 
several reasons (i.e. unequal sampling of the different 
reactor types or differences in the substrates) and should 
be investigated in the future.

Limitations and outlook
Despite research efforts made in recent years, AD is still 
a microbial black box due to the complexity of micro-
bial transformations, and interactions, the variability 
of process designs, and the high number of operational 
and chemical variables that affect the underlying micro-
biomes. For this reason, the present study faced three 
challenges. First, the substrates used in full-scale reactors 
were diverse and complex, consisting mainly of mixtures 
of different feedstocks in unknown proportions, which 
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made it difficult to determine the true influence of each 
substrate on the AD microbiomes. Moreover, this study 
focused on studying bacteria and archaea, but viruses, 
protozoa or anaerobic fungi, are also important members 
of the AD microbiomes and their role in industrial biogas 
production should be addressed in future works. Finally, 
it must be highlighted that not all the industrial plant 
operators measured and evaluated the relevant opera-
tional parameters like methane content, biogas yield, etc., 
which makes it difficult to compare. This prevented the 
establishment of correlations between methane produc-
tion/efficiency and the various chemical, taxonomic and 
operational parameters.

Conclusions
The core microbiome of 80 full-scale anaerobic digest-
ers consisted of MBA03, Proteiniphilum, a member of 
Dethiobacteraceae and Caldicoprobacter. Methanosar-
cina was detected in 98% of the samples. Based on Spear-
man analyses of the multivariate data sets, different 
clusters of microorganisms were identified. For the purely 
taxonomic analysis, two exclusive clusters of microorgan-
isms were identified: one group included microorgan-
isms associated with acetoclastic archaea, while another 
group was associated with hydrogenotrophic archaea 
and related to syntrophic acetate-oxidizing bacteria. 
However, the multivariate analysis based on the taxo-
nomic and chemical parameters revealed two exclusive 
microbial clusters: one including hydrolytic and acido-
genic microorganisms, and the other comprising bacteria 
related to acetogenesis (i.e. syntrophic acetate-oxidizing 
bacteria). In particular, the chemical parameters organic 
acids, ammonia, total nitrogen, chemical oxygen demand, 
the trace elements Fe, Mo and the macronutrient P sig-
nificantly influenced the formation of the respective AD 
microbiome. Among the operational parameters, tem-
perature, reactor type, substrate composition and quan-
tity have a major influence on the microbiome, but only 
on the formation of certain microorganisms in the AD 
system. Further, the reactor type with separate acidifica-
tion stood out due to its unexpected behaviour. Despite 
maximizing the organic loading rate in the hydrolytic 
pretreatments, these stages converted into extremely 
robust methane production units. Microbial clusters 
were generally highly dynamic depending on whether 
taxonomic, chemical or operational parameters were 
combined. Overall, this work identifies the most impor-
tant microbial players for a wide range of AD systems.

Abbreviations
ASV  Amplicon sequence variants
CSTR  Continuous stirred tank reactor
min  Minutes
OLR  Organic loading rate
OTU  Operational taxonomic unit

PCR  Polymerase chain reaction
PFR  Plug flow reactor
SAOB  Syntrophic acetate oxidizing bacteria
UASB  Upflow anaerobic sludge blanket reactor
TSS  Total‑sum scaling

Supplementary Information
The online version contains supplementary material available at https:// doi. 
org/ 10. 1186/ s13068‑ 024‑ 02525‑1.

Supplementary file 1: Supplementary Figure 1. Differential expression of 
eight bacterial genera in different temperature conditions. Blue represents 
mesophilic condition (<45 ºC) and pink represents thermophilic condition 
(≥45 ºC). The statistical analysis was performed with DESeq2 in RStudio.

Supplementary file 2: Supplementary Figure 2. Differential expression of 
six bacterial genera in reactors with different nitrogen content. Yellow 
represents high ammonia content (>5000 mg/l) and green represents low 
ammonia content (<5000 mg/l). The statistical analysis was performed 
with DESeq2 in RStudio.

Supplementary file 3: Supplementary Figure 3. Relative abundance of 
archaea and bacteria in the processed samples.

Supplementary file 4: Supplementary Figure 4. PCoA analysis of the three 
substrate groups (A) and different reactor types (B). The low p‑value 
(p‑value=0.001) obtained with the PERMANOVA test (Adonis2) shows 
that there is a significant difference between the groups. Both tests were 
performed in RStudio.

Supplementary file 5: Supplementary Figure 5. Most abundant genera in 
each reactor type.

Supplementary file 6: Supplementary Figure 6. Most abundant genera in 
each country, discovering country‑specific microbiomes.

Supplementary file 7: Supplementary Tables 1‑3. All metadata.

Supplementary file 8: Supplementary Tables 4A‑F. All multivariate analysis.

Supplementary file 9: Supplementary Table 5. Sequence IDs of uploaded 
bioprojects.

Supplementary file 10: Supplementary Table 6. Country‑specific compari‑
son between Germany and the Netherlands. Differential analysis between 
both groups.

Acknowledgements
All authors are grateful for financial support from the European Union (MICRO‑
4BIOGAS project with reference ID101000470 funded by the European Union’s 
Horizon 2020 research and innovation programme).

Author contributions
All authors contributed to the conception, design and methodology of the 
study. PO, CA JT, and SV performed the sampling and generated the chemical 
and operational data. RPR, AOL, ALP, JP, and KT carried out the 16 s rRNA analy‑
sis, metataxonomics and multivariate analysis. PO and RPP wrote and revised 
the main manuscript and prepared the figures, and all authors revised earlier 
versions. All authors read and approved the final version of the manuscript.

Funding
Open Access funding enabled and organized by Projekt DEAL. Financial 
support from the European Union (MICRO4BIOGAS project with reference 
ID101000470 funded by the European Union’s Horizon 2020 research and 
innovation programme) is acknowledged.

Availability of data and materials
Raw sequences were deposited in the NCBI (BioProject ID: PRJNA1020035). 
All other data generated or analysed during the trial are included in this 
published paper.

https://doi.org/10.1186/s13068-024-02525-1
https://doi.org/10.1186/s13068-024-02525-1


Page 15 of 17Otto et al. Biotechnology for Biofuels and Bioproducts           (2024) 17:84  

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Author details
1 Institute of Waste Management and Circular Economy, Technische Universität 
Dresden, Pirna, Germany. 2 Darwin Bioprospecting Excellence, S.L. Parc Cientific 
Universitat de Valencia, Paterna, Valencia, Spain. 3 Bioclear Earth B.V., Groningen, 
The Netherlands. 4 Institute for Integrative Systems Biology I2SysBio, (University 
of Valencia ‑ CSIC), Paterna, Spain. 5 Chair of Circular Economy, Brandenbur‑
gische Technische Universität Cottbus‑Senftenberg, Lehrgebäude 4A R2.25, 
Siemens‑Halske‑Ring 8, 03046 Cottbus, Germany. 

Received: 12 January 2024   Accepted: 30 May 2024

References
 1. Golberg A, Sack M, Teissie J, Pataro G, Pliquett U, Saulis G, et al. Energy‑

efficient biomass processing with pulsed electric fields for bioeconomy 
and sustainable development. Biotechnol Biofuels. 2016;9:94. https:// doi. 
org/ 10. 1186/ s13068‑ 016‑ 0508‑z.

 2. Hassa J, Maus I, Off S, Pühler A, Scherer P, Klocke M, Schlüter A. Metage‑
nome, metatranscriptome, and metaproteome approaches unraveled 
compositions and functional relationships of microbial communities 
residing in biogas plants. Appl Microbiol Biotechnol. 2018;102:5045–63. 
https:// doi. org/ 10. 1007/ s00253‑ 018‑ 8976‑7.

 3. Zhang Q, Hu J, Lee D‑J. Biogas from anaerobic digestion processes: 
research updates. Renewable Energy. 2016;98:108–19. https:// doi. org/ 10. 
1016/j. renene. 2016. 02. 029.

 4. Weiland P. Biogas production: current state and perspectives. Appl 
Microbiol Biotechnol. 2010;85:849–60. https:// doi. org/ 10. 1007/ 
s00253‑ 009‑ 2246‑7.

 5. Leng L, Yang P, Singh S, Zhuang H, Xu L, Chen W‑H, et al. A review on the 
bioenergetics of anaerobic microbial metabolism close to the thermo‑
dynamic limits and its implications for digestion applications. Bioresour 
Technol. 2018;247:1095–106. https:// doi. org/ 10. 1016/j. biort ech. 2017. 09. 
103.

 6. de Vrieze J, Raport L, Roume H, Vilchez‑Vargas R, Jáuregui R, Pieper DH, 
Boon N. The full‑scale anaerobic digestion microbiome is represented by 
specific marker populations. Water Res. 2016;104:101–10. https:// doi. org/ 
10. 1016/j. watres. 2016. 08. 008.

 7. Söhngen C, Bunk B, Podstawka A, Gleim D, Overmann J. BacDive–the 
bacterial diversity metadatabase. Nucleic Acids Res. 2014;42:D592–9. 
https:// doi. org/ 10. 1093/ nar/ gkt10 58.

 8. Perman E, Schnürer A, Björn A, Moestedt J. Serial anaerobic digestion 
improves protein degradation and biogas production from mixed food 
waste. Biomass Bioenerg. 2022;161: 106478. https:// doi. org/ 10. 1016/j. 
biomb ioe. 2022. 106478.

 9. Abendroth C, Vilanova C, Günther T, Luschnig O, Porcar M. Eubacteria 
and archaea communities in seven mesophile anaerobic digester 
plants in Germany. Biotechnol Biofuels. 2015;8:87. https:// doi. org/ 10. 
1186/ s13068‑ 015‑ 0271‑6.

 10. Puig‑Castellví F, Cardona L, Jouan‑Rimbaud Bouveresse D, Cordella 
CBY, Mazéas L, Rutledge DN, Chapleur O. Assessment of the microbial 
interplay during anaerobic co‑digestion of wastewater sludge using 
common components analysis. PLoS ONE. 2020;15: e0232324. https:// 
doi. org/ 10. 1371/ journ al. pone. 02323 24.

 11. Calusinska M, Goux X, Fossépré M, Muller EEL, Wilmes P, Delfosse 
P. A year of monitoring 20 mesophilic full‑scale bioreactors reveals 
the existence of stable but different core microbiomes in bio‑waste 

and wastewater anaerobic digestion systems. Biotechnol Biofuels. 
2018;11:196. https:// doi. org/ 10. 1186/ s13068‑ 018‑ 1195‑8.

 12. Kirkegaard RH, McIlroy SJ, Kristensen JM, Nierychlo M, Karst SM, Due‑
holm MS, et al. The impact of immigration on microbial community 
composition in full‑scale anaerobic digesters. Sci Rep. 2017;7:9343. 
https:// doi. org/ 10. 1038/ s41598‑ 017‑ 09303‑0.

 13. Nelson MC, Morrison M, Yu Z. A meta‑analysis of the microbial diversity 
observed in anaerobic digesters. Biores Technol. 2011;102:3730–9. 
https:// doi. org/ 10. 1016/j. biort ech. 2010. 11. 119.

 14. Hassa J, Klang J, Benndorf D, Pohl M, Hülsemann B, Mächtig T, et al. 
Indicative marker microbiome structures deduced from the taxonomic 
inventory of 67 full‑scale anaerobic digesters of 49 agricultural biogas 
plants. Microorganisms. 2021. https:// doi. org/ 10. 3390/ micro organ 
isms9 071457.

 15. McIlroy SJ, Kirkegaard RH, McIlroy B, Nierychlo M, Kristensen JM, Karst 
SM, et al. MiDAS 2.0: an ecosystem‑specific taxonomy and online data‑
base for the organisms of wastewater treatment systems expanded for 
anaerobic digester groups. Database. 2017. https:// doi. org/ 10. 1093/ 
datab ase/ bax016.

 16. Kim J, Kim W, Lee C. Absolute dominance of hydrogenotrophic metha‑
nogens in full‑scale anaerobic sewage sludge digesters. J Environ Sci. 
2013;25:2272–80. https:// doi. org/ 10. 1016/ S1001‑ 0742(12) 60299‑X.

 17. Li J, Rui J, Yao M, Zhang S, Yan X, Wang Y, et al. Substrate type and 
free ammonia determine bacterial community structure in full‑scale 
mesophilic anaerobic digesters treating cattle or Swine manure. Front 
Microbiol. 2015;6:1337. https:// doi. org/ 10. 3389/ fmicb. 2015. 01337.

 18. Wilkins D, Lu X‑Y, Shen Z, Chen J, Lee PKH. Pyrosequencing of mcrA 
and archaeal 16S rRNA genes reveals diversity and substrate prefer‑
ences of methanogen communities in anaerobic digesters. Appl Envi‑
ron Microbiol. 2015;81:604–13. https:// doi. org/ 10. 1128/ AEM. 02566‑ 14.

 19. Pampillón‑González L, Ortiz‑Cornejo NL, Luna‑Guido M, Dendooven 
L, Navarro‑Noya YE. Archaeal and bacterial community structure in an 
anaerobic digestion reactor (Lagoon type) used for biogas production 
at a pig farm. J Mol Microbiol Biotechnol. 2017;27:306–17. https:// doi. 
org/ 10. 1159/ 00047 9108.

 20. Wolters B, Ding G‑C, Kreuzig R, Smalla K. Full‑scale mesophilic biogas 
plants using manure as C‑source: bacterial community shifts along 
the process cause changes in the abundance of resistance genes and 
mobile genetic elements. FEMS Microbiol Ecol. 2016. https:// doi. org/ 
10. 1093/ femsec/ fiv163.

 21. VDI‑Gesellschaft Energie und Umwelt. Fermentation of Organic Materi‑
als—Characterization of the Substrate, Sampling, Collection of Material 
Data, Fermentation Tests 2016. Berlin, Germany: Beuth Verlag GmbH

 22. Satari L, Guillén A, Vidal‑Verdú À, Porcar M. The wasted chewing 
gum bacteriome. Sci Rep. 2020;10:16846. https:// doi. org/ 10. 1038/ 
s41598‑ 020‑ 73913‑4.

 23. Bolyen E, Rideout JR, Dillon MR, Bokulich NA, Abnet CC, Al‑Ghalith GA, 
et al. Reproducible, interactive, scalable and extensible microbiome 
data science using QIIME 2. Nat Biotechnol. 2019;37:852–7. https:// doi. 
org/ 10. 1038/ s41587‑ 019‑ 0209‑9.

 24. Quast C, Pruesse E, Yilmaz P, Gerken J, Schweer T, Yarza P, et al. The 
SILVA ribosomal RNA gene database project: improved data processing 
and web‑based tools. Nucleic Acids Res. 2013;41:D590–6. https:// doi. 
org/ 10. 1093/ nar/ gks12 19.

 25. McMurdie PJ, Holmes S. phyloseq: an R package for reproducible interac‑
tive analysis and graphics of microbiome census data. PLoS ONE. 2013;8: 
e61217. https:// doi. org/ 10. 1371/ journ al. pone. 00612 17.

 26. Love MI, Huber W, Anders S. Moderated estimation of fold change and 
dispersion for RNA‑seq data with DESeq2. Genome Biol. 2014;15:550. 
https:// doi. org/ 10. 1186/ s13059‑ 014‑ 0550‑8.

 27. Lahti L, Shetty S. Salojarvi J microbiome R package. 2017. https:// doi. org/ 
10. 18129/ B9. bioc. micro biome.

 28. European Biogas Association. Statistical Report of the European Biogas 
Association 2021. Brussels; 2021.

 29. Nasir IM, Mohd Ghazi TI, Omar R. Anaerobic digestion technology in 
livestock manure treatment for biogas production: a review. Eng Life Sci. 
2012;12:258–69. https:// doi. org/ 10. 1002/ elsc. 20110 0150.

 30. Holl E, Steinbrenner J, Merkle W, Krümpel J, Lansing S, Baier U, et al. Two‑
stage anaerobic digestion: state of technology and perspective roles in 
future energy systems. Biores Technol. 2022;360: 127633. https:// doi. org/ 
10. 1016/j. biort ech. 2022. 127633.

https://doi.org/10.1186/s13068-016-0508-z
https://doi.org/10.1186/s13068-016-0508-z
https://doi.org/10.1007/s00253-018-8976-7
https://doi.org/10.1016/j.renene.2016.02.029
https://doi.org/10.1016/j.renene.2016.02.029
https://doi.org/10.1007/s00253-009-2246-7
https://doi.org/10.1007/s00253-009-2246-7
https://doi.org/10.1016/j.biortech.2017.09.103
https://doi.org/10.1016/j.biortech.2017.09.103
https://doi.org/10.1016/j.watres.2016.08.008
https://doi.org/10.1016/j.watres.2016.08.008
https://doi.org/10.1093/nar/gkt1058
https://doi.org/10.1016/j.biombioe.2022.106478
https://doi.org/10.1016/j.biombioe.2022.106478
https://doi.org/10.1186/s13068-015-0271-6
https://doi.org/10.1186/s13068-015-0271-6
https://doi.org/10.1371/journal.pone.0232324
https://doi.org/10.1371/journal.pone.0232324
https://doi.org/10.1186/s13068-018-1195-8
https://doi.org/10.1038/s41598-017-09303-0
https://doi.org/10.1016/j.biortech.2010.11.119
https://doi.org/10.3390/microorganisms9071457
https://doi.org/10.3390/microorganisms9071457
https://doi.org/10.1093/database/bax016
https://doi.org/10.1093/database/bax016
https://doi.org/10.1016/S1001-0742(12)60299-X
https://doi.org/10.3389/fmicb.2015.01337
https://doi.org/10.1128/AEM.02566-14
https://doi.org/10.1159/000479108
https://doi.org/10.1159/000479108
https://doi.org/10.1093/femsec/fiv163
https://doi.org/10.1093/femsec/fiv163
https://doi.org/10.1038/s41598-020-73913-4
https://doi.org/10.1038/s41598-020-73913-4
https://doi.org/10.1038/s41587-019-0209-9
https://doi.org/10.1038/s41587-019-0209-9
https://doi.org/10.1093/nar/gks1219
https://doi.org/10.1093/nar/gks1219
https://doi.org/10.1371/journal.pone.0061217
https://doi.org/10.1186/s13059-014-0550-8
https://doi.org/10.18129/B9.bioc.microbiome
https://doi.org/10.18129/B9.bioc.microbiome
https://doi.org/10.1002/elsc.201100150
https://doi.org/10.1016/j.biortech.2022.127633
https://doi.org/10.1016/j.biortech.2022.127633


Page 16 of 17Otto et al. Biotechnology for Biofuels and Bioproducts           (2024) 17:84 

 31. Pap B, Györkei Á, Boboescu IZ, Nagy IK, Bíró T, Kondorosi É, Maróti G. 
Temperature‑dependent transformation of biogas‑producing microbial 
communities points to the increased importance of hydrogenotrophic 
methanogenesis under thermophilic operation. Biores Technol. 
2015;177:375–80. https:// doi. org/ 10. 1016/j. biort ech. 2014. 11. 021.

 32. Theuerl S, Klang J, Heiermann M, de Vrieze J. Marker microbiome clusters 
are determined by operational parameters and specific key taxa com‑
binations in anaerobic digestion. Bioresour Technol. 2018;263:128–35. 
https:// doi. org/ 10. 1016/j. biort ech. 2018. 04. 111.

 33. Tufaner F, Avşar Y. Effects of co‑substrate on biogas production from cat‑
tle manure: a review. Int J Environ Sci Technol. 2016;13:2303–12. https:// 
doi. org/ 10. 1007/ s13762‑ 016‑ 1069‑1.

 34. Kainthola J, Kalamdhad AS, Goud VV. A review on enhanced biogas pro‑
duction from anaerobic digestion of lignocellulosic biomass by different 
enhancement techniques. Process Biochem. 2019;84:81–90. https:// doi. 
org/ 10. 1016/j. procb io. 2019. 05. 023.

 35. Appels L, Lauwers J, Degrève J, Helsen L, Lievens B, Willems K, et al. Anaer‑
obic digestion in global bio‑energy production: potential and research 
challenges. Renew Sustain Energy Rev. 2011;15:4295–301. https:// doi. 
org/ 10. 1016/j. rser. 2011. 07. 121.

 36. Wu X, Yao W, Zhu J, Miller C. Biogas and CH(4) productivity by co‑digest‑
ing swine manure with three crop residues as an external carbon source. 
Biores Technol. 2010;101:4042–7. https:// doi. org/ 10. 1016/j. biort ech. 2010. 
01. 052.

 37. Heyer R, Hellwig P, Maus I, Walke D, Schlüter A, Hassa J, et al. Breakdown 
of hardly degradable carbohydrates (lignocellulose) in a two‑stage 
anaerobic digestion plant is favored in the main fermenter. Water Res. 
2024;250: 121020. https:// doi. org/ 10. 1016/j. watres. 2023. 121020.

 38. Franke‑Whittle IH, Walter A, Ebner C, Insam H. Investigation into the effect 
of high concentrations of volatile fatty acids in anaerobic digestion on 
methanogenic communities. Waste Manag. 2014;34:2080–9. https:// doi. 
org/ 10. 1016/j. wasman. 2014. 07. 020.

 39. Wang Y, Zhang Y, Wang J, Meng L. Effects of volatile fatty acid concentra‑
tions on methane yield and methanogenic bacteria. Biomass Bioenerg. 
2009;33:848–53. https:// doi. org/ 10. 1016/j. biomb ioe. 2009. 01. 007.

 40. Collivignarelli MC, Bertanza G, Abbà A, Sordi M, Pedrazzani R. Synergy 
between anaerobic digestion and a post‑treatment based on thermo‑
philic aerobic membrane reactor (TAMR). Environ Prog Sustain Energy. 
2017;36:1802–9. https:// doi. org/ 10. 1002/ ep. 12677.

 41. Ajayi‑Banji A, Rahman S. A review of process parameters influence in 
solid‑state anaerobic digestion: focus on performance stability thresh‑
olds. Renew Sustain Energy Rev. 2022;167: 112756. https:// doi. org/ 10. 
1016/j. rser. 2022. 112756.

 42. Świątczak P, Cydzik‑Kwiatkowska A, Zielińska M. Treatment of the liquid 
phase of digestate from a biogas plant for water reuse. Bioresour Technol. 
2019;276:226–35. https:// doi. org/ 10. 1016/j. biort ech. 2018. 12. 077.

 43. Modenbach AA, Nokes SE. The use of high‑solids loadings in biomass 
pretreatment–a review. Biotechnol Bioeng. 2012;109:1430–42. https:// doi. 
org/ 10. 1002/ bit. 24464.

 44. Nagao N, Tajima N, Kawai M, Niwa C, Kurosawa N, Matsuyama T, et al. 
Maximum organic loading rate for the single‑stage wet anaerobic diges‑
tion of food waste. Biores Technol. 2012;118:210–8. https:// doi. org/ 10. 
1016/j. biort ech. 2012. 05. 045.

 45. Wang H, Qu Y, Li Da, Ambuchi JJ, He W, Zhou X, et al. Cascade degrada‑
tion of organic matters in brewery wastewater using a continuous stirred 
microbial electrochemical reactor and analysis of microbial communities. 
Sci Rep. 2016;6:27023. https:// doi. org/ 10. 1038/ srep2 7023.

 46. Jha P, Schmidt S. Reappraisal of chemical interference in anaerobic diges‑
tion processes. Renew Sustain Energy Rev. 2017;75:954–71. https:// doi. 
org/ 10. 1016/j. rser. 2016. 11. 076.

 47. Gabris C, Bengelsdorf FR, Dürre P. Analysis of the key enzymes of butyric 
and acetic acid fermentation in biogas reactors. Microb Biotechnol. 
2015;8:865–73. https:// doi. org/ 10. 1111/ 1751‑ 7915. 12299.

 48. Schnürer A. Biogas production: microbiology and technology. Adv 
Biochem Eng Biotechnol. 2016;156:195–234. https:// doi. org/ 10. 1007/ 10_ 
2016_5.

 49. Basak B, Patil SM, Kumar R, Ahn Y, Ha G‑S, Park Y‑K, et al. Syntrophic 
bacteria‑ and Methanosarcina‑rich acclimatized microbiota with better 
carbohydrate metabolism enhances biomethanation of fractionated 
lignocellulosic biocomponents. Bioresour Technol. 2022;360: 127602. 
https:// doi. org/ 10. 1016/j. biort ech. 2022. 127602.

 50. Parte AC, Sardà Carbasse J, Meier‑Kolthoff JP, Reimer LC, Göker M. List of 
Prokaryotic names with standing in nomenclature (LPSN) moves to the 
DSMZ. Int J Syst Evol Microbiol. 2020;70:5607–12. https:// doi. org/ 10. 1099/ 
ijsem.0. 004332.

 51. Campanaro S, Treu L, Kougias PG, de Francisci D, Valle G, Angelidaki I. 
Metagenomic analysis and functional characterization of the biogas 
microbiome using high throughput shotgun sequencing and a novel 
binning strategy. Biotechnol Biofuels. 2016;9:26. https:// doi. org/ 10. 1186/ 
s13068‑ 016‑ 0441‑1.

 52. Murillo‑Roos M, Uribe‑Lorío L, Fuentes‑Schweizer P, Vidaurre‑Barahona 
D, Brenes‑Guillén L, Jiménez I, et al. Biogas production and microbial 
communities of mesophilic and thermophilic anaerobic co‑digestion of 
animal manures and food wastes in Costa Rica. Energies. 2022;15:3252. 
https:// doi. org/ 10. 3390/ en150 93252.

 53. Kim E, Lee J, Han G, Hwang S. Comprehensive analysis of microbial 
communities in full‑scale mesophilic and thermophilic anaerobic 
digesters treating food waste‑recycling wastewater. Bioresour Technol. 
2018;259:442–50. https:// doi. org/ 10. 1016/j. biort ech. 2018. 03. 079.

 54. Jensen MB, de Jonge N, Dolriis MD, Kragelund C, Fischer CH, Eskesen MR, 
et al. Cellulolytic and xylanolytic microbial communities associated with 
lignocellulose‑rich wheat straw degradation in anaerobic digestion. Front 
Microbiol. 2021;12: 645174. https:// doi. org/ 10. 3389/ fmicb. 2021. 645174.

 55. Zhang S, Xiao M, Liang C, Chui C, Wang N, Shi J, Liu L. Multivariate 
insights into enhanced biogas production in thermophilic dry anaerobic 
co‑digestion of food waste with kitchen waste or garden waste: process 
properties, microbial communities and metagenomic analyses. Bioresour 
Technol. 2022;361: 127684. https:// doi. org/ 10. 1016/j. biort ech. 2022. 
127684.

 56. Wu Z, Nguyen D, Lam TYC, Zhuang H, Shrestha S, Raskin L, et al. Syner‑
gistic association between cytochrome bd‑encoded Proteiniphilum and 
reactive oxygen species (ROS)‑scavenging methanogens in microaero‑
bic‑anaerobic digestion of lignocellulosic biomass. Water Res. 2021;190: 
116721. https:// doi. org/ 10. 1016/j. watres. 2020. 116721.

 57. Tomazetto G, Hahnke S, Wibberg D, Pühler A, Klocke M, Schlüter A. 
Proteiniphilum saccharofermentans str. M3/6T isolated from a laboratory 
biogas reactor is versatile in polysaccharide and oligopeptide utilization 
as deduced from genome‑based metabolic reconstructions. Biotechnol 
Rep (Amst). 2018;18: e00254. https:// doi. org/ 10. 1016/j. btre. 2018. e00254.

 58. Lei Z, Zhi L, Jiang H, Chen R, Wang X, Li Y‑Y. Characterization of microbial 
evolution in high‑solids methanogenic co‑digestion of canned coffee 
processing wastewater and waste activated sludge by an anaerobic 
membrane bioreactor. J Clean Prod. 2019;232:1442–51. https:// doi. org/ 
10. 1016/j. jclep ro. 2019. 06. 045.

 59. Puchol‑Royo R, Pascual J, Ortega‑Legarreta A, Otto P, Tideman J, Vries S‑J 
de, et al. Unveiling the ecology, taxonomy and metabolic capabilities of 
MBA03, a potential key player in anaerobic digestion; 2023.

 60. Koeck DE, Pechtl A, Zverlov VV, Schwarz WH. Genomics of cellulolytic 
bacteria. Curr Opin Biotechnol. 2014;29:171–83. https:// doi. org/ 10. 1016/j. 
copbio. 2014. 07. 002.

 61. Azman S, Khadem AF, van Lier JB, Zeeman G, Plugge CM. Presence and 
role of anaerobic hydrolytic microbes in conversion of lignocellulosic bio‑
mass for biogas production. Crit Rev Environ Sci Technol. 2015;45:2523–
64. https:// doi. org/ 10. 1080/ 10643 389. 2015. 10537 27.

 62. Chen L, Liu J, Ge X, Xu W, Chen Y, Li F, et al. Simulated digestion and 
fermentation in vitro by human gut microbiota of polysaccharides from 
Helicteres angustifolia L. Int J Biol Macromol. 2019;141:1065–71. https:// 
doi. org/ 10. 1016/j. ijbio mac. 2019. 09. 073.

 63. Zhang L, Ban Q, Li J. Microbial community dynamics at high organic load‑
ing rates revealed by pyrosequencing during sugar refinery wastewater 
treatment in a UASB reactor. Front Environ Sci Eng. 2018. https:// doi. org/ 
10. 1007/ s11783‑ 018‑ 1045‑8.

 64. Cardinali‑Rezende J, Rojas‑Ojeda P, Nascimento AM, Sanz JL. Proteolytic 
bacterial dominance in a full‑scale municipal solid waste anaerobic 
reactor assessed by 454 pyrosequencing technology. Chemosphere. 
2016;146:519–25. https:// doi. org/ 10. 1016/j. chemo sphere. 2015. 12. 003.

 65. Shi Z, Zhang L, Yuan H, Li X, Chang Y, Zuo X. Oyster shells improve anaero‑
bic dark fermentation performances of food waste: Hydrogen produc‑
tion, acidification performances, and microbial community characteris‑
tics. Biores Technol. 2021;335: 125268. https:// doi. org/ 10. 1016/j. biort ech. 
2021. 125268.

https://doi.org/10.1016/j.biortech.2014.11.021
https://doi.org/10.1016/j.biortech.2018.04.111
https://doi.org/10.1007/s13762-016-1069-1
https://doi.org/10.1007/s13762-016-1069-1
https://doi.org/10.1016/j.procbio.2019.05.023
https://doi.org/10.1016/j.procbio.2019.05.023
https://doi.org/10.1016/j.rser.2011.07.121
https://doi.org/10.1016/j.rser.2011.07.121
https://doi.org/10.1016/j.biortech.2010.01.052
https://doi.org/10.1016/j.biortech.2010.01.052
https://doi.org/10.1016/j.watres.2023.121020
https://doi.org/10.1016/j.wasman.2014.07.020
https://doi.org/10.1016/j.wasman.2014.07.020
https://doi.org/10.1016/j.biombioe.2009.01.007
https://doi.org/10.1002/ep.12677
https://doi.org/10.1016/j.rser.2022.112756
https://doi.org/10.1016/j.rser.2022.112756
https://doi.org/10.1016/j.biortech.2018.12.077
https://doi.org/10.1002/bit.24464
https://doi.org/10.1002/bit.24464
https://doi.org/10.1016/j.biortech.2012.05.045
https://doi.org/10.1016/j.biortech.2012.05.045
https://doi.org/10.1038/srep27023
https://doi.org/10.1016/j.rser.2016.11.076
https://doi.org/10.1016/j.rser.2016.11.076
https://doi.org/10.1111/1751-7915.12299
https://doi.org/10.1007/10_2016_5
https://doi.org/10.1007/10_2016_5
https://doi.org/10.1016/j.biortech.2022.127602
https://doi.org/10.1099/ijsem.0.004332
https://doi.org/10.1099/ijsem.0.004332
https://doi.org/10.1186/s13068-016-0441-1
https://doi.org/10.1186/s13068-016-0441-1
https://doi.org/10.3390/en15093252
https://doi.org/10.1016/j.biortech.2018.03.079
https://doi.org/10.3389/fmicb.2021.645174
https://doi.org/10.1016/j.biortech.2022.127684
https://doi.org/10.1016/j.biortech.2022.127684
https://doi.org/10.1016/j.watres.2020.116721
https://doi.org/10.1016/j.btre.2018.e00254
https://doi.org/10.1016/j.jclepro.2019.06.045
https://doi.org/10.1016/j.jclepro.2019.06.045
https://doi.org/10.1016/j.copbio.2014.07.002
https://doi.org/10.1016/j.copbio.2014.07.002
https://doi.org/10.1080/10643389.2015.1053727
https://doi.org/10.1016/j.ijbiomac.2019.09.073
https://doi.org/10.1016/j.ijbiomac.2019.09.073
https://doi.org/10.1007/s11783-018-1045-8
https://doi.org/10.1007/s11783-018-1045-8
https://doi.org/10.1016/j.chemosphere.2015.12.003
https://doi.org/10.1016/j.biortech.2021.125268
https://doi.org/10.1016/j.biortech.2021.125268


Page 17 of 17Otto et al. Biotechnology for Biofuels and Bioproducts           (2024) 17:84  

 66. Li C, He P, Hao L, Lü F, Shao L, Zhang H. Diverse acetate‑oxidizing syn‑
trophs contributing to biogas production from food waste in full‑scale 
anaerobic digesters in China. Renewable Energy. 2022;193:240–50. 
https:// doi. org/ 10. 1016/j. renene. 2022. 04. 143.

 67. Zheng D, Wang H‑Z, Gou M, Nobu MK, Narihiro T, Hu B, et al. Identifica‑
tion of novel potential acetate‑oxidizing bacteria in thermophilic metha‑
nogenic chemostats by DNA stable isotope probing. Appl Microbiol Bio‑
technol. 2019;103:8631–45. https:// doi. org/ 10. 1007/ s00253‑ 019‑ 10078‑9.

 68. Zheng Z, Cai Y, Zhang Y, Zhao Y, Gao Y, Cui Z, et al. The effects of C/N 
(10–25) on the relationship of substrates, metabolites, and microor‑
ganisms in “inhibited steady‑state” of anaerobic digestion. Water Res. 
2021;188: 116466. https:// doi. org/ 10. 1016/j. watres. 2020. 116466.

 69. Westerholm M, Moestedt J, Schnürer A. Biogas production through 
syntrophic acetate oxidation and deliberate operating strategies for 
improved digester performance. Appl Energy. 2016;179:124–35. https:// 
doi. org/ 10. 1016/j. apene rgy. 2016. 06. 061.

 70. Khesali Aghtaei H, Püttker S, Maus I, Heyer R, Huang L, Sczyrba A, et al. 
Adaptation of a microbial community to demand‑oriented biological 
methanation. Biotechnol Biofuels Bioprod. 2022;15:125. https:// doi. org/ 
10. 1186/ s13068‑ 022‑ 02207‑w.

 71. de Vrieze J, Saunders AM, He Y, Fang J, Nielsen PH, Verstraete W, Boon N. 
Ammonia and temperature determine potential clustering in the anaero‑
bic digestion microbiome. Water Res. 2015;75:312–23. https:// doi. org/ 10. 
1016/j. watres. 2015. 02. 025.

 72. Yenigün O, Demirel B. Ammonia inhibition in anaerobic digestion: a 
review. Process Biochem. 2013;48:901–11. https:// doi. org/ 10. 1016/j. procb 
io. 2013. 04. 012.

 73. Madigou C, Lê Cao K‑A, Bureau C, Mazéas L, Déjean S, Chapleur O. 
Ecological consequences of abrupt temperature changes in anaerobic 
digesters. Chem Eng J. 2019;361:266–77. https:// doi. org/ 10. 1016/j. cej. 
2018. 12. 003.

 74. Lee J, Shin SG, Han G, Koo T, Hwang S. Bacteria and archaea communities 
in full‑scale thermophilic and mesophilic anaerobic digesters treating 
food wastewater: key process parameters and microbial indicators of 
process instability. Biores Technol. 2017;245:689–97. https:// doi. org/ 10. 
1016/j. biort ech. 2017. 09. 015.

 75. Jiang Y, McAdam E, Zhang Y, Heaven S, Banks C, Longhurst P. Ammonia 
inhibition and toxicity in anaerobic digestion: A critical review. J Water 
Process Eng. 2019;32: 100899. https:// doi. org/ 10. 1016/j. jwpe. 2019. 
100899.

 76. Yu D, Zhang J, Chulu B, Yang M, Nopens I, Wei Y. Ammonia stress 
decreased biomarker genes of acetoclastic methanogenesis and second 
peak of production rates during anaerobic digestion of swine manure. 
Biores Technol. 2020;317: 124012. https:// doi. org/ 10. 1016/j. biort ech. 2020. 
124012.

 77. Feng G, Zeng Y, Wang H‑Z, Chen Y‑T, Tang Y‑Q. Proteiniphilum and Metha‑
nothrix harundinacea became dominant acetate utilizers in a methano‑
genic reactor operated under strong ammonia stress. Front Microbiol. 
2022;13:1098814. https:// doi. org/ 10. 3389/ fmicb. 2022. 10988 14.

 78. Wang C, Liu J, Xu X, Zhu L. Response of methanogenic granules 
enhanced by magnetite to ammonia stress. Water Res. 2022;212: 118123. 
https:// doi. org/ 10. 1016/j. watres. 2022. 118123.

 79. Niu Q, Qiao W, Qiang H, Li Y‑Y. Microbial community shifts and biogas 
conversion computation during steady, inhibited and recovered stages 
of thermophilic methane fermentation on chicken manure with a wide 
variation of ammonia. Biores Technol. 2013;146:223–33. https:// doi. org/ 
10. 1016/j. biort ech. 2013. 07. 038.

 80. Kundu K, Sharma S, Sreekrishnan TR. Influence of process parameters on 
anaerobic digestion microbiome in bioenergy production: towards an 
improved understanding. Bioenerg Res. 2017;10:288–303. https:// doi. org/ 
10. 1007/ s12155‑ 016‑ 9789‑0.

 81. Xu H, Wang K, Zhang X, Gong H, Xia Y, Holmes DE. Application of in‑situ 
H2‑assisted biogas upgrading in high‑rate anaerobic wastewater treat‑
ment. Bioresour Technol. 2020;299: 122598. https:// doi. org/ 10. 1016/j. biort 
ech. 2019. 122598.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub‑
lished maps and institutional affiliations.

https://doi.org/10.1016/j.renene.2022.04.143
https://doi.org/10.1007/s00253-019-10078-9
https://doi.org/10.1016/j.watres.2020.116466
https://doi.org/10.1016/j.apenergy.2016.06.061
https://doi.org/10.1016/j.apenergy.2016.06.061
https://doi.org/10.1186/s13068-022-02207-w
https://doi.org/10.1186/s13068-022-02207-w
https://doi.org/10.1016/j.watres.2015.02.025
https://doi.org/10.1016/j.watres.2015.02.025
https://doi.org/10.1016/j.procbio.2013.04.012
https://doi.org/10.1016/j.procbio.2013.04.012
https://doi.org/10.1016/j.cej.2018.12.003
https://doi.org/10.1016/j.cej.2018.12.003
https://doi.org/10.1016/j.biortech.2017.09.015
https://doi.org/10.1016/j.biortech.2017.09.015
https://doi.org/10.1016/j.jwpe.2019.100899
https://doi.org/10.1016/j.jwpe.2019.100899
https://doi.org/10.1016/j.biortech.2020.124012
https://doi.org/10.1016/j.biortech.2020.124012
https://doi.org/10.3389/fmicb.2022.1098814
https://doi.org/10.1016/j.watres.2022.118123
https://doi.org/10.1016/j.biortech.2013.07.038
https://doi.org/10.1016/j.biortech.2013.07.038
https://doi.org/10.1007/s12155-016-9789-0
https://doi.org/10.1007/s12155-016-9789-0
https://doi.org/10.1016/j.biortech.2019.122598
https://doi.org/10.1016/j.biortech.2019.122598

	Multivariate comparison of taxonomic, chemical and operational data from 80 different full-scale anaerobic digester-related systems
	Abstract 
	Background 
	Results 
	Conclusions 

	Introduction
	Materials and methods
	Sample selection and collection
	Chemical and operational data
	DNA extraction and high-throughput sequencing
	Metataxonomic and statistical analysis

	Results and discussion
	Operational process parameters of the AD systems
	Chemical parameters of the AD systems
	Taxonomic profiling of the AD systems
	Multivariate Spearman correlation analysis
	Influence of temperature and nitrogen content on the microbiome
	Relation between microbial, operational and site-related factors
	Limitations and outlook

	Conclusions
	Acknowledgements
	References


